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Abstract 
Parenting can be joyful, but also difficult. Some parents, faced with chronic unresolvable 

stress and insufficient resources, burn out: unlike their previous excitement and passion for 

parenting, they now feel emotionally exhausted, emotionally distant from their children, and 

fed up with parenting. Parenting entails interactions within a family context—and so to 

understand parental burnout requires situating it in its context of the family. This thesis 

proposes using a network approach to examine parental burnout and the family system: 

exploring how parenting experiences (reciprocally) relate to interactions with children, the 

co-parent, and the wider environment. Moreover, parental burnout has only been investigated 

as a unitary construct, but this thesis examines the distinct roles of each of its components. 

Using both cross-sectional and temporal network analyses, we found that emotional 

exhaustion likely contributes to the development of parental burnout, and emotional distance 

to its maintenance. I discuss these findings as grounded in specific cultural parenting norms 

and call for further development of network models to adequately assess family systems. 

Résumé 
Être parent peut être un plaisir, mais aussi une source de difficultés. Certains parents, 

confrontés à un stress chronique persistant et à des ressources insuffisantes, tombent en burn-

out : contrairement à la passion qu'ils éprouvaient, ils se sentent désormais émotionnellement 

épuisés, distants de leurs enfants, et frustrés dans leur rôle de parents. Par définition, la 

parentalité implique des interactions avec un contexte familial—alors pour comprendre le 

burnout parental, il y est nécessaire de l’étudier dans son contexte. Cette thèse propose 

d'utiliser une approche en réseau pour examiner le burnout parental et le système familial : 

explorer comment les expériences parentales sont (réciproquement) liées aux interactions 

avec les enfants, l'éventuel co-parent et l'environnement familial. En outre, le burnout 

parental n'a été étudié que comme un concept unitaire, mais cette thèse examine les rôles 

distincts de chaque composante du burnout parental. Sur base de nos analyses de réseau 

transversales et temporelles, il semblerait que l'épuisement émotionnel contribue au 

développement du burnout parental, et la distance émotionnelle à son maintien. Je propose 

que ces résultats reflètent des normes parentales culturelles spécifiques, et je discute de 

l’urgence d’un développement plus approfondi des modèles en réseaux, afin d'évaluer de 

manière plus appropriée la nature complexe et dynamique des systèmes familiaux. 
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Chapter 1. 
 

Theoretical background 

Everyone acknowledges parenting as difficult, while asserting that the joys of parenting 

are worth all the associated troubles. For some parents, however, parenting it not worth it: 

these parents feel exhausted and worn down, and parenthood becomes a source of suffering 

instead of joy. In other words, they burn out as parents. How might this happen?  

Research into parental burnout directly stemmed from research into job burnout. In 

1975, Freudenberger described in a near-autoethnographic account his own experience and 

that of his colleagues working at free clinics via the term ‘burnout,’ which he characterizes as 

a syndrome of emotional depletion, loss of commitment, and a cynical attitude toward work 

that once held passion and zeal. The phrase ‘burn out’ was also previously used informally in 

workplace settings (Heinemann & Heinemann, 2017), conveying intense imagery: someone 

who burns brightly at the beginning but gives too much of themselves in the face of 

overwhelming stress, until all that remains is a charred husk. The first qualitative study 

examining individuals’ experiences of burnout (Maslach, 1976) soon followed, and shortly 

afterwards a coherent conceptualization of burnout as a multidimensional syndrome emerged, 

with accompanying quantitative measurement tools (Maslach & Jackson, 1981). This view of 

burnout includes three dimensions: emotional exhaustion (i.e., feeling “emotionally 

extended and exhausted by one’s work”), depersonalization (i.e., “unfeeling and impersonal 

response towards recipients of one’s care or service”), and low personal accomplishment (i.e., 

feeling incompetent and low achievement in one’s work; Maslach & Jackson, 1981, p. 101). 

Although some researchers argue that burnout can only apply to work contexts (Maslach 

et al., 2001; Schaufeli & Taris, 2005), others assert that burnout can arise in any sphere of life 

that offers people a sense of meaning (Pines & Aronson, 1988). Indeed, Bianchi and colleagues 

(2014) deftly argue that each dimension of burnout proposed by Maslach and Jackson (1981) 

can easily apply to other contexts. First, emotional exhaustion can occur wherever there is 

unresolvable chronic stress, which is the fundamental cause of burnout (Maslach et al., 2001). 

Second, cynicism—or in other words, detachment and withdrawal—can occur wherever an 

individual emotionally invests in a specific domain (be it work or elsewhere) only to eventually 

find this investment thwarted and frustrated: they will then defensively disinvest. In Maslach 

and Jackson’s conception, this domain takes the form of client-facing work context, and 

cynicism results in depersonalization toward clients. Third, whenever someone undertakes an 

action, they can feel incompetent and ineffective if they do not accomplish it to their standards.  
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Burnout particularly fits the context of parenting, as parenthood is a sphere of life often 

imbued with overwhelming meaning. Since early on in academic conversations about 

burnout, researchers discussed burnout not only in the context of work, but also in the context 

of parenting  (Pines & Aronson, 1988; Procaccini & Kiefaber, 1984). Indeed, Pelsma and 

colleagues (1989) directly administered the Maslach Burnout Inventory to a sample of stay-at-

home mothers, and found that both the dimensions of emotional exhaustion and of low 

personal accomplishment suited the parenting context—only the dimension of 

depersonalization did not. Further research focused directly on parents facing substantial stress 

in the realm of parenting: parents of children with illnesses or other special needs (e.g., Lindahl 

Norberg, 2007; M. J. Weiss, 2002). These studies consistently found evidence of burnout in 

parents, using either a burnout questionnaire developed to be occupation-neutral (e.g., the 

Shirom-Melamed Burnout Questionnaire focusing on physical fatigue, emotional exhaustion 

& cognitive weariness; Lundgren-Nilsson et al., 2012; Melamed et al., 1999) or adapting a job 

burnout questionnaire to focus specifically on parental burnout (e.g., M. J. Weiss, 2002). 

More recently, researchers have also investigated burnout applying to any parent, since 

parenting itself can bring overwhelming and unresolvable stress even when one’s children do 

not have special needs. Part of this chronic stress comes with the intensifying pressures parents 

increasingly face when raising their children. Parenting involves not just fulfilling the basic 

needs of children but also socializing children to acceptable standards within their culture 

(Dallos & Draper, 2015). As Masten and Palmer (2019, p. 160) put it: “stakeholders in 

childrearing, including societies, cultures, communities, children, and parents themselves, 

expect parents to execute a multifaceted set of roles with little or no training for a long period.” 

Adding on to the many responsibilities and little preparation involved in parenting comes 

incredible pressure. This is exemplified by the very same authors later stating:  

Parents will play a central role in preparing families for […] challenges and helping their 

children to navigate through and recover from the inevitable adversities of life. They need 

knowledge and support to enhance their own resilience as parents and foster resilience in their 

families because the future of children and societies depends on their success (Masten & 

Palmer, 2019, p. 179, emphasis mine). 

With this view of their children’s future livelihood resting heavily on parents’ shoulders, 

is it any wonder that parenting can engender such inescapable stress for so many? This pressure 

is exacerbated by the “rapid sociocultural change [in many cultures] from their [own] cultural 

traditions toward more individualistic and ‘modern’ family configurations” (Super & 

Harkness, 2020, p. 189), which can also translate into less family, community and institutional 

support for parents. It therefore seems likely that any parent, investing emotionally in 

parenthood, could exhaust themselves in the face of this unresolvable chronic stress resulting 

from overwhelming pressure, endless duties, and little support.  

Recently, the question of parental burnout occurring amidst the general population—

and not only among parents of children with special needs—has gained traction. This began 

with the direct adaptation and empirical investigation of the Maslach Burnout Inventory for 
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parental burnout (i.e., the Parental Burnout Inventory; Roskam et al., 2017), which involved 

replacing the term “work” in some items with “parental role,” as well as adapting the 

dimension of “depersonalization” into “emotional distance” (which is how focus groups 

described the core characteristics of depersonalization in a parental context1). This study not 

only found good psychometric properties of the adapted questionnaire, but also low 

correlations with professional burnout, depression, and parenting stress, suggesting that 

parental burnout is a distinct syndrome. Moreover, out of the 1,723 parents from a community 

sample who completed the Parental Burnout Inventory, around 2-12% (depending on 

conservativeness of the cut-off point) scored high enough that the authors consider them 

“burned out,” emphasizing that parental burnout can occur in the general population.  

The same researchers further refined quantitative assessment of parental burnout by 

designing a questionnaire via inductive methods using the testimonies of burned out parents 

(the Parental Burnout Assessment; Roskam et al., 2018). This procedure led to four main 

dimensions: emotional exhaustion and emotional distance remain, with the addition of a 

feeling of being fed up with parenting and a sense of contrast with the previous parental self. 

This questionnaire thus deviates from the Parental Burnout Inventory by removing the more 

functional aspect of “low accomplishment” and replacing it with a further emphasis on 

affective experience with “feeling fed up.” In addition, the dimension of contrast adds further 

emotional nuance (feelings of guilt and shame arising from the discrepancy between the 

previous parental self and the current one), while also emphasizing that parental burnout does 

not apply to parents who were always neglectful and distant but specifically to parents who at 

one point held passion and joy for parenting that they have since lost. This notion of contrast, 

although central to the concept of burnout, is not formally measured in the Maslach Burnout 

Inventory nor in the Parental Burnout Inventory (Roskam et al., 2018). The four-dimensional 

conceptualization of the Parental Burnout Assessment also had good psychometric properties, 

with similar results to (and close correlations with) the Parental Burnout Inventory. It has 

become the standard questionnaire in parental burnout research, not only because it stems 

directly from parents’ experiences, but particularly because it can be used at no cost to 

researchers and participants (unlike questionnaires adapted from the Maslach Burnout 

Inventory).  

The psychometric properties of the Parental Burnout Assessment have been validated in 

many countries and samples, including Poland (Szczygieł et al., 2020), Japan (Furutani et al., 

2020), Brazil (Matias et al., 2020), Lebanon (Gannagé et al., 2020), Turkey (Arikan et al., 2020), 

China (Cheng et al., 2020), Finland (Aunola et al., 2020), Iran (Mousavi et al., 2020), and 

Romania (Stănculescu et al., 2020). Analyses in all of these studies support a four-factor 

structure of parental burnout across languages and cultures. In addition, a large consortium of 

 
1 While one can “dehumanize” clients in a work context and consider them as objects, this is less suitable 
to describe the emotional reaction toward one’s own children when severely emotionally depleted 
(Roskam et al., 2017). The term “emotional distance” captures the same essence of emotional 
disengagement but applied to the parental context.   
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researchers in 42 countries have investigated the prevalence of parental burnout, finding that 

parental burnout occurs in many countries (Roskam et al., 2021). Prevalence rates, however, 

vary widely around the world: from near 8% in Poland, Belgium, Egypt and Canada to near 

1% in Thailand, China, Turkey and Vietnam, with many countries somewhere in the middle. 

Culture and norms around parenting and family thus likely play a role in parental burnout, 

perhaps in what constitutes parental stress or suffering (Bornstein, 2012). 

Regardless of the exact form of stress, researchers agree that burnout arises from 

unresolvable chronic stress, which alters physiological states and leaves biological markers 

(Melamed et al., 1999). One such biomarker is cortisol, particularly hair cortisol concentrations 

as a biological correlate for exposure to chronic stress: hair grows at a rate of 1 cm per month, 

and so examining cortisol concentration in several centimeters of hair near the scalp provides 

a robust retrospective reflection of cortisol secretion over the past several months (Stalder & 

Kirschbaum, 2012). High levels of cortisol concentration in hair have previously been 

associated with occupational burnout (Penz et al., 2018). Recently, high hair cortisol 

concentration has also been found for parents with parental burnout, even when controlling 

for occupational burnout (Brianda, Roskam, & Mikolajczak, 2020). Therefore, this strongly 

emphasizes that parental burnout is a chronic stress syndrome specific to the parenting 

domain. 

Given that parental burnout is distinct from occupational burnout, the specific context 

of parental burnout—the family environment of the parent—must play a fundamental role. 

Indeed, as Bianchi outlines, burnout can occur where there is a significant emotional 

investment (later thwarted) in a specific sphere of life, accompanied by unresolvable stress. For 

parental burnout, both the emotional investment and the unresolvable chronic stress must 

stem from the parent’s engagement and interactions with their children and family. Research 

into parental burnout therefore must also examine the family context, since parenting does 

not occur in isolation but by definition involves interactions with children. As Kerig (2019, p. 

3) puts it: “Given that the term ‘family’ inherently refers to a constellation including parents 

and children, it might be thought that all parenting theory and research concerns the family 

system.” This is because parenting processes do not only impact the children unidirectionally, 

but also impact the parent, via reciprocal processes and interactions with the children and 

environment.  

To investigate such reciprocal processes between parent and child, and to firmly anchor 

investigations of parental burnout in the family context, I turn to a family systems approach. 

Investigating the family as a system has a long history, beginning in the 1950s when researchers 

and clinicians applied dynamic systems theory—a framework to investigate phenomena, from 

physics to biology, as a system with reciprocal interactions (von Bertalanffy, 1950)—to the 

family sphere (Dallos & Draper, 2015; Granic & Hollenstein, 2015). A key aspect of a systemic 

approach involves a close focus on contexts; when applying this to families, it means that to 

understand an individual requires understanding them as part of a family system that impacts 

how they feel, think, and behave (Dallos & Draper, 2015). A system is interactive, and as such 
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does not involve linear sequences with one component directly impacting another, but instead 

cycles and spirals of feedback between many components. In other words, causality can be 

understood as circular (Dallos & Draper, 2015). This can be difficult to integrate within 

psychology (or indeed any scientific) research, which so often seeks to simplify in order to 

understand (Barabási, 2012): linear processes are easier to investigate than circular and 

multidimensional ones. However, when simplifying too much, important nuances and 

context can be erased; to ignore the family context when seeking to understand parenting 

experiences discards fundamental information.   

Since a systems-based approach involves cycles and feedback spirals—because a system 

implies multiple components that influence one another in circular patterns—it requires 

dynamic investigation that examines how a system changes over time. When applying this to 

the parenting context, consider how no parent always acts the same way, since the situations 

and contexts they find themselves in with their children change. In other words, every daily 

experience as a parent occurs via interaction with the other components of the system, 

including their children, potential co-parent, and wider environment. Consider how these 

different scenarios might impact your parenting experience on a particular day: Is your child 

sick today, or anxious because of a school test, or excited to go to a birthday party? Is your co-

parent shouldering most of the household tasks that day, or out of the country for a week? Are 

grandparents or neighbors able to care for your children that evening, are there extra expenses 

this week that make it difficult to pay for all necessities for your children, or are there physical 

dangers in the environment? All of these present different situations that will impact how a 

parent experiences their day and interacts with their children, and these situations can change 

from day to day. As Masten and Palmer say (2019, p. 157): family processes “will vary as a 

function of changing family membership and relationships, the development and health of 

individual members, the resources and experiences of the family, the supports the family can 

garner from the environment, and other circumstances that affect the whole family, such as 

economic capital.” 

This fits with the concept that although parenting styles are often viewed as stable, they 

can shift and adapt to the context and situation (Masten & Palmer, 2019). In other words, 

parenting experiences and actions builds up over time based on individual interactions with 

children—and no parent is constant in how they act, since situations and contexts are not 

constant—to form patterns, consolidating into a parenting style.  These patterns built over 

time can be thought of as distributions with an average (i.e., common experiences and actions) 

as well as variability (i.e., how varied these experiences and actions are over time; Fleeson & 

Jayawickreme, 2015). Or from another perspective, experiences and actions (occurring via 

interactions with other system components) eventually consolidate into emergent patterns that 

form grooves more easily followed in the future (Granic & Hollenstein, 2015; Kerig, 2019). 

Investigating parental burnout from a family systems perspective thus requires two things: 1) 

Investigating experiences of parental burnout along with the family environment (i.e., 

interactions with children, potential co-parent, and wider environment), and 2) doing so over 

time.  
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However, there are many challenges to studying the family as a system. Indeed, although 

it has long been accepted that families can usefully be understood as a system with reciprocal 

processes, this is rarely how family and parenting processes are investigated through research 

(Dallos & Draper, 2015). This is due to a number of factors. First, although family systems 

theory grew out of a research framework from systemic approaches, it has grown more clinical 

in nature since the 1970s and is currently implemented mainly via postmodern therapies. 

These reject notions of an objective or expert therapist, and emphasize that meaning between 

family members is constructed through their interactions and always in flux; these perspectives 

do not always mesh well with traditional research strategies prioritizing quantitative measures 

often held to be “objective” (Lebow, 2020). Following this more clinical bent to family systems 

theories, most recent developments have focused on “strengthening the evidence base 

supporting family treatments” (Kerig, 2019). This is important and relevant work, but there 

should always be a bidirectional translation process flowing between clinical applications and 

research: research into family systems theory, including optimal ways to investigate and build 

its theory, should keep pace with clinical applications.  

A second key challenge involves limitations in methods: “Research methodology is 

somewhat stretched in its ability to examine complex reciprocal patterns of interaction” 

(Lebow, 2020, p. 4). Fortuitously, many advances to methodology have come with accelerating 

computing capabilities. As Kerig puts it: “Family systems theory also promises to enjoy a new 

resurgence, with the emergence of sophisticated dynamic systems observational, 

methodological, and statistical procedures that allow for modelling the complex processes as 

transactions and reciprocal effects among family members as they interact and influence one 

another over time” (2019, p. 26). Two such sophisticated procedures recently developed permit 

the work in this dissertation.  

First, a network approach has emerged from physics research as a method to examine 

many interactions between multiple components using data-based mathematical models 

(Barabási, 2016). This has evolved to many fields, including biology and medicine (Barabási et 

al., 2011), economics and social interactions (Barabási, 2012), and—central to this 

dissertation—psychology (Borsboom, 2017; Borsboom & Cramer, 2013; Bringmann et al., 

2013). The core of this approach is to allow complexity in research, investigating many 

components and their complicated interactions, instead of continuously attempting to reduce 

research to the simplest component and investigate only that simplified part. A network 

approach to psychology, meanwhile, specifically focuses on how symptoms—or patterns of 

behavior and thoughts (Cramer et al., 2012), emotions (Lange et al., 2020) or other 

psychological phenomena (Schmittmann et al., 2013)—interact, and through their 

interactions create emergent patterns that form psychological constructs. To apply this 

approach to parental burnout, consider how parenting experiences and interactions with the 

family environment interrelate over time and, when experienced as stressful, lead to the parent 

feeling exhausted and overwhelmed.  
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The second methodological advance permitting this dissertating concerns experience 

sampling methodology, or ESM. Since reciprocal processes and interactions characterize the 

family system, any investigation into parenting experiences requires longitudinal data. This 

longitudinal data should reflect the frequency of parenting experiences: it cannot be measured 

over months but should reflect day-to-day changes in the family context and the parent’s lived 

experience. Although paper-and-pen daily diary methods have long existed, the advent and 

popularization of cell phones make such frequent methods both more robust to collect data 

(e.g., no possibility to fill in responses later on, exact timestamp of response) and more 

convenient for participants, especially over long time-frames (Palmier‐Claus et al., 2011). Such 

fine-grained data, collected day by day, allows for a micro-level investigation of how 

experiences of parental burnout fluctuate and interact with the family context. 

Thanks to these methodological advances, this dissertation is thus part of the resurgence 

of family systems research described by Kerig (2019), by focusing on family dynamics, 

experiences, and affect in relation to a particular form of family dysfunction: parental burnout. 

However, these methods, and particularly network analyses as adapted for psychology research, 

had only rarely been used to study family processes when this dissertation project began (e.g., 

Bodner et al., 2018), and to this day, few family-related studies use such network approaches 

(e.g., Veenman et al., 2022). It is thus still unknown how well network analyses will be able to 

capture the reciprocal processes and dynamic nature of parenting experiences as embedded 

within the family system.  

Another unknown concerns the distinct role of the different components of parental 

burnout. Parental burnout is a multidimensional construct, but at the start of this project, it 

had only been investigated as a unitary construct via sum scores. It can generally be useful to 

examine whether the separate components of a psychological construct have distinct roles and 

associations with other variables—in other words, if the components interact with one another 

and are not exchangeable. In such a case, useful information can be lost when investigating a 

construct only as a unitary whole and ignoring any possibility of the different features 

interacting with each other or their context in distinct ways (Schmittmann et al., 2013). 

Moreover, the different components of parental burnout might interact with the family 

context in different ways: for example, increased emotional exhaustion when faced with sibling 

spats and decreased emotional distance when a child comes to cuddle. As such, this focus on 

individual components and their distinct roles, and not just the overarching construct, is 

essential to both network analyses (Borsboom & Cramer, 2013) and family systems theory 

(Dallos & Draper, 2015). I therefore sought to investigate the possible distinct role of each 

component of parental burnout, not only in the development and maintenance of parental 

burnout, but also in relation to different aspects of the family environment.  

When I began my thesis, I expected emotional exhaustion to play a central role, as 

researchers broadly view it as the core dimension of burnout (Halbesleben & Bowler, 2007) 

and it unites different conceptualization of burnout (Demerouti et al., 2001; Maslach et al., 

2001; Pines & Aronson, 1988). In addition, multiple studies on occupational burnout 
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suggested it was the first step in the burnout process (Lee & Ashforth, 1993; Leiter, 1993; Leiter 

& Maslach, 1988), and researchers theoretically proposed it played the same role for parental 

burnout (Mikolajczak & Roskam, 2018). However, as research on parental burnout had not 

yet distinguished between the components, no further evidence on emotional exhaustion 

sparking the development parental burnout existed.  

1.1 Thesis objectives  

The focal point of this thesis holds that to understand parenting—and therefore also parental 

burnout—we must examine it within its context: the family system. Although many challenges 

hinder researching the family via a systemic approach, I incorporated intensive longitudinal 

data collections and network analysis methods to closely examine parenting experiences of 

burnout and their reciprocal interactions with the family context. These methods allowed me 

to examine how the different components of parental burnout interrelate with interactions 

with children, the potential co-parent, and the wider environment, and whether the different 

components play distinct roles. For example, is emotional exhaustion central to parental 

burnout, as it is viewed to be core to burnout generally? Moreover, network methods had not 

yet been applied to research family systems, and so I also sought how well this analytical 

approach suited the investigation of the family system.  

Thus, the main objectives of this dissertation can be summarized via two central aims:  

1. What distinct role (if any) do the different components of parental burnout play, 

either in the development or maintenance of parental burnout, or in interactions 

with the family environment? 

2. How well does a network approach suit the investigation of parenting experiences 

and the family system?  

To answer these questions, this dissertation includes both theoretical and empirical chapters, 

organized in incremental steps as follows:  

In the remainder of the General Introduction, Chapter 2 provides a deep dive into 

network methods, including vocabulary and main concepts, the theoretical background for a 

network approach to psychology, and extensions and critiques. Chapter 3 further argues why 

a network approach particularly suits investigations into parental burnout. 

In Section 2, I set the stage for a network approach to family systems. First, Chapter 4 

provides a proof of concept that parental burnout and its family context can be investigated 

via a network approach, via a cross-sectional snapshot. In this study, a large dataset (N=1551) 

of unselected parents was reanalyzed via two types of cross-sectional network analyses. 

Measures include questionnaires on parental burnout, partner conflict and estrangement, and 

maltreatment toward children, and analyses investigate the distinct associations between the 

components of parental burnout, child maltreatment, and partner conflict. Further insight—
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particularly about reciprocal interactions in the family system—required moving to 

longitudinal data collections and analyses. As no measures to examine fluctuations of parental 

burnout or the family context existed, I developed daily diary items for this purpose: Chapter 

4 details the development procedure and initial validation of these items. Next, in Chapter 5, 

I explore suitable analysis methods for conducting temporal network analyses via a scoping 

review.  

In section 3, I present three studies that examine parental burnout and its family context 

from a temporal perspective, using intensive longitudinal data (i.e., daily diaries completed 

over 8 weeks). Chapter 6 contains a temporal network analysis focusing on parents (N=50) 

from the general population, while Chapter 7 contains a temporal network analysis of parents 

in burnout (N=40). In Chapter 8, I then reanalyze both datasets, as well as data from research 

collaborators, to examine the affective dynamics of parenting: do specific temporal trajectories 

of parental affect predict parental burnout severity?   

Lastly, in the General Discussion, I discuss what the results from these varied studies 

imply for our theoretical understanding of parental burnout, and particularly what role the 

different components might play. I also discuss clinical implications for prevention and 

treatment of parental burnout. Next, I provide an in-depth evaluation of the strengths and 

flaws of using network analyses to examine family systems, and also discuss broader 

measurement and methodological considerations.





 

Chapter 2. 
 

An introduction to networks in psychology 

For decades, science has attempted to understand the world by boiling concepts 
down to their simplest components in a quest for reductionism; but, there is now a 
move to map the world's complexities via a network perspective. Clinical 
psychology has embraced this perspective as well, and researchers have started to 
conceptualize mental disorders as network systems. In this chapter, we review and 
discuss the theoretical conjectures, levels of evidence, current challenges and 
future directions, as well as the potential translational value of this new approach 
to psychopathology. 
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“I think the next [21st] century will be the century of complexity.” 

— Stephen Hawking (2000)  

2.1 Embracing complexity within psychopathology 

Over the past few decades, many scientific fields have changed the way they have sought 

to understand the world. Instead of attempting to reduce the complexities of their field into 

easy-to-understand models, they have instead embraced these complexities by mapping them 

out using networks (Barabási, 2012). This pursuit of complexity was enabled by both growing 

computational power (allowing more complex calculations on ever-larger datasets) and the 

development of network science. Network science contains key benefits that permitted its 

adoption by research fields as diverse as ecology, sociology, and epidemiology: (1) network 

science can apply to any type of system, with nodes representing the item under study (e.g., 

people, viruses, computers) and edges representing the connections between these nodes (e.g., 

correlations, temporal dependencies, probabilistic dependencies); and (2) network science 

grew out of graph theory, allowing researchers to understand and predict networks using 

mathematical rules. Psychology researchers have also recently recognized the potential that 

network science generates for understanding psychopathology (Contreras et al., 2019; for 

systematic reviews, see Robinaugh, Hoekstra, et al., 2019).  

In this chapter, we first discuss how a network approach to psychopathology emerged and 

then review relevant network vocabulary and concepts. Afterwards, we discuss the main tenets 

of a network perspective of psychopathology, as well as recent extensions of this perspective. 

We then evaluate network theory by discussing its current main challenges and future 

directions. Lastly, we consider the current and possible future clinical applications of a network 

perspective of psychopathology.  

2.2 From a latent disease model to a system approach  

The understanding of mental disorders has for decades followed the medical disease 

model, where a single entity (usually conceptualized as latent, or unobserved, such as a still-

undiscovered biological component) is assumed to be the common cause of symptom 

emergence and covariance (see Figure 1A; for a discussion, see Fried, 2015). This parallels how 

medical diseases are understood: A malignant lung tumor explains the emergence and co-

occurrence of symptoms such as chest pain and coughing blood, for example, in the same way 

that depression would supposedly explain why anhedonia, fatigue, and other symptoms co-

occur (Borsboom & Cramer, 2013; McNally, 2016).  
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Note. Panel A: A latent perspective of psychopathology assumes that there is one main variable that 
causes all psychopathology symptoms. This model assumes that symptoms are interchangeable and 
independent. Panel B: A network perspective defines psychopathology through the causal interactions 
of its symptoms, where the symptoms activate and sustain one another. S = Symptoms. Inspired from 
“Commentary: A Network Theory of Mental Disorders,” by P.J. Jones, A. Heeren. & R.J. McNally, 2017, 
Frontiers in Psychology, 8, p. 2. 

This common cause model of psychopathology contains important fallacies. First, in a 

medical model, the underlying causal disease can exist without symptoms (e.g., asymptomatic 

lung cancer). However, the idea of someone having a mental disorder without any symptoms 

is baffling, because symptoms are precisely how we define and diagnose mental disorders. 

Second, a crucial assumption of the common cause model is that all symptoms are 

interchangeable; specifically, because all symptoms arise from a common entity, they all have 

equal importance in determining a diagnosis (Fried, 2015). This assumption is not realistic for 

most mental disorders. Take depression as an example, wherein specific symptoms impact 

functioning in different ways and are differentially linked with various risk factors and 

biological correlates (Fried, 2015; Fried & Nesse, 2014; Kendler, 2005). As another example, in 

the context of social anxiety disorder where fear and avoidance of social evaluative situations 

are the two hallmark symptoms, fear and avoidance are not interchangeable (for a discussion, 

see Heeren et al., 2020; Heeren & McNally, 2016). They are, instead, functionally distinct 

processes that merit different interventions, and merely relying on a sum score from a social 

anxiety questionnaire that aggregates fear and avoidance together would occlude this 

distinction (Heeren et al., 2020). Third, another important assumption of the common cause 

model is that all symptoms are independent from one another. Because a common entity 

causes them to arise, they do not influence each other (for further discussion of this assumption 

of local independence, see Borsboom, 2008; Holland & Rosenbaum, 1986). This assumption 

is also unrealistic for psychopathological symptoms. Both concentration difficulties and 

fatigue are symptoms of depression, for example, and it is clear that fatigue can lead to 

concentration difficulties and that insomnia may cause fatigue (Fried, 2015). Likewise, in 

anxiety disorders, fear may trigger avoidance, and vice versa (Heeren et al., 2020; Hofmann & 

Hay, 2018).  

Figure 1. A latent vs. a network perspective of psychopathology 
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More generally, causal relationships between symptoms of mental disorders are 

consistently found, and these causal connections are at times even part of the diagnosis 

(Borsboom & Cramer, 2013). For instance, drawing on Mowrer’s (1960) prominent two-stage 

learning theory, most diagnostic conceptualizations of anxiety disorders assume that avoidance 

symptoms—and use of safety behaviors in situations that the person cannot overtly avoid—

directly trigger fear symptoms (e.g., Hofmann & Hay, 2018; for a discussion on the clinical 

relevance of distinguishing fear from avoidance, see also the seminal work of Rachman, 1978). 

All of these examples illustrate that a model assuming one common cause does not adequately 

explain the complexity of a mental disorder.   

An alternate way of conceptualizing mental disorders is to view them as clusters of 

symptoms that tend to co-occur and co-vary across individuals. If similar clusters of symptoms 

co-occur regularly in different individuals, these clusters likely are not random but arise 

because their symptoms share a number of different causal mechanisms—a notion known as 

mechanistic property clusters (Kendler et al., 2011). Researchers and clinicians have grouped 

symptom clusters and named them as syndromes including, for example, major depressive 

disorder, social anxiety disorder, and bipolar disorder. Nonetheless, it is still crucial to examine 

these syndromes at a symptom level, because different people with the same diagnosis often 

exhibit different specific symptoms (Fried & Nesse, 2015), and because the symptoms often 

interact and reinforce one another, potentially becoming a vicious cycle (Borsboom & Cramer, 

2013). Thus, to be able to understand how people develop and experience psychopathology, it 

is necessary to understand how symptoms influence and interact with one another. A key way 

to investigate symptom interactions involves visualizing and modeling mental disorders as 

networks of symptoms.  

2.3 A network perspective of psychopathology  

Psychology researchers have leveraged network science to build a network theory of 

psychopathology that addresses the fallacies of the latent disease model and extends our 

understanding of mental disorders. Instead of focusing on mental disorders as something 

concrete and specific, a network approach visualizes symptoms as nodes and maps out the 

associations between them. This emphasis on the interactions of symptoms shifts the focus 

from how to precisely define the boundaries of a disorder to how symptoms activate and 

sustain each other, and ultimately provides clues about how the network is self-sustaining. This 

reveals how network theory defines psychopathology—as (self-sustaining) networks of causally 

interacting symptoms (see Figure 1B). Psychology seeks to understand what causes symptoms, 

and this also is true of network theory. Network theory posits that symptoms cause (or, in other 

words, activate or inhibit) each other, through feedback loops and other interactions. To assess 

whether the interactions between nodes are in fact causal requires meeting many assumptions, 

such as including all relevant variables in the network, establishing temporal precedence, or 

investigating conditional independence (i.e., the association remaining between two nodes 

after controlling for their association with any other nodes; Epskamp & Fried, 2018). Most 
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network analyses, therefore, investigate interactions between nodes that are indicative of 

causality, requiring either experimental research designs or extensive replications with full 

adherence to assumptions to make firm conclusions regarding causality (Epskamp, van 

Borkulo, et al., 2018).  

Network models: A brief vocabulary lesson 

Before discussing how network analyses can be applied to psychopathology, we will begin 

by reviewing some of the essential vocabulary and concepts of network science (for a thorough 

coverage of network science, see Barabási, 2016). A network is a graph that, together with a 

function, assigns a real number to each connection. A network analysis, for its part, issues a 

network to visualize and understand a system; that is, it traces out the connections between the 

system components (see Figure 2).  

 

Figure 2. Example networks and their adjacency matrices 

Note. Panel A: A network that is undirected (bidirectional connections) and unweighted (edges are 
binary, either present or absent). The circles represent nodes, and the lines represent edges. Panel B: 
A network that is directed (with edges that point from one node to another) and weighted (the edges 
vary in strength between 0 and 1, and this strength is reflected in width of the edge. Panel C: The 
adjacency matrix that accompanies Figure 2A. Each value records the edge weight that connects the 
specified two nodes. All edge weights are either 0 or 1 since Figure 2A is an unweighted network. Panel 
D: The adjacency matrix that accompanies Figure 2B. The edges vary from 0 to 1, with larger values 
represented in Figure 2B with thicker lines. The adjacency matrix is not symmetrical (unlike Figure 2C) 
since if an edge points from node A to node E, it is just represented once in the adjacency matrix. The 
R code used to estimate and visualize these two networks has been made publicly available via the 
Open Science Framework and can be accessed at https://osf.io/njsf6/.  

The components (which can be any object, person, etc.) are called nodes, and the 

connections between nodes are called edges. A vast variety of systems can be conceptualized as 

a network. Examples range from a power grid (with generators as nodes and power supply 

lines as edges), to the world wide web (with webpages as nodes and their links towards one 

https://osf.io/njsf6/


28 | The temporal dynamics of parental burnout 

another as edges), to neural networks (with neurons as nodes and their connections as edges), 

to social networks (with people as nodes and their personal or professional ties as edges).  

Networks have a number of different characteristics. First, networks can be either directed 

or undirected. In an undirected network (see Figure 2A), edges represent bidirectional links, 

whereas in a directed network (see Figure 2B), the edges point from one node to another. 

Second, networks can also be weighted or unweighted. In unweighted networks (see Figure 

2A), edges are binary (i.e., either present or absent), while in weighted networks (see Figure 

2B), each edge has a specific strength or weight, which is usually reflected by the width of the 

edge (i.e., thicker edges represent stronger connections). An adjacency matrix encodes all edge 

values within a network such that each node is represented by a column and a row in the 

matrix, and the weight of each edge can be found at the intersection of the two relevant nodes 

(see Figure 2D). If the network is unweighted, the edge weights will be encoded as 1 for present 

and 0 for absent (see Figure 2C). 

A network representing a mental disorder is typically weighted, since symptoms form the 

nodes and the connections between symptoms are not known but estimated (such as through 

correlations, partial correlations, or other methods). Psychopathology networks can be based 

on either cross-sectional or time-series data. If the network is estimated using cross-sectional 

data, this data is collected at one time point, usually made up of self-report questionnaire 

responses. Cross-sectional psychopathology networks allow researchers to visualize and better 

understand how symptoms are generally related to each other, by mapping the correlations (or 

other statistical relationships) between symptoms. These networks are typically undirected, 

because cross-sectional data yields no information on how symptoms influence each other over 

time. A dominant estimation method is the Gaussian graphical model (GGM), which 

visualizes partial correlations between nodes. GGMs usually employ a regularization method 

to render the model sparse or, in other words, to only include edges that likely represent true 

connections (Epskamp, Waldorp, et al., 2018). There are a number of tutorials that explain 

how to estimate cross-sectional psychopathology networks using R code (e.g., Costantini et al., 

2015; Epskamp, Waldorp, et al., 2018; Epskamp & Fried, 2018). More advanced methods, such 

as directed acyclic graphs (DAGs) and relative importance networks, allow researchers to 

model directed networks using cross-sectional data. Although DAGs (for illustrations, see 

Heeren et al., 2020; McNally, Mair, et al., 2017) and relative importance networks (for 

illustrations, see Heeren & McNally, 2016; Robinaugh et al., 2014) have occasionally been used 

in clinical psychology, they have increasingly become popular in other fields, such as 

epidemiology and environmental sciences.  

Psychopathology networks can also be constructed from time-series data, collected, for 

example, through experience sampling methodology where participants answer short 

questions once or multiple times a day over weeks. These temporal networks are typically 

estimated using multilevel autoregressive (VAR) models (Bringmann et al., 2013, 2016), 

although there are other possibilities, such as group iterative multiple model estimation (Beltz 

& Gates, 2017) or sparse VAR models (de Vos et al., 2017). Networks estimated from temporal 
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data result in directed networks that represent how symptoms influence one another over time. 

They require many timepoints but fewer participants than cross-sectional networks. With 

sufficient timepoints, a directed network can even be estimated using the data from just one 

person, yielding a personalized (or idiographic) network (e.g., Fisher et al., 2017). 

Centrality 

Using network theory to model psychopathology allows the adoption of network tools 

and graph theory concepts to understand mental disorders. One of these network concepts is 

node centrality, which posits that some nodes in the network are more important to the 

network structure than others. Nodes are considered more central if they are especially 

connected to the rest of the network (i.e., connected to many nodes), because they can then 

influence the entire network. As an example, picture a network tracing out how people gossip. 

If someone frequently gossips with other people, they form a central node in the network. If 

they share a specific story, it will quickly spread throughout the network. On the other hand, 

if someone gossips only with one or two people, they are represented by a node with few 

connections. If this person shares a story, it will only gradually spread throughout the network 

and might even remain limited to a small part of the network. Another example involves virus 

propagation: someone who sees many people in a day (i.e., very connected to other people) 

will, if infected, spread the virus to many more people than someone who sees only one or two 

people in a day.  

A variety of centrality metrics exist, all using slightly different methods to indicate how 

connected a node is to the rest of the network (for an overview of different centrality indices, 

see Borgatti, 2005; McNally, 2016). Commonly used centrality metrics in psychopathology 

networks include strength (or degree) centrality (McNally, 2016), which computes the sum of 

absolute edge weights connecting to a node, and expected influence, which operates similarly 

while also taking into account the negative or positive valence of the edge (Robinaugh et al., 

2016). There are many other common centrality metrics, including betweenness centrality 

(how many times a node lies on the shortest path connecting two other nodes) and closeness 

centrality (the average distance from one node to all other nodes), both of these indices involve 

assumptions that are very unlikely for psychological variables (Bringmann et al., 2019).   

When interpreting node centrality through the lens of psychopathology, researchers posit 

that central symptoms are especially important to the course of the disorder, since if a central 

symptom is activated, it is more likely to activate and influence other symptoms (see Figure 3). 

This also adheres to the mathematical theory of preferential attachment, which posits that 

when new nodes are activated, they connect to central nodes first (Barabási & Albert, 1999). 

The concept that central symptoms are key to the course of a disorder is termed the centrality 

hypothesis (Borsboom & Cramer, 2013). The centrality hypothesis offers new avenues for 

research into how disorders develop and persist because it posits that central symptoms activate 

and sustain other symptoms, thus playing a key role in the etiology and maintenance of 

disorders. This also proposes central symptoms as candidates for prevention and treatment 
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efforts, since if a clinician can “turn off” or downregulate a central symptom, then other 

symptoms are less likely to be activated or sustained (McNally, 2016).  

 

Figure 3. A central node activating other nodes 

Note. Central symptoms have many connections to the rest of the network, and the mathematical theory 
of preferential attachment (Barabási & Albert, 1999) posits that when new nodes are activated, they 
connect to central nodes first. This figure provides an illustration of how this might occur. S = Symptoms. 

On an empirical level, multiple studies have investigated whether centrality indices 

actually identify symptoms that play a role in the course of a disorder. In their systematic 

review, Robinaugh, Hoekstra, and colleagues (2019) report that such studies have found that 

central symptoms are more predictive of a later diagnosis than peripheral symptoms and that 

central symptoms are highly correlated with change in the rest of the network. But Robinaugh 

and colleagues also caution that the results from these studies—which all include the same 

measures in both the baseline and the subsequent timepoint—could also be explained by a 

common cause model. In this case, nodes that are identified as central symptoms in a network 

analysis would represent more reliable indicators (i.e., they would contain less measurement 

error), which would be more predictive of future psychopathology than less reliable indicators.  

A few recent studies present evidence that cannot be accounted for by a common cause model, 

however. Elliot and colleagues (2020) found that central anorexia symptoms at baseline were 

strongly correlated with recovery status and posttreatment clinical impairment prognostic 

utility. Since clinical impairment was measured independently from the symptoms included 

in the network, this presents more robust evidence for central symptoms influencing the 

course and recovery of a disorder. Likewise, Spiller and colleagues (2020) found that in a large 

sample of PTSD patients, only expected influence (and not other centrality estimates) predicted 

the association between changes in a node and changes in the entire network (presumably 

indicating a node’s importance to the network’s activation) in two different PTSD measures. 

However, other non-centrality metrics such as mean symptom severity yielded stronger 

predictions than expected influence. Evidence regarding the causal role of central nodes 

remains therefore decidedly mixed. 

All studies presented above suggest only correlational associations between central 

symptoms and later psychopathology outcomes. As Spiller and colleagues (2020) emphasize, 
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to assume a causal role for central nodes implies that these nodes causally interact with other 

nodes over time and within individuals; investigating the centrality hypothesis mainly with 

cross-sectional between-subject networks is therefore a major limitation. To obtain robust 

evidence for the centrality hypothesis and its implications requires an experimental paradigm, 

one targeting and manipulating specific central nodes (vs. peripheral nodes) and then 

examining how the network flow changes. If the centrality hypothesis (and its implications for 

clinical treatment) are supported, then downgrading a central node through some sort of 

intervention should lead to the entire network becoming less active (and vice versa for 

upgrading a central node). Targeting a peripheral node, on the other hand, should have a much 

lesser effect on the network.  

These strong clinical predictions arising from the centrality hypothesis implicate many 

assumptions, such as whether one can even target a specific node on its own without also 

affecting other nodes (Bringmann & Eronen, 2018). There also is no universally accepted 

centrality metric, and the implications and interpretations of centrality metrics are not 

straightforward (Bringmann et al., 2019). Most centrality metrics were developed for social 

networks, which have people as nodes and their relationship, such as gossip partners as in the 

example above (or sharing an article authorship, being classmates, etc.) as edges (Bringmann 

et al., 2019). These centrality metrics therefore were developed under several assumptions that 

are problematic for psychopathology networks. One example is that the edges in social 

networks are often already known: the raw data already includes the relationships between 

people. With psychopathology networks, however, the edges are estimated, since the raw data 

does not include information on how symptoms relate to one another (Bringmann et al., 

2019). Another unlikely assumption involves nodes being exchangeable: one person that has 

X number of connections plays the same role in a gossip network as another person who has 

the same number of connections. In psychopathology networks, however, nodes could have 

the same number of connections but represent symptoms of varying severity (e.g., suicidal 

thoughts vs. fatigue), and it could be problematic to assume they have the same impact on 

network functioning (Bringmann et al., 2019). Despite these limits, methods now exist to 

estimate the stability of centrality indices (Epskamp, Waldorp, et al., 2018), but only for cross-

sectional networks and not temporal ones.  

Connectivity 

Another important network concept is connectivity, which refers to whether the overall 

network includes many connections (meaning its nodes are closely connected) or few 

connections (meaning its nodes are relatively independent and isolated). In general, if a 

network is more connected, then activation or information will spread through the network 

more quickly. Considering the previous example of a gossip network again, if most people in 

the network frequently talk to many other people, then gossip will rapidly spread throughout 

the network. If, however, the network is not strongly connected, and most people only gossip 

seldomly and with few individuals, then it will take longer for specific stories to reach everyone 

in the network. Different researchers have used different ways to measure connectivity, 
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including the number of edges (as a ratio over the number of possible edges; de Vos et al., 

2017) and the average of the absolute values of edge weights (Bringmann et al., 2016). 

Within psychopathology networks, researchers have posited that the overall network 

connectivity is linked with severity. If a network is more densely connected, then it is more 

likely to be or to become pathological (Borsboom, 2017). This relies on the assumption that in 

a more connected network, activity will spread throughout the network more quickly, and 

symptoms will activate each other more easily and influence each other more. Borsboom and 

Cramer (2013) likened a network with high connectivity to a set of dominoes lined up close 

together, such that if one domino goes down (or one node is activated), it sparks a cascade of 

dominoes falling down (or a cascade of node activation). The notion that symptom networks 

that are highly connected are likely to be more severely pathological (or more at risk for 

developing psychopathology) is termed the connectivity hypothesis.  

At the empirical level, there has thus far been mixed support for the connectivity 

hypothesis. In their systematic review, Robinaugh and colleagues (2019) identified a number 

of cross-sectional analyses that investigated connectivity through group comparisons. Different 

methods include comparing people with a mental disorder to those without (e.g., Heeren & 

McNally, 2018), comparing the baseline measures for groups whose symptoms either persisted 

or remitted (e.g., Van Borkulo et al., 2015), and investigating connectivity before and after 

treatment (e.g., Bryant et al., 2017). Robinaugh and colleagues (Robinaugh, Hoekstra, et al., 

2019) concluded that greater connectivity usually accompanies greater psychopathology 

severity (e.g., a diagnosis); but they found mixed results for the other comparisons. 

Investigating connectivity in cross-sectional networks presumes that connectivity is linked with 

severity at a group level, while it is possible this only occurs on an intra-individual level. 

Temporal networks can solve this uncertainty, since they allow investigations into intra-

individual network dynamics. A number of studies investigating connectivity in mood state 

networks have found that increased connectivity accompanied increased severity (Bringmann 

et al., 2016; Hasmi et al., 2017).  

The connectivity hypothesis rests on the assumption that increased connectivity indicates 

the presence (or likelihood) of feedback loops which sustain symptoms; but, many questions 

still remain regarding how best to examine connectivity. For example, psychopathology 

networks often include both positive and negative edges. If symptoms (or other contextual 

components) inhibit one another (as negative edges indicate), does connectivity still imply a 

self-sustaining vicious cycle? There are also many questions about how to compute connectivity 

(for discussion, see de Vos et al., 2017). For example, should researchers include only positive 

edges, or only negative edges, or both (e.g., Bringmann et al., 2016)? Should they compute 

either inter-node connections, or intra-node connectivity (i.e., autoregressive feedback loops), 

or both (e.g., Groen et al., 2019)? And, should they include only significant edges, or all edges 

(e.g., de Vos et al., 2017)? These questions are currently unanswered, and more research is 

required to determine how these considerations affect the connectivity hypothesis. In light of 

this uncertainty, researchers should follow the example of De Vos and colleagues (2017) and 
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include multiple data preprocessing and estimation choices to examine how these affect their 

results. Future research can also go even further and conduct multiverse analyses, where a 

multitude of datasets are constructed from the many alternative data processing choices and 

analyses are conducted on each dataset (Steegen et al., 2016).  

The literature on the connectivity hypothesis is still rather limited, especially regarding 

studies that investigate connectivity using temporal networks. Through this brief overview of 

that literature, it should be obvious that substantial work remains to determine how 

preprocessing and analytic choices affect results and interpretations. Nonetheless, the 

connectivity hypothesis proposes a novel approach to understand and investigate 

psychopathology severity, by focusing on how symptoms relate and interact with one another. 

Some researchers also advocate for additional investigations into connectivity that go beyond 

the connectivity-as-vulnerability hypothesis (Groen et al., 2019), such as by pursuing questions 

that arise from the complex dynamical systems theory literature (for an overview, see section 

above on Network changes: Critical transitions).  

Comorbidity 

With its focus on symptom-to-symptom connections, network theory proposes an 

intuitive understanding of comorbidity (i.e., dual or multiple diagnoses). Comorbidity has 

long interested and puzzled psychologists, especially because the rates of comorbidity are high. 

For people who have one diagnosis, around 45% meet the criteria for another diagnosis as well 

(Kessler et al., 2005). Under a disease model of psychopathology, which conceptualizes 

disorders as distinct entities with strict boundaries, attempting to understand why and how 

people have multiple disorders is a complicated endeavor. Theories of comorbidity range from 

statistical artefacts arising from the construction or measurement of disorders (i.e., large 

overlaps in symptoms for many disorders in the Diagnostic and Statistical Manual of Mental 

Disorders), to actual underlying connections between two latent disorders (such as through a 

common etiological mechanism), to the existence of a ‘p factor’ (i.e., a general factor 

predisposing people to psychopathology analogous to the general g factor for intelligence; 

Caspi & Moffitt, 2018; Cramer et al., 2010). However, investigating comorbidity by focusing 

on diagnoses, as suggested by the disease model of psychopathology, makes little sense because 

the boundaries between disorders are rather blurred (Cramer et al., 2010). 

Network theory, on the other hand, offers a straightforward explanation for how people 

develop comorbid disorders. Because network theory defines a disorder through its symptom-

to-symptom connections, comorbidity would occur through common connections that bridge 

disorders. These common connections can operate through overlapping symptoms or 

symptom-symptom connections that exist in the co-occurring disorders, but also through 

symptoms that connect them to the same process (Cramer et al., 2010). Symptoms which build 

a path from one disorder to another are also called bridge symptoms. Borsboom and Cramer 

(2013) give the example of how chronic worry (a main symptom of generalized anxiety 

disorder) can lead to sleep problems and thus fatigue, both of which are simultaneously 
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symptoms of generalized anxiety disorder and depression. Sleep problems and fatigue, in turn, 

can then lead to depressed mood, which is a main symptom of depression. This example 

demonstrates how pathways that connect symptoms of a disorder to one another can also lead 

to the activation of symptoms from a comorbid disorder; specifically, symptoms do not stop 

interacting just because they reach a theoretical diagnostic threshold. The focus of network 

theory on symptoms and their connections allows intuitive investigations into comorbidity 

that explicitly recognize the blurry boundaries separating mental disorders.  

On an empirical level, studies regularly find that symptoms of one disorder are 

differentially related to symptoms of another disorder (e.g., Bekhuis et al., 2016), supporting a 

perspective of comorbidity that focuses on symptoms rather than on syndromes. In line with 

this, studies utilizing network approaches to investigate comorbidity often focus on identifying 

symptoms that bridge two disorders. This can be done with centrality indices that specifically 

measure bridge centrality (i.e., how well-connected a node is with symptoms of another 

disorder; Jones et al., 2019). A specific example includes an investigation into the comorbidity 

of social anxiety disorder and depression (Heeren, Jones, et al., 2018). This investigation 

identified suicidal ideation, loss of interest, and anhedonia as depression symptoms closely 

connected with social anxiety disorder, while avoidance of participating in small groups and 

avoidance of attending parties were symptoms of social anxiety disorder closely connected with 

depression. Another study investigated comorbid anxiety and eating disorders (ED) and found 

that avoidance of social eating had the highest bridge centrality among ED symptoms, while 

low self-confidence had the highest bridge centrality among anxiety symptoms (Forrest et al., 

2019). Another way to investigate comorbidity with network analyses uses directed acyclic 

graphs, a Bayesian approach that generates directed networks from cross-sectional data (see 

section above on Network Models: A Brief Vocabulary Lesson). Researchers using this 

approach have identified nodes that seemingly drive activation of both disorders and have 

labeled these as probable bridge symptoms (McNally, Mair, et al., 2017).  

In all of these studies, the researchers discuss how the identified bridge symptoms could 

be ideal targets of prevention efforts that seek to prevent someone with one disorder from 

developing a comorbid disorder, or targets of treatment efforts that seek to successfully 

consider both (or multiple) comorbid disorders. To give a specific example, Levinson and 

colleagues (2018) identified difficulty with public eating and drinking as a symptom bridging 

social anxiety and eating disorders. They suggested that future clinical investigations should 

examine whether exposure therapy that specifically targets public eating and drinking 

beverages (vs. targeting other non-bridge symptoms) can decrease symptoms for both social 

anxiety and eating disorders.  

These clinical possibilities are intriguing; but extensive research is needed to establish the 

validity and effectiveness of any clinical applications that target bridge symptoms. For one 

thing, there are still relatively few network investigations into comorbidity, and no replications 

have yet been conducted to verify the results of any of the above studies in different samples. 

For another, clinical trials are required to evaluate whether targeting bridge symptoms is 
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actually effective (and/or more effective than existing interventions) in treating and preventing 

comorbid disorders. Moreover, there is not yet a concrete understanding of how exactly bridge 

symptoms might affect comorbidity (Cramer et al., 2010). For example, do specific bridge 

symptoms increase the risk of developing a comorbid disorder when compared to other (non-

bridge) symptoms? Does intervening on bridge symptoms in people with comorbid disorders 

lead to slower symptomatology for both disorders, or prevent the development of further 

comorbidity? Answering these types of questions would further clinical knowledge regarding 

comorbidity, and arriving at these answers requires experimental study designs. Nonetheless, 

the network approach, even in its current form, is useful for investigating comorbidity, as it 

allows researchers to examine how symptoms interact regardless of the boundaries of a 

diagnosis (Fried, 2015). Specific recent developments in bridge centrality metrics (e.g., Jones 

et al., 2019) also allow researchers to easily identify potential bridge nodes, which can help 

researchers piece together which symptoms seem especially relevant in connecting two (or 

more) comorbid disorders.  

Network changes: Critical transitions 

Prior to the development of network theory, there were already branches of systems 

science that conceptualized mental disorders as complex dynamic systems (e.g., Hayes & 

Strauss, 1998). Network theorists have thus adopted some of the approaches and analytic 

methods of system science to investigate psychopathology networks (for a brief overview, see 

Robinaugh, Hoekstra, et al., 2019). One specific example involves examining how and 

predicting when a complex system transitions from one state to another. This has been 

researched in climate science, ecosystems, and other fields (Scheffer et al., 2009). Investigating 

and predicting transitions between stable states can also be highly useful to psychopathology 

research, such as when viewing “healthy” functioning as one stable state that can transition 

into a state of psychopathology, or vice versa (Borsboom, 2017; Hayes et al., 2015). Complex 

systems usually provide early warning signals when they are on the brink of tipping into a new 

state. Recent research has identified one such warning signal as critical slowing down—the 

system as a whole becomes more synchronized, with its components showing high variance 

and high autocorrelations (for a more detailed explanation, see Scheffer et al., 2009). 

Psychology researchers have hypothesized that when individuals approach a tipping point 

from a healthy state to a depressed state, this transition is also preceded by a critical slowing 

down of the psychological system (van de Leemput et al., 2014).  

On an empirical level, few studies to date have investigated critical transitions in 

psychopathology. Researchers have found support for critical slowing down preceding a 

transition from a healthy state to a depressed state, in both group-level (van de Leemput et al., 

2014) and individual (Wichers et al., 2016) data. Others have identified critical slowing down 

in two specific affect variables (i.e., feeling ‘alert’ and ‘inspired’) that predicted greater changes 

in depression symptoms over time (Curtiss et al., 2019). Phase transitions can also be 

investigated within a disorder, for example to clarify the transition pathways from a depressive 
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episode to a manic episode in bipolar disorder. Nakamura and colleagues (2013) found 

evidence that critical slowing down of mood fluctuations and physical activity predicted a 

transition from depression to hypomania in one patient.  

Of the few studies that have thus far investigated critical transitions in psychopathology 

networks, most have focused on depression. Therefore, extensive further research is required 

to draw robust conclusions about whether early warning signals can reliably indicate a 

transition into (or out of) a state of psychopathology, and whether this is limited to specific 

psychopathology states (such as depression) or applies more widely to other forms of 

psychopathology. More research is also required to ensure that the indices used to investigate 

early warning signals (e.g., autocorrelation or variance) are reliable. With additional theoretical 

validation and methodological robustness, important clinical implications arise. For one thing, 

this will allow psychology researchers to better identify general early warning signs that signal 

a tipping point into psychopathology or recovery (e.g., Curtiss et al., 2019), and then 

strategically use these signs in targeted treatment approaches. Being able to detect early 

warning signals for transitions involving psychopathology states could also improve when and 

how treatment (or prevention) efforts are implemented, on both a general (van de Leemput et 

al., 2014) and an individualized level (e.g., Wichers et al., 2016).   

2.4 Extensions of network theory 

Beyond symptoms 

The original iterations of network theory mostly focused on networks comprised solely 

of psychiatric symptoms (e.g., Borsboom, 2017); but the emphasis on causal interactions 

between symptoms propelled other researchers to include any variables that had a plausible 

causal role within the system, whether formally recognized as symptoms or not (Jones et al., 

2017). To draw conclusions about causal connections, a key assumption involves including all 

relevant variables in the model (Epskamp, van Borkulo, et al., 2018), and it is likely that 

relevant variables are not limited to DSM-recognized symptoms. This has led some researchers 

to include psychological processes of mental disorders, as studied with laboratory measures in 

experimental psychopathology, as nodes in psychopathology networks. For example, Heeren 

and McNally (2016) included as nodes theory-driven cognitive and behavioral mechanisms 

(i.e., attentional bias for threat, attention control, emotional reactivity to a laboratory-induced 

stressor, behavioral avoidance) thought to be involved in the maintenance of social anxiety 

disorder. They found that the orienting component of attention as well as avoidance were 

central nodes in the network structure. As another example, Everaert and Joormann (2019) 

included nodes representing repetitive negative thinking and positive reappraisal, two emotion 

regulation strategies, in a network of depression and anxiety symptoms. They found that 

repetitive negative thinking had high bridge centrality, and so played a large role in in the 

comorbidity between depression and anxiety symptoms. In today’s literature, the use of 

network analysis to examine the “bridges” between psychopathology symptoms and 



Chapter 2: An introduction to networks in psychology | 37 

psychological processes thought to be involved in psychopathology has become one of the 

most fruitful research agendas, given that it generates an especially strong enthusiasm by the 

community of clinical psychological researchers (e.g., Heeren et al., 2020; Kraft et al., 2019; N. 

H. Weiss et al., 2020). 

Allowing networks to include more than just symptoms also paves the way for networks 

that go beyond symptoms, and researchers have started to investigate how features of different 

transdiagnostic phenomena thought to be involved in psychopathology interact together. For 

instance, Bernstein and colleagues (2017) relied on a network approach to investigate how 

features of executive control interact with features of rumination. Likewise, Greene and 

colleagues (2020) recently examined the interplay between features of maladaptive 

daydreaming and emotion regulation strategies. Furthermore, others have even started to 

embrace a network perspective to examine how the constitutive components of a given 

transdiagnostic phenomenon interact together. For instance, Bernstein and colleagues (2019) 

proposed reexamining trait rumination—a core transdiagnostic process thought to be involved 

in the etiology and maintenance of several mental disorders—as a network system of 

interacting components (i.e., nodes). In the same vein, Heeren and colleagues (2018) offered a 

network approach to trait anxiety—a key transdiagnostic mechanism of anxiety and related 

disorders.   

Other psychological phenomena 

A network approach has not been limited to psychopathology; indeed, it has also been 

applied more broadly to a variety of psychological phenomena. Adopting a network approach 

encourages novel theoretical conceptualizations that focus on component-level interactions, as 

well as new statistical tools and visualizations. To go into detail about how a network approach 

can bring new theoretical understanding to a field of study, we will focus on personality 

research (Cramer et al., 2012). A traditional latent view of personality posits that personality 

dimensions are latent constructs which cause the items they measure; for example, being 

extraverted causes a person to like attending parties. A network perspective instead posits that 

the way people act and feel influences the way they think about themselves, and some of these 

behaviors and feelings naturally cluster together (such as “feeling comfortable starting 

conversations” and “liking parties”). When modelling these various personality components 

in a network, the network architecture then reveals clusters that can be interpreted as 

personality dimensions. Previous theorists have critiqued the latent model of personality as 

incompatible with the way specific personality components dynamically interact with their 

environments. A network approach offers an alternative theory of personality (with 

accompanying methodological and analytical techniques), where personality dimensions 

consist of the gradually consolidated and subsequently maintained interactions between the 

way people act, think, and feel within specific environments.  

Researchers have similarly applied network analysis to intelligence, using it to unite 

models of cognition and intelligence by positing that the cognitive system develops mutually 
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with different facets of intelligence (Van Der Maas et al., 2017). Network science has also been 

used to formalize a theory of attitudes, tying together the interactions between beliefs, feelings, 

and behaviors in a way that promotes testable predictions (Dalege et al., 2016). Network 

analyses have even been proposed as a useful tool for explaining functional disorders (e.g., 

fibromyalgia, chronic fatigue) because a focus on symptom interactions makes sense given the 

lack of unique pathophysiology and large individual differences in symptom patterns (Hyland, 

2019). In addition, using network analysis to conceptualize functional disorders allows 

intuitive metaphors that patients appreciate, such as viewing functional disorders as 

“programming errors” that arise from a complex biological and behavioral system (Hyland, 

2019).  

In general, a network approach to psychological concepts discards a common cause 

explanation and instead proposes that psychological phenomena arise from an interactive 

system of components. As such, a network approach always prioritizes investigations at the 

component-level instead of focusing on the phenomenon as a whole (Bringmann & Eronen, 

2018), which can be useful to reconceptualize research and theory for a variety of psychological 

fields of study.  

Extending inwards to biology and outwards to social context   

When considering disorders as causally interacting networks, it is clear that symptoms 

and psychological phenomena do not interact in isolation but always within a context 

(Borsboom & Cramer, 2013). This context is first and foremost located within a biological 

system, our human bodies. When someone feels lethargic, or cries, or feels anxious, a whole 

host of biologically based components are at play, from hormones to neurotransmitters to 

protein chains to genes. Extensive research has concluded that a singular biological component 

is never solely responsible for how a person experiences feelings, emotions, or behaviors 

(Kendler, 2005). This is also true on a broader level. Even phenomena that are thought as purely 

biological—such as diseases—are typically much more complicated than a single genetic 

abnormality (Barabási et al., 2011). Indeed, medical research has embraced network science, 

because it allows investigating diseases as complex intracellular networks that interact with 

other (internal and environmental) systems (Barabási et al., 2011). This has prompted 

Guloksuz and colleagues (2017) to argue that the strict dichotomy between medical diseases 

and mental disorders, which motivated the adoption of a network approach to 

psychopathology, should be relaxed.  They propose that the main difference between medical 

diseases and mental disorders is that researchers have identified more of the biological 

components involved in disease networks, while psychopathology networks still remain 

mostly at the level of behavioral and affective signs and symptoms (Guloksuz et al., 2017).  

These psychological symptoms are also located within an external environment. Humans 

are embedded within a social context and interpret their experiences through that social 

context. The most immediate social context is an individual’s family, and family systems theory 

asserts that an individual’s behaviors and feelings, as well as any psychological symptoms, are 
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always in conversation with an interpersonal context (Bavelas & Segal, 1982). Indeed, humans 

do not exist in isolation but are constantly acting and reacting to their environment—not only 

immediate environments such as the family, workplace, or school, but also broader 

environments such as the neighborhood, media, and social services, and macro-level contexts 

such as culture (Bronfenbrenner, 1979). Bronfenbrenner’s varied ecological contexts have even 

been recently theorized as overlapping and interconnected networks, where various social 

interactions in different contexts together shape an individual’s development and expression 

(Neal & Neal, 2013), including the way they express psychopathology symptoms.  

Oude Maatman (2020) discusses in depth how specific network connections can vary 

according to the cultural and historical context within which they are embedded. As an 

example, he considers the connection between loss of honor and suicidal ideation. In WWII-

era Japan, a loss of honor was a reason to consider committing suicide, as suicide was the only 

way to regain honor. For a devout Catholic, however, the connection is traditionally the 

opposite, with suicide representing a gateway to hell and something to avoid at any cost. In 

both cases, the cultural context can determine what connections are made between mental 

states. These connections could be automatic (formed through neural plasticity) or cognitive 

(such as if thinking about loss of honor naturally leads to thinking about suicide). In either 

case, this example demonstrates that culture can structure how mental states are causally 

connected within individuals. As such, researchers should consider including cultural contexts 

as factors in network analyses when relevant to the network in question.  

Symptoms—and, more broadly, any psychological processes—are inextricable from their 

contexts, from the biological level up to the cultural level. This supports extending 

psychopathology networks to include the contexts of disorders. A few network studies have 

already begun to combine psychological networks with contextual components. For example, 

a network analysis of positive and negative affect in bipolar disorder included actigraphy 

measures of physical activity (Curtiss et al., 2019), while another study investigated the 

connections between affective states, genetic vulnerability to psychopathology, and childhood 

trauma (Hasmi et al., 2017). One network study investigated how psychotic experiences and 

momentary affect interacted with minor daily stress and being alone (Klippel et al., 2018), 

while another study examined how social media use co-varied with depressive symptoms 

(Aalbers et al., 2019). A third study examined how COVID-19-related worries and beliefs in the 

exaggeration of its threat interacted with avoidance and coping behaviors (Taylor et al., 2020), 

and another investigated how parental burnout interacted with family-related variables 

(Blanchard et al., 2021; for a discussion, see Blanchard & Heeren, 2020). These examples 

highlight how the larger, ongoing efforts of the field to incorporate contextual variables and 

investigate how symptoms vary in relation to their inner and outer environments fulfill an 

especially valuable and useful niche in clinical psychology. The future possibilities of 

contextual networks expand even further. Guloksuz and colleagues (2017) propose the concept 

of layers of networks, with each layer situated at a different level of analysis. For example, a 

layer of biological components would be embedded within a layer of signs and symptoms, 

embedded within a layer of social interactions and environmental factors, embedded within a 
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layer of cultural and historical context (see Figure 4). While nesting network analyses within 

different layers is not (yet) computationally possible (although multiplex networks are getting 

close; Shang, 2015), Borsboom and Cramer (2013) foresee the simultaneous analysis of social, 

symptom, and physiological networks as both a major challenge and a potential key merit of 

network models. We hope that with future improvements of network methodology and 

computational tools, layering networks to discover the connections between components at 

many different levels will be possible.  

 

Figure 4. Example of a layered network 

Note. A series of nested networks, with a biological layer embedded within a psychological layer, 
embedded within a social and environmental layer, embedded with a layer or cultural and historical 
context. Inspired from “Application of network methods for understanding mental disorders: Pitfalls and 
promise,” by S. Guloksuz, L.K. Pries, & J. Van Os, 2017, Psychological Medicine, 74(16), p. 3.  

2.5 Evaluating network theory  

Ongoing challenges and future directions 

As we have covered already in different sections (see sections above on Centrality, 

Connectivity, and Comorbidity), network theory still lacks validation for its main tenets 

(Wichers et al., 2017). The network approach to psychopathology is in many ways still in its 

infancy. Although network theory comes with many tools stemming from graph theory (such 

as centrality indices) and systems science (such as early warning signals for phase transitions), 

these tools still need to be adapted and validated for use with psychopathology networks. 

Substantial work is also needed to improve the methodological robustness of network theory. 

There currently exists considerable variation in terms of data (pre)processing, handling of 

model assumption violations, model estimation techniques, and so on, all of which can affect 
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results (Bulteel et al., 2016; de Vos et al., 2017). We currently know little about the 

reproducibility of network analysis results; indeed, there are very few studies that cross-validate 

their results by splitting their sample, and even fewer exact replications using different samples, 

despite the recent exponential growth in (cross-sectional) network studies (Guloksuz et al., 

2017). There are a few examples of efforts to evaluate the replicability of network analyses, 

particularly focusing on PTSD network analyses: a systematic review and a meta-analysis 

concluded that the results were relatively replicable (despite large study heterogeneity), but 

that centrality estimates might not be that informative for the relevant networks (Birkeland et 

al., 2020; Isvoranu et al., 2021). Such evaluations of the replicability are needed for other 

domains within psychopathology network analyses, to allow a more comprehensive view of 

the field. Another critical challenge concerns the uncertainty regarding how to estimate 

adequate sample sizes for network analyses. For cross-sectional networks, post-hoc power 

estimations exist (Epskamp, Waldorp, et al., 2018), and rules of thumb for sample sizes can be 

borrowed from structural equation modeling (e.g., minimum 10 participants per parameter; 

Schreiber et al., 2006). Estimating power a priori to plan an adequate sample size is much more 

complicated and currently requires simulations based on a similar network model, which is 

rarely available (Epskamp & Fried, 2018). For temporal networks, even less is known about 

the optimal sample size and number of timepoints.  

Another important consideration concerns whether the network approach should be 

empirically-driven or theory-driven, or both. Most network analyses currently work to uncover 

patterns in data, and are thus exploratory and empirically-driven; this is to be expected, 

considering the recency of network analyses to psychopathology (Robinaugh, Hoekstra, et al., 

2019). A number of researchers recommend moving toward confirmatory network analyses 

relying on formal theories, potentially using computational models of specific disorders (for 

further information, see Haslbeck et al., 2022; for an illustration with panic disorder, see 

Robinaugh, Haslbeck, et al., 2019).  

What network theory brings now 

Even in its current form, however, the network perspective of psychopathology is useful. 

It offers a new model to understand mental disorders, with a focus on the components and 

their interactions instead of on one unitary syndrome. The different hypotheses stemming 

from a network perspective of psychopathology (e.g., the centrality hypothesis and the 

connectivity hypothesis) require further validation, in addition to the general methodological 

improvements still needed to ensure the robustness of network analyses. However, although 

the network perspective can be viewed as a realist model of how psychopathology truly 

functions (which is what its theoretical founders adopt; Kalis & Borsboom, 2020), it can also 

be viewed as a tool we can leverage to better understand psychopathology (van Loo & Romeijn, 

2019). Following this instrumentalist interpretation, which views models as instruments to 

investigate the world instead of assuming they strictly represent the world, researchers can use 
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a network perspective to better understand and predict psychopathology, without necessarily 

“committing to the idea that [it] provide[s] a picture of the world” (van Loo & Romeijn, 2019).  

According to this instrumentalist interpretation, network models should then be used 

whenever they are especially suited to a research goal. For example, network models allow 

intuitive visualizations of how multiple symptoms interact with each other and with other 

components. Relatedly, network analyses can be used as a data-driven tool to investigate 

patterns in how symptoms cluster together and co-vary. Guloksuz and colleagues (2017) 

suggest investigating how symptoms hang together when ignoring DSM-based category 

diagnoses, such as by performing network analyses on broad transdiagnostic or early 

vulnerability data. Network models also provide intuitive ways to conceptualize and 

investigate comorbidity, by focusing on bridge symptoms instead of diagnostic categories 

(Cramer et al., 2010). Finally, with a focus on symptoms and components, network theory 

privileges investigating processes of change. Indeed, when researchers investigate many 

variables with dense time series data that allows bidirectional associations, as with temporal 

networks, they can investigate how symptoms change over time (Hofmann et al., 2020). 

Wichers and colleagues (2017) suggest that this is where the promise of a network perspective 

of psychopathology truly lies—in moving toward a dynamic view of psychopathology. Indeed, 

a network perspective encourages dynamic questions: Why do specific groups of people 

develop psychopathology? How and when do they develop or recover from psychopathology? 

Trying to answer these questions is essential not only for improving our understanding of 

psychopathology, but also for treating it.  

2.6 Current and future clinical applications of the network 
perspective 

Even in its current formulation—still requiring theoretical validation and 

methodological advances—the network perspective of psychopathology already can inform 

clinical practice, by providing new ways to think about mental disorders. The focus on 

symptom interactions is generally more useful than focusing only on disorder categories, since 

there is often large variation of symptomatology within a diagnosis (Fried & Nesse, 2014). 

Many clinicians already focus on symptoms and not diagnoses when deciding on treatment 

options (Waszczuk et al., 2017), and the network perspective encourages research to follow this 

path. Research that adopts a network perspective can also yield new information on general 

group-level mechanisms of psychopathology, which can inform clinical treatment. It is 

important to note, however, that although theoretical development often requires the use of a 

group-level approach, these group results may not generalize to network systems as they occur 

within an individual, and it is these individualized networks that allow personalized clinical 

recommendations for a specific client (Fisher et al., 2018).  

As a result, ongoing computational efforts further the growing possibilities of 

personalized network models. These models allow individualized insight into one person’s 
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symptom dynamics, by using intensive time series data from an individual participant to build 

an idiographic temporal network (for an illustration, see Fisher et al., 2017). This can allow the 

clinician, but also the patient, to have a personalized visual window into how their symptoms 

interact and feed off one another (Epskamp, van Borkulo, et al., 2018). Personalized networks 

could also provide a more fine-grained approach to best identify targets for meaningful 

prevention and intervention (Fisher et al., 2017). With sufficient additional research, clinicians 

could even use insight from phase transitions and early warning signals (see section above on 

Network changes: Critical transitions) to predict when a patient is about to enter a disordered 

state or return to a healthy one. This can allow more efficient and targeted treatment for 

specific individuals, while also improving general understanding about risk and resilience 

requisite for fine-grained clinical recommendations for a specific client. 

If the network perspective and its related hypotheses (see sections above on Centrality and 

Connectivity) were validated, then network interventions would become a possibility. The 

centrality and connectivity hypotheses both posit that to modify a network, turning a central 

node off (or on) can affect the entire network system. This opens up possibilities for very 

targeted interventions on a few isolated symptoms that could have large impacts. This also 

applies to comorbid disorders, where targeting bridge symptoms could have therapeutic effects 

for both/all comorbid disorders. Network interventions are the most speculative clinical 

application of network theory, but their specific targeting also offers an innovative way to think 

about and plan treatment.  

We hope that future clinical developments dovetailing with the network perspective of 

psychopathology will follow the research branch in openly sharing data, code, methodology, 

and tutorials that currently characterize this field (for an example of an open textbook, see 

Barabási, 2016; for examples of tutorials, see Costantini et al., 2015; Epskamp & Fried, 2018; 

for examples of empirical studies sharing code and data, see Aalbers et al., 2019; McNally, Mair, 

et al., 2017). For clinical applications, open materials could include open-source phone 

applications for patients and software to automatically summarize and visualize data. This 

would allow clinicians to easily and inexpensively incorporate network applications within 

their practice, generating treatment-related insights for both them and their patients. 

Incorporating a network approach within clinical work meshes with the main goals of network 

theory: attempting to understand psychopathology in all of its complexities and iterations.  

2.7 Conclusion 

We demonstrated how a network perspective of psychopathology acknowledges the 

complexity of mental disorders by viewing them as self-sustaining systems of symptoms. A 

network approach to psychopathology still requires substantial development, including 

theoretical validation and more sophisticated statistical analyses. Nonetheless, a network 

perspective offers not only new theoretical avenues for research on psychopathology but also 
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crucial translational opportunities for adapting a network perspective to inform clinical 

practice.  



 

Chapter 3. 
 

Why a network approach to parental burnout?  

Network science has allowed varied scientific fields to investigate and visualize 
complex relations between many variables, and psychology research has begun to 
adopt a network perspective. In this paper, we consider how leaving behind 
reductionist approaches and instead embracing a network perspective can advance 
the field of parental burnout. A network approach allows simultaneous 
investigations (and clear visualizations) of many variables and their interactions, 
integrates smoothly with prior family systems theories, and prioritizes dynamic 
research questions.  

 
   
  
   
  
  
Note: the original version of this article was written early on in my thesis project and contains 
substantial overlap with the previous chapter on a network approach to psychology. As such, this is 
a summarized version containing the key aspects relevant to the next chapters. For readers interested 
in the complete version, they can find further details in the reference below. 
 
 
 
Adapted from: 
 
Blanchard, M. A., & Heeren, A. (2020). Why we should move from reductionism and embrace 
a network approach to parental burnout. New directions for child and adolescent development, 
2020(174), 159-168. https://doi.org/10.1002/cad.20377  

https://doi.org/10.1002/cad.20377
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For decades, science has attempted to understand the world by boiling concepts down to 

their simplest components, such as searching for a singular biological element or 

straightforward model to account for complex psychological processes (Barabási, 2012, 2016). 

Yet, this quest for reductionism has fallen short. Scientists from different fields have repeatedly 

discovered that complex systems work together to generate ecological, social, human, and 

biological processes, and that singular components or simple models cannot adequately 

explain these complex systems. There is now a move to map the world's complexities using a 

network approach, visualizing any system as a network to allow scientists to understand how 

a system's many components interact. This network takeover has only become possible in the 

last few decades, with growing computational power, and many fields have adopted this 

network science to map their systems of interest. Recently, psychology research has begun to 

embrace this network perspective as well, particularly to investigate psychopathology 

(Borsboom, 2017) but also other constructs, from personality (Cramer et al., 2012) to emotions 

(Lange et al., 2020).  

However, this approach has only rarely been used to investigate families. From our 

understanding, only study before this dissertation used this network analyses, specifically to 

model affect over time between mother, father, and adolescent during a recorded interaction 

(Bodner et al., 2018). This paucity is surprising, because family systems theory—derived from 

general systems theory (von Bertalanffy, 1950)—specifically conceptualized the family as a 

network of interacting components. Indeed, the commonly termed “systemic” approach (e.g., 

Jackson, 1965; Minuchin, 1974; for an overview, see Dallos & Draper, 2015) has theoretically 

prevailed for years in family research and therapy. This approach holds that understanding an 

individual’s cognitions and behaviors requires also understanding the individual as embedded 

within a context and examine how that individual affects and responds to others in their family 

system (e.g., Bavelas & Segal, 1982; Watzlawick et al., 1967).  

This approach grew out of general systems theory, formulated to apply widely across 

scientific domains—from physics to biology, and from sociology to psychology (von 

Bertalanffy, 1950). Early conceptualizations of families as systems (particularly in the 1950s) 

hewed close to how systems worked in other fields: mechanistic, with an assumption that if all 

interaction patterns could be identified and mapped out, then the family network would be 

wholly understood (Dallos & Draper, 2015). As the field of family systems developed over the 

next decades, particularly in clinical practice, the way of understanding families as systems 

shifted, with increasing focus placed on how meaning and identities are built and exchanged 

and ever-changing in family systems (Dallos & Draper, 2015). With this shift to more 

qualitative understandings of the family as a system came increasing importance placed on the 

broad context surrounding and shaping the family, particularly cultural and gender norms. 

Although viewing family processes as a dynamic system has remained popular through shifting 

lenses in both psychological theory and therapy (Bavelas & Segal, 1982; Sydow et al., 2013; 

Watzlawick et al., 1967), the ability to perform analogous statistical analyses remained limited. 

However, with the recent intense development in network science, there now exists both the 
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computational capability and the mathematical tools to study the family as an actual dynamic 

network system. 

Parental burnout is a prime candidate to represent and investigate using a network 

approach, as parental burnout is inextricable from its family system. Parental burnout involves 

emotional exhaustion, emotional distance from one’s children, feeling fed up as a parent, and 

a sense of contrast with the previous ideal parental self (Roskam et al., 2018). It occurs when 

parents chronically lack the parenting resources needed to cope with their specific parenting-

related stressors (Mikolajczak & Roskam, 2018). What resources parents can access vary: from 

adequate financial resources to emotional resources, including social support, a cooperative co-

parent, and sufficient leisure time (Mikolajczak, Raes, et al., 2018). Parenting stressors can 

include anything from having multiple very young children, striving to be a perfect parent, or 

living with family disorganization (Mikolajczak, Raes, et al., 2018). The particularities of each 

family and each parent combine to form their specific parenting risks and resources (which 

can vary culturally; Mikolajczak & Roskam, 2018), and so by its very nature, parental burnout 

cannot be separated from its specific family context.  

On a conceptual level, a network approach to parental burnout prioritizes the view that 

parental burnout emerges through the interactions of its constitutive elements (Schmittmann 

et al., 2013). This view dovetails with the leading theoretical framework explaining parental 

burnout, which specifically emphasizes that a variety of family-specific factors (categorized as 

either “risks” or “resources,” as mentioned above) combine over time and eventually result in 

a full-blown episode of parental burnout (Mikolajczak & Roskam, 2018). Therefore, a network 

model suits this theoretical framework of parental burnout exceptionally well, since network 

theory similarly posits that parental burnout arises through the interactions of its constitutive 

components (e.g., symptoms, family context, and external support). Moreover, most current 

research assesses parental burnout as a unified latent construct, which loses valuable 

information by collapsing the different features of parental burnout into one and ignoring any 

possibility that these distinct features could interact with the family system in different ways. 

Interestingly, practitioners know from experience that the different components of parental 

burnout interact with one another (e.g., the frequency of experiencing emotional exhaustion 

may increase the frequency of emotional distance, and vice versa; the frequency of feeling 

inefficient as a parent may foster emotional distance, and vice versa). 

In conclusion, a network approach to parental burnout focuses on the features of parental 

burnout as embedded within a specific family system and encourages dynamic investigations 

using intensive time-series data. Reducing parental burnout to one isolated syndrome—as 

done by most current analyses—does not fit the theoretical framework of parental burnout, 

largely ignores the specific family system, and neglects how parental burnout features interact 

with contextual family factors. We therefore urge researchers to adopt a network approach to 

parental burnout, particularly when their research question involves the family context or the 

specific influences of the different features of parental burnout. We believe that this perspective 
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can lead to more nuanced insight regarding how parental burnout affects the entire family, 

with all its contextual specificities. 



 

Section 2. 

 
Proof of concept & delving 

into methods  
 

 

 





 

Chapter 4. 
 

Proof of concept: A cross-sectional network 
approach to parental burnout 

Background: The use of network analyses in psychology has increasingly gained 
traction in the last few years. A network perspective views psychological constructs 
as dynamic systems of interacting elements.  
Objective: We present the first study to apply network analyses to examine how the 
hallmark features of parental burnout — i.e., exhaustion related to the parental 
role, emotional distancing from children, and a sense of ineffectiveness in the 
parental role — interact with one another and with maladaptive behaviors related 
to the partner and the child(ren), when these variables are conceptualized as a 
network system.  
Participants and setting: In a preregistered fashion, we reanalyzed the data from 
a French-speaking sample (N = 1551; previously published in Mikolajczak, Brianda, 
Avalosse, & Roskam, 2018), focusing on seven specific variables: the three hallmark 
parental burnout features, partner conflict, partner estrangement, neglectful 
behavior toward children, and violent behavior toward children.  
Methods: We computed two types of network models, a graphical Gaussian model 
to examine network structure, potential communities, and influential nodes, and a 
directed acyclic graph to examine the probabilistic dependencies among the 
different variables.  
Results: Both network models pointed to emotional distance as an especially potent 
mechanism in activating all other nodes.  
Conclusions: These results suggest emotional distance as critical to the 
maintenance of the parental burnout network and a prime candidate for future 
interventions, while affirming that network analysis can successfully expose the 
structure and relationship of variables related to parental burnout and its 
consequences related to the partner and the child(ren). 
 
Reference 
 
Blanchard, M. A., Roskam, I., Mikolajczak, M., & Heeren, A. (2021). A network approach to 
parental burnout. Child Abuse & Neglect, 111, 104826. 
https://doi.org/10.1016/j.chiabu.2020.104826  

https://doi.org/10.1016/j.chiabu.2020.104826
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4.1 Introduction 

A growing number of fields, including ecology, biology, and physics, have within the last 

decade embraced a network perspective, in line with both a growing interest and an increasing 

computational capability to model the complexity of systems (Barabási, 2012). Psychology 

subfields, including personality (e.g., Cramer et al., 2012) and psychopathology research (for 

systematic reviews, see Contreras et al., 2019; Robinaugh, Hoekstra, et al., 2019), have also 

recently embraced a network perspective, viewing psychological constructs as dynamic systems 

of interacting elements. Instead of investigating a construct as if it were a unitary phenomenon 

measured by multiple variables, a network approach examines and visualizes how the variables 

themselves interact with one another (for a detailed and accessible introduction to network 

analysis, readers can refer to the reviews by Borsboom, 2017; Borsboom & Cramer, 2013; 

Contreras et al., 2019; McNally, 2016; Robinaugh, Hoekstra, et al., 2019). 

Exploring the structure and topology of a network of psychological variables can thus 

grant insight into the organization and mechanisms of psychological constructs. For example, 

nodes that are central to a network (and so especially connected to other nodes) work to 

maintain the network system, since once activated they can quickly spread that activation 

(Borgatti, 2005; Costantini et al., 2015). Within network perspectives of psychopathology, 

central nodes have been theoretically (Borsboom & Cramer, 2013) and empirically (Elliott et 

al., 2020; Papini et al., 2020) linked with the prognosis of a disorder. Assessing network 

structure also allows researchers to investigate whether nodes cluster together into 

communities and whether specific nodes act as bridges to connect these potential communities 

(Jones et al., 2019). For psychopathology networks, understanding community structures and 

identifying potential bridge nodes is useful when examining comorbidity, but also more 

broadly to understand how specific symptoms might be crucial to the network system 

(McNally, 2016). Bringing a network perspective to psychology research thus allows 

researchers to identify key variables that work to galvanize other variables or that connect 

multiple constructs.  

A psychological phenomenon that is optimal for a network perspective is parental 

burnout. Parental burnout occurs when parents chronically lack the parenting resources 

needed to cope with their specific parenting-related stressors and involves three hallmark 

features, namely: 1) an overwhelming exhaustion related to the parental role, 2) an emotional 

distancing from one’s children, and 3) a sense of ineffectiveness and loss of accomplishment 

in the parental role (Mikolajczak & Roskam, 2018; Roskam et al., 2017). Although 

epidemiological studies have not yet been published, recent assessments estimate that 5% of 

parents experience at least two of these three hallmark features daily (Roskam et al., 2018). 

However, although the concept of parents experiencing burnout has previously been 

investigated with parents of ill children (e.g., Lindström et al., 2011), it has only recently been 

examined in general populations of parents (Mikolajczak et al., 2020; Roskam et al., 2017). 

Still, the notion of parental burnout has gained traction (e.g., Cheng et al., 2020; Sorkkila & 

Aunola, 2020) and increasingly widespread recognition (e.g., Griffith, 2022).  
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Parental burnout presents itself as a prime candidate for a network analysis for two 

important reasons (Blanchard & Heeren, 2020). First, uncertainty persists regarding how the 

three hallmark features of parental burnout interact together. Indeed, in most of the previous 

parental burnout studies that have been published so far, researchers have tallied items of the 

three features to achieve a sum-score as an index of parental burnout (Blanchard & Heeren, 

2020). This is unfortunate as one may easily envision how these features might interact with 

one another (e.g., a sense of ineffectiveness and loss of accomplishment in one’s parental role 

may foster emotional distancing from one’s children, and vice versa; an overwhelming 

exhaustion related to one’s parental role may cultivate a sense of ineffectiveness and loss of 

accomplishment in one’s parental role, and vice versa). A critical step would thus be to elucidate 

the functional relations among these features.  

 Second, parental burnout can easily be conceptualized as a dynamic system of interacting 

variables, with the three hallmark features of parental burnout impacting the entire family 

system (Blanchard & Heeren, 2020). Indeed, parental burnout impacts more than just the 

affected parent. This is because one parent feeling burned out is linked with family-wide 

dysfunction, including within the couple’s relationship (e.g., conflict and estrangement) but 

also including severe negative consequences for the children, such as neglect and violence 

(Mikolajczak, Brianda, et al., 2018). Research investigating the effects of parental burnout is 

still in its beginning stages, but what literature does exist supports that parental burnout is 

linked with harmful parenting behaviors (Hansotte et al., 2021; Mikolajczak et al., 2019). These 

findings are not surprising, as previous research has found that with an increase in parental 

stress comes an increase in abusive behaviors (Berger et al., 2011; Curtis et al., 2000).  However, 

as of yet no studies have untangled how the main features of parental burnout impact each 

other and dysfunctional family functioning, and vice versa. We thus propose a network analysis 

approach, to investigate how the hallmark features of parental burnout interact with each other 

and with variables implicated in family dysfunction – namely, a couple’s relationship with each 

other (including conflict and estrangement) and their behavior toward their children 

(including neglect and abuse).  

In this project, we have three primary goals. First, we endeavor to test whether the 

hallmark features of parental burnout—i.e., an overwhelming exhaustion related to the 

parental role, an emotional distancing from the child(ren), and a sense of ineffectiveness and 

lack of accomplishment in the parental role—cohere as a network system. Relatedly, we aim 

to elucidate the pairwise connections between these features and maladaptive behaviors 

relating to the partner (i.e., marital conflict, partner estrangement) and the children (neglect 

and violence toward children). Of critical interest will be the computation of centrality metrics 

that disclose the potential most influential nodes that maintain the network system (Borgatti, 

2005; Costantini et al., 2015).  

Second, we will test whether these nodes cohere as a unitary network of interacting 

elements or whether they constitute distinct communities (or subnetworks) of nodes serving 

different functions. And, if we find evidence for distinct communities, we will investigate 

whether certain nodes function as “bridges,” i.e., processes that connect or are shared by 
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communities. These analyses will offer viable heuristics to identify especially potent nodes that 

may kindle mutually reinforcing interactions between the features of parental burnout and 

maladaptive behaviors toward the family.    

Finally, we will use Bayesian methods to compute a directed acyclic graph (DAG) to 

estimate a directed, potentially causal model of the interplay among the key features of parental 

burnout and maladaptive behaviors toward the partner and children. A DAG is a directed 

network whereby each edge has an arrow tip on one end, signifying the direction of prediction 

(and possibly causation), or, more conservatively, the direction of probabilistic dependency 

(e.g., Heeren et al., 2020; McNally, 2016; McNally, Heeren, et al., 2017; Pearl et al., 2016; 

Scutari, 2010). These complementary approaches can provide both a novel perspective and 

potential new hypotheses about plausible causal connections that merit more rigorous follow-

up research. All of these computations will be performed as a re-analysis of an existing dataset 

(Mikolajczak, Brianda, et al., 2018) that includes questionnaires relating to parental burnout, 

animosity between the parents, and child maltreatment. 

4.2 Method 

Preregistration 

As this is an exploratory study using secondary data, we followed the guidelines of 

Weston, Ritchie, Rohrer and Przybylski (2019) and preregistered the analysis plan, 

methodology, and prior knowledge regarding the dataset at https://osf.io/32vhg/. De-identified 

data as well as R code are publicly available via the Open Science Framework and can be 

accessed at https://osf.io/dxtgz/. We did not deviate from our preregistration.  

Participants  

We reanalyzed data from a previous study (Mikolajczak, Brianda, et al., 2018), using only 

the data from individual participants who had completed full questionnaires regarding their 

own parental burnout, their own partner-related behaviors, and their own violent and 

neglectful behaviors toward their own children. This yielded a sample of 1551 French-speaking 

participants (75.8% women). Participants were recruited from the general community (i.e., 

unselected sample) via websites, social media, schools, and pediatricians inviting people to 

participate to an online survey. All participants were parents with at least one child living at 

home, and participants were rewarded with the opportunity to participate in a lottery. Further 

details about the data collection can be found in the original article (Mikolajczak, Brianda, et 

al., 2018). The initial study was approved by the institutional review board of the Psychological 

Sciences Research Institute (UCLouvain, Belgium) and conducted according to the 

Declaration of Helsinki. Participants’ characteristics appear in Table 1.  

  

https://osf.io/32vhg/
https://osf.io/dxtgz/
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Table 1. Mean, Standard Deviation (SD), and Range for Sample Characteristics 

Demographic Variable Mean SD Range 

Age (Women) 38.23 7.28 23 – 63 

Age (Men) 42.61 8.47 27 – 66 

Number of Children 2.30 1.38 1 – 7 

Age of Children 8.49 6.70 0 – 35 

Measures  

Parental burnout  

We used the Parental Burnout Inventory (PBI), a 22-item self-report questionnaire 

designed to measure the severity of parental burnout (Roskam et al., 2017). It includes three 

subscales that map directly onto the three hallmark features of parental burnout: a) eight items 

measuring emotional exhaustion (e.g., “I feel emotionally drained by my parental role”); b) eight 

items measuring emotional distancing (e.g., “I sometimes feel as though I am taking care of my 

children on autopilot”); and c) six items measuring parental accomplishment and efficacy (e.g., 

“I accomplish many worthwhile things as a parent”). Participants rated each item on a 7-point 

Likert-type scale, from 0 (never) to 6 (every day). Items denoting the absence of the feature of 

interest (e.g., “I look after my children’s problems very effectively”) were reverse scored prior to 

computing each subscale’s total by summing the relevant item scores.  

Scores on the PBI have excellent internal consistencies and good validity (Roskam et al., 

2017). In the present dataset, the internal reliability of PBI was high, with a Cronbach’s alpha 

of .93 for the global scale score (.94 for the emotional exhaustion, .88 for the emotional 

distancing, and .86 parental accomplishment and efficacy). Given our interest in 

distinguishing between the three features, we computed separate scores for the three subscales. 

For each subscale, higher scores indicate greater endorsement of that feature. The scores for 

the emotional exhaustion subscale could range from 0 to 48; from 0 to 48 for the emotional 

distance subscale; and from 0 to 36 for the inefficacy subscale.  

Conflicts with partner 

Conflicts were measured with two self-report items as reported in Mikolajczak, et al. 

(2018): “How often do you quarrel with your partner?” and “How often do you quarrel with your 

partner in front of your child(ren)?” Participants rated items on a 7-point Likert-type scale, from 

1 (never) to 7 (every day). For each participant, we computed a sum score: scores could range 

from 2 to 14. In the present dataset, the internal reliability of this scale was high, with a 

Cronbach’s alpha of .85.  

Partner estrangement 

Partner estrangement was assessed with a five-item self-report questionnaire, as reported 

in in Mikolajczak, Brianda, et al. (2018). These items include: “I sometimes fantasize about 

someone other than my partner,” “I am sometimes unfaithful to my partner,” “We have separate rooms 
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or I go to sleep elsewhere,” “I sometimes think of leaving my partner,” and “I threaten my partner with 

leaving.” Participants rated each item on 8-point Likert-type scale ranging from 1 (never) to 8 

(several times a day). For each participant, we computed a sum score: scores could range from 

5 to 40. In the present dataset, the internal reliability of this scale was adequate, with a 

Cronbach’s alpha of .73.  

Neglectful behaviors toward children 

Neglectful behavior toward children was assessed via a 17-item parent-reported 

questionnaire (for details on how this questionnaire was derived, see Mikolajczak, Brianda, et 

al., 2018). Sample items include: “I sometimes neglect my child when s/he is sad, frightened or 

distraught” and “I sometimes don’t take my child to the doctor when I think it would be a good idea.” 

The parent rated each item on an 8-point Likert-type scale ranging from 1 (never) to 8 (several 

times a day). In the present dataset, the internal reliability of this scale was good, with a 

Cronbach’s alpha of .82. Accordingly, we relied on a sum score, and scores could range from 

17 to 136.  

Violent behaviors toward children  

Violent behavior toward children was assessed with a 15-item parent-reported 

questionnaire (for details on how this questionnaire was derived, see Mikolajczak, Brianda, et 

al., 2018). Sample items include: “I sometimes hurt my child with a belt, a hairbrush, a stick or some 

other object” and “I sometimes tell my child that I will abandon him/her if s/he is not good.” Items 

were rated with the same scale as used for the neglectful behaviors scale. The internal reliability 

of this scale was good, with a Cronbach’s alpha of .82. We computed a sum score for each 

participant, and scores could range from 15 to 120.  

Network analyses 

Data preparation  

Following recent guidelines in the application of network analysis in clinical psychology 

(e.g., Epskamp & Fried, 2018), we applied the nonparanormal transformation via the R 

package huge (Jiang et al., 2019). This transformation ensures that the data are multivariate 

normal and thus meet relevant assumptions for use with the estimated network analyses 

(Epskamp, Waldorp, et al., 2018).  

To ensure that none of our variables overlapped conceptually, we implemented a data-

driven method to identify potentially redundant nodes among our seven variables (as reported 

in Bernstein, Curtiss, et al., 2019). We first confirmed that our correlation matrix was positive 

definite, reflecting that nodes were not linear combinations of other nodes). We then searched 

for potential pairs of redundant nodes; that is, nodes that are highly inter-correlated (r > 0.50) 

and that correlate to the same degree with other variables (i.e., > 75% of correlations with other 

variables did not significantly differ for a given pair). To do so, we implemented the Hittner 
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method for comparing dependent correlations (Hittner et al., 2003) via the goldbricker function 

of the R package networktools  (Jones, 2018). This method did not identify any redundant 

variables.  

Graphical LASSO network 

We used a graphical Gaussian model (GGM) to estimate the undirected network. In this 

network, edges signify conditional independence relationships between nodes, controlling for 

the effects of all other nodes (Epskamp & Fried, 2018). We present GGMs that were regularized 

via the graphical LASSO (Least Absolute Shrinkage and Selection Operator) algorithm, which 

served two primary functions (Friedman et al., 2011). First, it computed regularized partial 

correlations between pairs of nodes, thereby eliminating spurious associations (edges) 

attributable to the influence of other nodes in the network. Second, it shrunk trivially small 

associations to zero, thereby removing potentially “false positive” edges from the graph and 

producing a sparse graph comprising only the strongest edges. We used the R package qgraph 

(Epskamp et al., 2012), which automatically implements the graphical LASSO regularization 

in combination with the Extended Bayesian Information Criterion (EBIC) model selection 

(Foygel & Drton, 2011). This procedure estimates 100 models with varying degrees of sparsity; 

a final model is selected according to the lowest EBIC value, given a specific hyperparameter 

gamma (γ) which controls the trade-off between including false-positive edges and removing 

true edges. The hyperparameter γ is usually set between 0 (favoring a model with more edges) 

and 0.5 (favoring a simpler model with fewer edges). Following recommendations based on 

stimulation studies (for details, see Epskamp & Fried, 2018), we set γ to 0.5 to be confident 

that our edges are genuine. To estimate the stability of edges, we bootstrapped the confidence 

regions of the edge weights with 1,000 bootstrapped samples using the R package bootnet 

(Epskamp, Borsboom, et al., 2017). 

 To quantify the importance of each node in the resulting graphical LASSO network, 

we computed expected influence centrality (Robinaugh et al., 2016). The expected influence 

of a node is the sum of the edge weights incident on a given node, including positive and 

negative values. Higher expected influence values indicate greater centrality and so greater 

importance in the network. The plot depicts the raw expected influence values for each node.   

Finally, we tested whether the nodes denoting the key features of parental burnout and 

those denoting maladaptive behaviors relating to the partner and the children cohere as one 

network or as multiple subnetworks (“communities”). Nodes within a community are more 

strongly interconnected than they are with nodes outside that community. Following prior 

network research (e.g., Heeren & McNally, 2018; Robinaugh et al., 2014), we implemented 

the spin glass algorithm (Reichardt & Bornholdt, 2006), a modularity-based community 

detection procedure suitable for uncovering the structure of relatively small networks with 

negative edge values (e.g., Traag & Bruggeman, 2009). We used the spinglass.community 

function (γ = 1, start temperature = 1, stop temperature = .01, cooling factor = .99, spins = 7) of 

the R package igraph (Csardi & Nepusz, 2006; for more information, see Reichardt & 

Bornholdt, 2006; Traag & Bruggeman, 2009; Z. Yang et al., 2016). Following previous studies 
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(e.g., Everaert & Joormann, 2019; Heeren et al., 2020; Heeren, Jones, et al., 2018), we also 

identified important nodes that serve as bridges between communities by computing the 

bridge expected influence index via the bridge function of the R package networktools (Jones et 

al., 2018). Nodes with high bridge expected influence values are especially likely to activate 

nearby communities. Bridge expected influence is the sum of the edge weights connecting a 

given node to all nodes in the other community or communities (Jones et al., 2019). The plot 

depicts the raw bridge expected influence values for each node.   

Directed acyclic graph (DAG) 

We then computed a DAG to estimate the directed structure of the system (Pearl et al., 

2016). We used a Bayesian hill-climbing algorithm, implemented via the R package bnlearn 

(Scutari, 2010; Scutari & Denis, 2015). As implemented by bnlearn, the bootstrap function 

computes the structural aspects of the network model by adding edges, removing them, and 

reversing their direction to ultimately optimize the goodness-of-fit target score (i.e., the 

Bayesian Information Criterion). This involves an iterative procedure of randomly restarting 

this process with different possible edges linking different node pairs, perturbing the system, 

and using 50 different random restarts to avoid local maxima. Following previous studies 

(Bernstein et al., 2017; Heeren et al., 2020; McNally, Heeren, et al., 2017), we performed 100 

perturbations (i.e., attempts to insert, delete, or reverse an edge) for each restart. As this iterative 

procedure unfolds, the function returns the best fitting network based on this random 

restart/perturbation process.  

To ensure the stability of the resultant DAG, we then bootstrapped 10,000 samples (with 

replacement), computed a network for each sample, and averaged across the resulting 

networks to produce a final network structure (e.g., Heeren et al., 2020; McNally, Heeren, et 

al., 2017), involving a two-step procedure. First, we determined how frequently a given edge 

appeared in the 10,000 bootstrapped networks. We then used the optimal cut-point method of 

Scutari and Nagarajan (2013) for retaining edges, which yields networks with both high 

sensitivity and high specificity. Second, we ascertained the direction of each surviving edge in 

the 10,000 bootstrapped networks. To do so, we followed Scutari and Nagarajan (2013)’s 

recommendations and only represented the direction of a surviving edge in the final network 

if this edge pointed from node X to node Y in at least 51% of the 10,000 bootstrapped networks. 

In summary, we first determined the structure of the network (i.e., whether an edge is present 

or not), and then determined the direction of each surviving edge. 

4.3 Results 

Descriptive information regarding the seven variables (before nonparanormal 

transformation), including mean, standard deviation, range, skewness, and kurtosis, can be 

found in Table 2.  
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Table 2. Mean, Standard Deviation (SD), Minimum (Min), Maximum (Max), 
Skewness, and Kurtosis of Each Variable (Before Nonparanormal Transformation) 

Variable Mean SD Min Max Skewness Kurtosis 

Exhaustion 14.97 11.39 0 48 0.87 -0.05 

Distance 9.34 8.51 0 47 1.47 2.23 

Inefficacy 8.23 6.90 0 36 1.24 1.40 

Neglect  26.91 9.17 17 84 2.00 5.91 

Violence 22.75 7.58 15 81 2.57 11.19 

Partner Estrangement 7.81 3.76 5 35 2.50 8.38 

Partner Conflict 5.38 2.50 2 14 0.97 0.35 

Note. Exhaustion = Emotional exhaustion; Distance = Emotional distance; Inefficacy = Loss of parental 
accomplishment and efficacy; Neglect = Neglectful behaviors toward children; Violence = Violent 
behaviors toward children 

Pearson product-moment correlations of nonparanormal-transformed variables are 

reported in Figure 5 (for a discussion of why we present Pearson correlations of transformed 

variables and not Spearman correlations of the raw data, see the supplementary materials).

 

Figure 5. Pearson product-moment correlations between each nonparanormal-
transformed variable 

Note. Exhaust = Emotional exhaustion; Distance = Emotional distance; Inefficacy = Loss of parental 
accomplishment and efficacy; Neglect = Neglectful behaviors toward children; Violence = Violent 
behaviors toward children; PartEstrang = Partner estrangement; PartConfl = Conflicts with partner.  
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Graphical LASSO network 

The graphical LASSO is represented in Figure 6. The edges represent regularized partial 

correlations between variables. All of the associations between variables are positive, as all of 

the edges are green (any negative edges would be represented in red). A few pairwise 

connections stand out. First, the largest edge weight is between emotional exhaustion and 

emotional distance (r = .43). Second, whereas emotional exhaustion has direct connections 

with violent behaviors toward children (r = .15) and conflict with the partner (r = .13), 

emotional distance is strongly connected to neglectful behaviors toward children (r = .36) 

and loss of parental accomplishment and efficacy to violent behaviors toward children (r = 

.21). To estimate the certainty and precision of the edge weights, we bootstrapped confidence 

intervals for each of the edge weights (Epskamp, Waldorp, et al., 2018) and also performed 

bootstrapped difference tests. Results support that the edges are stable, and that the strongest 

and weakest edges are significantly different from one another (see Figure S5 and Figure S6 

in Appendix B or https://osf.io/q56sn/). 

 

Figure 6. Graphical Gaussian Model Network Constructed via the Graphical LASSO 

Note. An edge’s thickness represents the magnitude of the association between the two relevant nodes 
(with the thickest edge representing a value of ….). Green lines represent positive regularized partial 
correlations. Exhaust = Emotional exhaustion; Distance = Emotional distance; Inefficacy = Loss of 
parental accomplishment and efficacy; Neglect = Neglectful behaviors toward children; Violence = 
Violent behaviors toward children; PartEstrang = Partner estrangement; PartConfl = Conflicts with 
partner.  
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Expected influence values are reported in Figure 7. Emotional distance, neglect towards 

children, and violence toward children had the highest expected influence values. To ensure 

the stability of these centrality estimates, we performed a person-dropping bootstrap procedure 

(Costenbader & Valente, 2003), which confirmed that these expected influence values are 

highly stable (see Figure S7 in Appendix B). We also performed a bootstrapped different test, 

which revealed that the most central nodes (i.e., emotional distance, neglect, and violence) 

have significantly higher expected influence estimates than less central nodes (including the 

partner-related variables and the remaining parental burnout features; see Figure S8 in 

Appendix B).   

Figure 7. Expected Influence and Bridge Expected Influence Estimates of the 
Graphical LASSO 

Note. Exhaust = Emotional exhaustion; Distance = Emotional distance; Inefficacy = Loss of parental 
accomplishment and efficacy; Neglect = Neglectful behaviors toward children; Violence = Violent 
behaviors toward children; PartEstrang = Partner estrangement; PartConfl = Conflicts with partner.  

Lastly, the spin glass algorithm detected three communities of nodes. The first 

community included emotional distance, emotional exhaustion, neglect, and violence; a 

second community solely encapsulated loss of parental accomplishment and efficacy; and a 

third community included partner-related behaviors (conflict and estrangement). Figure 7 

shows the bridge expected influence values for all nodes, revealing that inefficacy has an 

especially high bridge expected influence value. We performed a person-dropping bootstrap, 

which indicated that bridge expected influence values were reasonably stable (see Figure S7 in 

Appendix B). A bootstrapped different test confirmed that inefficacy had a significantly higher 

bridge expected value than the remaining variables (see Figure S9 in Appendix B).  
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Directed acyclic graph 

Figure 8A and Figure 8B show directed acyclic graphs (DAGs) resulting from 10,000 

bootstrapped samples. For both Figure 8A and Figure 8B, edges that are present in the graph 

were retained because their strength was greater than the optimal cut resulting from the 

method of Scutari and Nagarajan (2013). Figure 8A illustrates the importance of each edge to 

the overall network structure. Specifically, edge thickness reflects the change in the Bayesian 

Information Criterion (BIC; a relative measure of a model’s goodness-of-fit) when that edge is 

removed from the network. Greater thickness thus signifies that an edge is more crucial to 

model fit (McNally, 2016). The edges most important to the network structure connect 

emotional distance to exhaustion (with a change in BIC of -338.29) and emotional distance to 

neglect (with a change in BIC of -167.37). The edges least important to the network structure, 

meanwhile, connect emotion exhaustion to partner conflict (with a change in BIC of -24.10) 

and emotional exhaustion to violence (with a change in BIC of -29.57). The change in BIC 

value for each edge can be seen in Table S2 in Appendix B. 

 

Figure 8. Directed Acyclic Graphs (DAGs)  

Note. Panel A: Presence of edges: Edge thickness indicates the importance of that edge to the overall 
network structure, with greater thickness signifying that an edge is more crucial to model fit. Thickness 
reflects the change in the Bayesian Information Criterion of the model when that edge is removed. For 
this graph, solid lines represent that the present of an edge improves model fit (a dashed line would 
represent an edge whose presence worsens model fit). Panel B: Direction of edges: edge thickness 
indicates directional probability, or in what percentage of the fitted networks the edge went in that 
direction. Edge thickness is drawn proportionately, such that a thicker arrow indicates a higher 
directional probability. For this graph, a solid line represents that an edge was present in its current 
direction in at least 51% of the 10,000 bootstrapped networks, while a dotted line represents an edge 
present in its current direction in less than 51%. For both Panels A and B, exact edge weights can be 
found in Table S2 in Appendix B. Exhaust = Emotional exhaustion; Distance = Emotional distance; 
Inefficacy = Loss of parental accomplishment and efficacy; Neglect = Neglectful behaviors toward 
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children; Violence = Violent behaviors toward children; PartEstrang = Partner estrangement; PartConfl 
= Conflicts with partner.  

In Figure 8B, edges signify directional probabilities: an edge is thicker if it points from 

one node to another in a greater proportion of the bootstrapped networks. The thickest edges 

connect emotional distance to violence (.82; i.e., this edge was pointing in that direction in 

8,200 of the 10,000 bootstrapped networks and in the other direction in 1,800 of the 10,000 

bootstrapped networks) and emotional exhaustion to violence (.81). The thinnest edges 

connect inefficacy to violence (.51) and emotional distance to exhaustion (.53). The exact 

directional probability for each edge in Figure 8B can be found in Table S2 in Appendix B. 

Structurally, emotional distance arises at the top of the DAG, directly influencing the 

other parental burnout variables (emotional exhaustion and inefficacy), which then directly 

influence violence toward children, which in turn directly influences partner conflict and 

neglect toward children, which both directly influence partner estrangement.  

Preregistered additional analyses 

Recent commentators have argued that differential variability—that is, the phenomenon 

that variables have drastically different variances—may distort conclusions about node 

centrality (e.g., Fried, 2015; Terluin et al., 2016). We confirmed that differential variability did 

not influence the interpretation of the centrality indices (see supplementary materials).  

Following previous studies in the field (e.g., Mikolajczak, Raes, et al., 2018), we also tested 

whether our results differed depending on the gender of the parent or the number of children. 

Using the Network Comparison Test (van Borkulo et al., 2023), we found no evidence of a 

difference between the networks’ overall connectivity or structure between mothers compared 

to fathers, or parents of one, two, or three and up children (see supplementary materials). Only 

one edge differed between parents of one child and parents of two children (see Table S3 in 

Appendix B): the network for parents with one child does not include an edge between neglect 

and partner estrangement, whereas the network for parents with two children does.  

4.4 Discussion 

In this study, we set out to elucidate how parental burnout features interact among 

themselves and with family-related variables, as well as whether any specific variables are 

especially central to the way parental burnout operates within a family system. To do so, we 

computed network analyses by using two distinct computational network approaches: a GGM 

and a DAG. Perhaps the most striking finding was the observation that GGM and DAG 

pointed to emotional distance as an especially potent variable at play. In both network models, 

our results imply that when emotional distance is activated, it drives the activation of the rest 

of the network. Additionally, both models indicated that the parental burnout variables are 

mainly associated with partner conflict and partner estrangement through the child 

maltreatment variables. This suggests that it is not parental burnout per se that is associated 
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with marital issues, but the child maltreatment accompanying parental burnout that, in turn, 

drives marital conflicts. This is also apparent in the high centrality values of the nodes 

representing neglect and violence toward children, which confirm that these variables connect 

a lot of the other variables in the network.  

In terms of community detection, it is interesting that loss of parental accomplishment 

and efficacy forms its own community, while the other two hallmark features of parental 

burnout, emotional distance and emotional exhaustion, cohere together in a community along 

with neglect and violence. Perhaps inefficacy is on its own because it relates to the skills-based 

parenting evaluation of loss of parental accomplishment and efficacy, which is qualitatively 

different from the more affective components of emotional exhaustion and emotional 

distance. Inefficacy demonstrating a high bridge expected influence value suggests that it 

bridges the different communities together and therefore is a possible target deserving a careful 

audit during prevention and treatment. However, seeing as it is the only community made up 

of one node, it is only logical for inefficacy to have a high bridge expected influence, since any 

of its connections to other nodes count as inter-community connections. It is also of note that 

emotional distance and emotional exhaustion are categorized into the same community as 

neglect and violence toward children. This implies that these four nodes are more strongly 

connected to each other than they are to nodes outside their community. This means that to 

reduce neglect and violence toward children, it would be important to target emotional 

distance and emotional exhaustion in treatment efforts.   

Even though the three parental burnout scales are categorized into separate communities 

in this study, previous research supports that these three scales together adequately assess 

parental burnout, and factor analyses support the use of three subscales (Roskam et al., 2017). 

Although the current study uses the PBI (Roskam et al., 2017) which was adapted from the 

job-related Maslach Burnout inventory (Maslach et al., 2010), a new scale has since been 

developed using an inductive approach. This scale, the Parental Burnout Assessment (PBA; 

Roskam et al., 2018), encompasses four subscales: emotional exhaustion in one’s parental role, 

emotional distancing from one’s children, feelings of being fed up, and contrast with a 

previous period. This implies that parents lose pleasure and fulfillment as parents, instead of 

losing their parenting accomplishment and efficacy, thus bringing an emotional component 

to this dimension. A critical next step would thus be to conduct a network analysis using the 

PBA to test whether a similar community structure as found in this study which uses the three 

PBI subscales also appears with the four PBA scales.  

Overall, these results suggest that emotional distance plays a key role in propagating 

activations to the other parental burnout nodes, as well as child maltreatment and partner 

conflict ones. This nuances the common conception of emotional exhaustion as the core 

dimension of burnout (Halbesleben & Bowler, 2007); it has been conceptualized as such partly 

because it is the common variable that ties disparate definitions of burnout together (e.g., 

Demerouti et al., 2001; Maslach et al., 2010; Pines & Aronson, 1988) and because several studies 

suggested that it was the first step of the burnout process (Lee & Ashforth, 1993; Leiter, 1993; 

Leiter & Maslach, 1988). Emotional exhaustion also appears influential for conceptions of 
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burnout within the parenting sphere: a recently developed theoretical framework for parental 

burnout posits that parental burnout arises when there is a chronic lack of resources to meet 

parenting needs, leading to a depletion of energy and so emotional exhaustion (Mikolajczak 

& Roskam, 2018). Yet in our results, emotional distance was more central in the GGM and 

more highly placed in the DAG than emotional exhaustion. A potential reason for this could 

be that this data was collected at one time-point, and in Mikolajczak and Roskam's (2018) 

framework, emotional exhaustion was specifically posited as a key variable in the development 

of parental burnout. As our study relies on a cross-sectional design, one cannot exclude that 

emotional distance could be key in maintaining—while playing no role in instigating—the 

network system comprising parental burnout, marital conflicts, and the associated child 

maltreatment (see also the discussion below about the distinction between probabilistic 

dependence and temporal antecedence). There is however no other evidence regarding this 

hypothesis (either for or against), as so far, most research in parental burnout has viewed and 

analyzed parental burnout as a unitary construct, utilizing only the total parental burnout 

score. We thus call on future studies to use not only the global score but to also distinguish 

between the subscales. This will allow researchers to disentangle the role each of the subscales 

plays in the onset and maintenance of parental burnout, as well as to identify if the subscales 

differentially impact related variables, such as child maltreatment or partner conflict.  

Distinguishing variables that differentially affect onset and maintenance of parental 

burnout also would be pivotal in identifying targets ripe for prevention and intervention. 

Emotional exhaustion and the associated chronic lack of resources, if implicated in the onset 

of parental burnout, would be important to target for prophylactic efforts. Emotional distance, 

if central in the maintenance of parental burnout as this study suggests, would be crucial in 

the development of treatments. Indeed, network theory suggests that “turning off” a highly 

central node, such as by down-regulating a variable through treatment, should decrease 

activation throughout the network (McNally, 2016). If this holds true for the models 

investigated in this study, a treatment that specifically decreases the amount of emotional 

distance a parent feels toward their child(ren) should also lead to downstream improvement 

not only in the other parental burnout symptoms but also in child-maltreatment and partner-

conflict variables. An example of attempting to specifically reduce emotional distance could 

include mental imagery exercises such as imagery rescripting or positive imagery re-training 

(Holmes & Mathews, 2010), where parents would concretely visualize enjoying and valuing 

moments spent with children (for more clinical recommendations about mental imagery, see 

also Blackwell, 2019). Similarly, because the network perspective assumes that nodes having 

high bridge centrality may be more likely to propagate activation through the entire network 

when re-activated after treatment (e.g., Cramer et al., 2010), future research should examine 

whether ineffective parenting acts as a potential harbinger of relapse deserving careful audit 

during follow-up. Note that current treatment efforts for parental burnout already aim to do 

so via work with parents to improve child-rearing practices (Brianda, Roskam, Gross, et al., 

2020). Before investigating treatment options in more depth, however, future research needs 

to further investigate the distinct roles of the different parental burnout subscales and confirm 

this distinction between onset and maintenance variables, using longitudinal data.  
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Indeed, one of our study’s limitations is that it analyses cross-sectional data. The only 

insight into the direction of associations is from the DAG, which uses probabilistic methods 

to provide clues about the direction of probabilistic dependence between the variables. 

However, when considering DAGs, one must not confuse the direction of probabilistic 

dependence between variables with temporal antecedence (for a discussion, see Pearl, 2009). 

Indeed, DAGs encode the conditional probability distribution of the variables. In this way, 

DAGs can be decomposed as a product of the conditional distribution of each node given its 

parent nodes in the graph, thus rendering DAGs capable of indicating whether the presence 

of node A probabilistically implies node B more than vice versa (Heeren et al., 2020). However, 

it does not imply the temporal precedence of node B. Moreover, the DAGs, by definition, 

assume that the relationships between variables are acyclic (i.e., no feedback loop). On the 

other hand, it has been suggested that one may easily gauge the extent of the directional flip-

flopping in the DAG by looking at the thickness of the edge (e.g., Heeren et al., 2020; McNally, 

Heeren, et al., 2017). Indeed, the thickness of the edge represents the probability that the edge 

points in the direction depicted but does not imply that the probability of the edge pointing 

in the other direction is zero (Heeren et al., 2020). Here, several edges were thin. For instance, 

the edge from inefficacy to violence pointed in its depicted direction in only 51% of the 

bootstrapped networks, thus indicating that it pointed in the other direction in 49% of the 

bootstrapped networks. Likewise, the edge from emotional distance to exhaustion pointed in 

its current direction in only 53% of the bootstrapped networks, thus indicating that it pointed 

in the other direction in 47% of the bootstrapped networks. The direction of prediction 

between these variables may thus go both ways. To confirm and further investigate the 

direction of association between variables, the next step is to move to intensive time-series data 

which will allow a direct investigation into the temporal relationship between variables, while 

also assessing possible feedback loops (Bringmann et al., 2013). This would also allow a micro-

level assessment of how parental burnout variables interact with each other and with child-

maltreatment and partner-conflict variables, thus allowing insight into the mechanisms of 

parental burnout.  

We also did not measure any potentially relevant moderators, such as personality traits, 

attachment patterns, or psychopathology symptoms, all of which could affect how parental 

burnout impacts the children or the spouse. However, the number of parameters grows 

quickly with each additional node (Epskamp, Waldorp, et al., 2018), and so for this first 

network analysis on parental burnout, we chose to include the minimum number of nodes in 

the network to ensure that we had adequate power (for information on estimating power in 

network analyses, see the supplementary materials). We hope that future research, however, 

will investigate how these types of moderating variables could impact the way parental 

burnout interacts with behavior toward children and toward the spouse.  

Some might find it a limitation that this study does not directly compare parents with 

severe parental burnout to those unaffected; however, we do not view this as a limitation as 

using an unselected sample allows for the generalizability of the results and protects against a 

restricted range issue. More crucially, however, there currently are no accepted clinical cut-offs 
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for parental burnout (Roskam et al., 2017, 2018). And although all scales are skewed toward 

lower scores (since our sample is unselected), all variables nonetheless show a wide variability 

in scores. The only variables whose scores do not span the entire scale are neglect and abuse, 

which is to be expected since maximum scores on these scales represent frequent and regular 

abuse toward children (although there are also no clinical cut-offs for which scores on these 

scales “officially” cross the line into child abuse). Thus, a connection between (for example) 

emotional distance and neglect represents that higher scores of emotional distance are 

associated with an increased frequency of neglectful behaviors, but this increased frequency 

could be from “never” to “once a month.”  

Finally, another limitation is that parents self-reported all variables. Parents may thus have 

felt uncomfortable answering some of the items truthfully, particularly items relating to child 

maltreatment. On the other hand, the only validated method to measure parental burnout is 

currently with self-reported questionnaires. In any case, it is extremely challenging to collect 

datasets large enough for network analyses (e.g., minimum hundreds of participants). that 

include third-party assessments on child maltreatment—or, indeed, on parental burnout. 

Future research should nonetheless attempt to investigate other forms of data collection, such 

as through third party observations from other family members or teachers, or through 

structured interviews with psychologists or other trained professionals.  

Conclusion 

Emotional distance emerges as one of the most central variables in the network, driving 

the activation of the other parental burnout variables, as well as variables measuring child 

maltreatment and parental conflict. Neglect and violence towards are also highly central and 

connected to most of the network. In contrast, partner estrangement and partner conflicts are 

only associated with parental burnout variables through child maltreatment variables, 

suggesting that problems with the partner arise from child maltreatment. These results, 

stemming from cross-sectional data, suggest that emotional distance could play a crucial role 

in maintaining parental burnout and the associated child maltreatment, but further research 

is needed to confirm and further disentangle the mechanisms of parental burnout.





 

Chapter 5. 
 

How to measure parental burnout 
fluctuations: Developing longitudinal items for 

parental burnout & its family context 

Parental burnout is a growing subject of research, but thus far this research has not 
examined whether the features of parental burnout fluctuate over time. Moreover, 
parenting and parental burnout are inextricable from their family context. 
Therefore, a critical next step involves examining how parental burnout features 
temporally unfold and interact with the ever-changing family environment. To do 
so, we developed an 11-item experience sampling methodology (ESM) tool to 
measure self-reported parental burnout features (specifically emotional 
exhaustion, emotional distance, and feeling fed up), as well as partner relationship, 
children’s behavior, behavior toward children, social support, and perceived 
resources. We conducted two two-week periods of ESM data collection (one with 
French-language ESM items; n = 9; one with English-language ESM items; n=23) and 
one eight-week data collection with the French-language ESM items (n=50). We 
collected the ESM data using formr, an open-source platform, and we provide open 
access to all materials (including a formr template, allowing free use of the 
assessment tool), analysis code, and data: https://osf.io/s2yv5/. Participants’ 
responses indicated sufficient within-person variability (assessed via intraclass 
correlation) and support for convergent and discriminant validity (assessed by 
correlating aggregated ESM responses with retrospective questionnaire scores on 
parental burnout, depression, anxiety, and stress). Lastly, we found that the three 
parental burnout ESM items had high between-subject reliability and moderate 
within-subject reliability. Participating parents found the ESM survey easy to 
answer and not burdensome. Finally, we discuss how assessing parental burnout 
over time can help usher parental burnout research and treatment forward. 
 
Reference 
 
Blanchard, M. A., Revol, J., Hoebeke, Y., Roskam, I., Mikolajczak, M., & Heeren, A. (2023). 
On the temporal nature of parental burnout: Development of an experience sampling 
methodology (ESM) tool to assess parental burnout and its related ever-changing family 
context. Collabra: Psychology, 9(1), 74614. https://doi.org/10.1525/collabra.74614  
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5.1 Introduction 

When parents face challenging parenting demands without sufficient parenting-related 

resources, they become stressed and exhausted—when this stress reaches an extreme state, this 

is called parental burnout. Parental burnout involves four main features (Roskam et al., 2018): 

emotional exhaustion relating to the parental role, emotional distance from the child(ren), 

feeling fed up with the parental role, and a sense of contrast with the parent they used to be. 

Following the current theoretical framework, parental burnout arises when parents 

chronically lack the resources to balance out their parental stressors (Mikolajczak & Roskam, 

2018). These resources and stressors are specific to each parent’s situation, and many of them 

vary over time, such as perceived partner support, leisure time, family organization, financial 

resources, and social support; all of these can change within weeks, days, or even hours 

(Mikolajczak, Raes, et al., 2018; Mikolajczak & Roskam, 2018). 

Parents experiencing burnout within their parental role is a growing societal concern, as 

parental burnout is linked with suicidal ideation, addictions, child neglect and abuse, and 

marital conflict (Mikolajczak, Brianda, et al., 2018). Although research into parental burnout 

is still in its infancy, there are already initial findings of a temporal link between parental 

burnout and subsequent parental neglect and violence (Mikolajczak et al., 2019). These 

findings highlight the pressing need to better understand how parental burnout develops and 

how it impacts parenting behaviors, including neglect and violence, so as to develop effective 

prevention and treatment tools. Parental burnout is particularly concerning in the context of 

the COVID pandemic, which has changed experiences of daily life across the globe and has 

perturbed the equilibrium of many parents (Griffith, 2022).  

The current method to measure parental burnout, the Parental Burnout Assessment 

(PBA; Roskam et al., 2018), asks parents to estimate the frequency with which they experience 

23 specific feelings or behaviors on a scale ranging from “never” or “a few times a year or less” 

to “a few times a week” or “every day.” The PBA has been adapted into and psychometrically 

validated for many languages, including Arabic (Gannagé et al., 2020), Portuguese (Matias et 

al., 2020), Chinese (Cheng et al., 2020), Farsi (Mousavi et al., 2020), Japanese (Furutani et al., 

2020), Polish (Szczygieł et al., 2020), Romanian (Stănculescu et al., 2020), and Turkish (Arikan 

et al., 2020). As can be seen from the frequency responses for the PBA items, the PBA assesses 

the overall level of parental burnout at a specific timepoint but cannot capture day-to-day 

fluctuations.  

Examining temporal fluctuations is an important next step. For one thing, there has been 

a growing move across psychology domains to consider the temporal dynamics of 

psychological constructs by repeatedly measuring the construct in everyday life (e.g., 

experience sampling methodology; ESM; Myin‐Germeys et al., 2018; Trull & Ebner-Priemer, 

2020). For most psychological constructs that are relatively stable across time, their features 

still fluctuate. This is for instance the case for depression. Although it is relatively constant 

across time, its actual symptoms, and particularly their interrelations, fluctuate on (at least) a 

weekly basis (Bringmann et al., 2015). Examining temporal fluctuations via ESM can grant 
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insight into how a psychological construct develops or persists. For instance, researchers can 

use intensive longitudinal data to determine if specific variables influence one another in a 

feedback loop (Borsboom & Cramer, 2013). ESM data can also be used to grant clinical insight 

into a person’s individual trajectory (although the clinical validity of such measures is still 

under investigation; Wichers et al., 2017). One such method is inspired by research on critical 

transitions in ecosystems (e.g., Hirota et al., 2011) and can be used to identify when someone 

is about to tip into a disordered state (e.g., developing or relapsing psychopathology) or return 

to an ordered one (e.g., recover; Wichers et al., 2016, 2019). And, last but not least, one can 

also capitalize on ESM data to generate idiographic (i.e., specific to a single person) network 

models that illustrate how an individual’s behaviors and cognitions influence one another over 

time. Idiographic networks can thus yield information about potential clinical pathways and 

central variables for a single person (Bastiaansen et al., 2020) and open up radically new vistas 

for personalized treatment options (Fisher et al., 2017). 

Examining the temporal dynamics of parental burnout is therefore a promising and 

timely endeavor. On the one hand, there is already evidence that emotional exhaustion, at least, 

fluctuates on a daily basis (Gillis & Roskam, 2020). It is therefore likely that emotional distance 

and feeling fed up (which were not measured daily in Gillis & Roskam, 2020) also vary from 

day to day; the fourth feature of parental burnout (i.e., a sense of contrast with the previous 

parental self) is by definition likely more stable across time. On the other hand, parental 

burnout does not exist in isolation but always within a specific family context, since parenting 

is a subjective experience that can fluctuate with shifts in the parents’ or children’s behavior or 

with the ever-changing situational demands of the environment (e.g., Aldao, 2013). A critical 

next step in parental burnout research would thus be to examine how the fluctuations of 

parental burnout features interact with contextual factors, such as the parent’s relationship 

with their partner, the children’s behavior, or the resources available to parents. Examining 

how these different variables interact over time will shed light on how parental burnout 

develops and evolves (for further discussion, see Blanchard et al., 2021). In addition, generating 

intensive time-series data for individuals allows for personalized clinical applications, such as 

estimating idiographic models that can be used for quantitative individualized case 

conceptualization (Fisher & Bosley, 2020).  

Despite the aforementioned promising perspective, there is currently no available tool to 

measure the features of parental burnout and related situational variables on a repeated and 

frequent basis. Developing ESM items markedly differs from creating a traditional (single time-

point) questionnaire. When developing ESM items, it is crucial that the phrasing and content 

of items mirror how people actually think about and describe their own moment-to-moment 

experiences (Myin‐Germeys et al., 2018; Varese et al., 2019; Vasconcelos e Sa et al., 2019). 

Concretely, this means using terminology the targeted population would themselves use and 

employing unambiguous language (Myin‐Germeys et al., 2018; Varese et al., 2019). Since 

participants will be answering items frequently, the items should thus focus on experiences 

common to daily life and avoid extreme states (Myin‐Germeys et al., 2018; Varese et al., 2019). 

Because statistical analyses of ESM data depend on sufficient variance in participants’ responses 
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over time (Vasconcelos e Sa et al., 2019), adequate item development also has statistical 

importance. 

Beyond the items’ content per se, all ESM surveys should also be extremely brief, taking 

a maximum of two to three minutes to complete, since participants will be taking time, over 

weeks or months, from their daily lives to answer these questions (Myin‐Germeys et al., 2018; 

Varese et al., 2019). The questions should not feature too many repetitive items, since the 

participants are already answering the same items repeatedly and often find answering similar 

items on top of that to be frustrating and confusing; some researchers therefore suggest 

employing single-item measures for straightforward unidimensional constructs (e.g., Robins 

et al., 2001; Wanous et al., 1997).  

These varied requirements for developing optimal ESM items have rendered the 

assessment of their validity and reliability remarkably difficult (for an accessible overview of 

test reliability and validity concepts, see Jhangiani et al., 2019). For example, test-retest 

reliability assumes that a test is reliable if responses are stable across time, but this goes against 

the purpose of ESM, which is to measure fluctuations; changes in responses across time are 

expected (Eisele et al., 2021; Varese et al., 2019). If using single-item measures as is common 

for ESM studies (Eisele et al., 2021), internal consistency reliability (i.e., whether items 

measuring the same content yield similar responses) cannot be estimated (Wanous et al., 1997). 

Traditional measures of validity, such as criterion validity, are also complicated, since ESM 

items might not strongly correlate with one-time questionnaires measuring the same construct 

(Varese et al., 2019). One-time questionnaires typically measure a construct from a static 

perspective, covering long periods of time (and therefore potentially including recall bias; 

Varese et al., 2019); measuring that same construct from a dynamic perspective and then 

aggregating the responses does not necessarily yield similar results (e.g., since state 

measurements could vary depending on the context; Hektner et al., 2007). This is reflected by 

how uncertainty still abounds regarding the relationship between state and trait measures, 

which can be divergent (as is the case with state versus trait anxiety; for discussion, see Balsamo 

et al., 2013; Heeren et al., 2018).  

That said, there are still ways to assess an ESM item’s reliability and validity. Multilevel 

reliability (which assesses both between and within-person reliability) can be examined if 

multiple items form a scale assessing the same overall construct (Cranford et al., 2006; P. 

Shrout & Lane, 2012). At a very basic level, researchers can evaluate the content validity of 

ESM reports by examining whether internal experiences make sense together—that is, similar 

states should positively correlate, whereas dissimilar states should negatively correlate (Eisele 

et al., 2021; Hektner et al., 2007). Researchers can also examine convergent and discriminant 

validity by correlating ESM measures with retrospective measures of the same construct and 

different constructs (Eisele et al., 2021). Since ESM items aim at capturing daily fluctuations, 

it is also necessary to ensure that item responses have sufficient within-subject variability. To 

do so, one can examine the intra-individual standard deviation and intraclass correlation 

coefficients (ICCs) of each item (Trull & Ebner-Priemer, 2020). Nonetheless, since assessing 

the reliability and validity of ESM measures is arduous, it is vital that the item-development 
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phase yields items that are self-explanatory and unambiguous (i.e., have high face validity) 

while covering all aspects of the construct (i.e., have high content validity). The recommended 

method to develop ESM items with high face and content validity is to pilot potential items 

with members of the targeted community, collect qualitative feedback from these community 

members, and review item phrasings and content with experts (Myin‐Germeys et al., 2018; 

Varese et al., 2019; Vasconcelos e Sa et al., 2019). 

Following the above guidelines, we accordingly had three major goals. First, we sought 

to develop a brief set of ESM items (in French and English) to assess parental burnout and 

relevant contextual variables, adapted to daily measurement with high face and content 

validity. To meet the first goal, we carried out an intense item development process, which 

included adapting items from existing one-time questionnaires (which measure their construct 

over a window of anywhere from the past two weeks to the past few years) into comparable 

measures of state constructs, as well developing new items from scratch; we developed the 

items in French and then back-translated them into English. Since we did not find many 

resources on how to develop ideal ESM items, we also wanted to share all aspects and materials 

of this item development process. Second, we wanted to ensure that parents were comfortable 

using this tool (i.e., minimal burden and applicable to their daily experience). To assess this 

second goal, we asked the parents who participated in the different ESM data collections for 

qualitative feedback regarding their experience answering the ESM items and any suggestions 

they had to render future studies easier for participants. Third, we wanted to examine how the 

ESM items performed when administered to multiple samples over different lengths of time. 

To assess this third goal, we examined whether items yielded sufficient within-person variance 

(i.e., low ICCs), whether the parental burnout items had good reliability, and whether the ESM 

items had good convergent/divergent validity with retrospective questionnaires. If we met 

these three goals, we wanted to share the resulting ESM items, administration methods, and 

materials to further stimulate research on the dynamics of parental burnout and the family 

context and ease direct comparisons between different studies.    

5.2 Method 

We report our rationale for the technical details of this ESM questionnaire (e.g., why we 

chose single-item measures, a daily interval for ESM assessment, and a continuous response 

scale) in Appendix C.  

Item development 

Development procedure 

We first decided on the desired categories for items. We naturally included the features 

of parental burnout, but we also included relevant contextual family variables that would likely 

vary daily and interact with the parental burnout variables. Since a previous (cross-sectional) 

network study has identified that partner conflict and estrangement, as well as child neglect 
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and abuse, interact with parental burnout (Blanchard et al., 2021), we wanted to include 

variables that broadly represent partner relationships and behaviors toward children. However, 

in the present study, we sought to investigate how parental burnout variables interacted more 

generally with the family context. In addition, ESM items should not assess extreme states but 

instead focus on behaviors common in daily life to yield sufficient temporal variation (Myin‐

Germeys et al., 2018; Varese et al., 2019; Vasconcelos e Sa et al., 2019). Since the theoretical 

framework of parental burnout also emphasizes the role of parental resources, we also included 

a category for daily resources and support from their social circle.  

We then sought (French-language or translations of) questionnaires that assessed these 

categories (Beck et al., 1998; Brianda et al., 2019; Fombonne et al., 1988; Mikolajczak, Brianda, 

et al., 2018; Mikolajczak & Roskam, 2018; Roskam et al., 2018; Spitzer et al., 2006; Zacchilli et 

al., 2009) and adapted relevant items (typically with high factor loadings) for daily use. We 

included both negatively and positively worded items, following the recommendation of 

Vasconcelos e Sa and colleagues (Vasconcelos e Sa et al., 2019), to ensure sufficient variability. 

We also aimed for items that were broadly applicable to all parents and children at least some 

days (e.g., not questions that were only relevant for parents of infants). In total, we adapted 

and created 70 items. The first, second, and last author of this paper intensively workshopped 

the phrasing and content of these items so that these accurately assessed the relevant categories 

and suited a daily assessment. We then sought preliminary feedback from parents (n = 7) and 

adapted the questions based on their suggestions. The complete list of item revisions and 

permutations can be found on the Open Science Framework (OSF): https://osf.io/46z8x/. 

We then conducted a pilot phase of data collection with a small group of parents (n = 5; 

see Table 3 for more information), so that parents could experience and give feedback on 

answering items daily. In this way, we could gauge which items yielded insufficient variation 

in participant responses, and parents reported to what extent they judged items as clear, 

unambiguous, and easy to answer. Based on participant feedback about how repetitious the 

items were, as well as the reasoning explained above regarding single-item measures, we chose 

one item per category based on response variability, parent feedback, and expert opinion. We 

then had another round of workshopping and discussion regarding item phrasing. We then 

conducted a back-translation process to arrive at an English-language version of these ESM 

items. More details on this process are available in Appendix C.  

Table 3. Information on the Different Data Collections 

Note. a Single parent is defined here as someone parenting their children without a second co-parent 
(even if they are in a relationship with someone). 

Item testing 

Sample N 
Mothers,  

n (%) 

Single parents,   

n (%)a  
Dates collected # days  Briefing type 

Median 

survey time 

Compliance 

rate 

Initial Pilot  5 3 (60%) 1 (20%) Oct.-Nov. 2020 7  Text -- -- 

French 2-week  9 8 (89%) 1 (11%) Dec. 2020 14  Text 1.33 min 95% 

English 2-week  23 22 (96%) 0 May-June 2021 14  Recorded video 1.39 min 87% 

French 8-week  50 46 (92%) 4 (8%) April-June 2021 56  Video call 1.32 min 94% 

https://osf.io/46z8x/
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Software: formr 

A primary barrier to implementing ESM in research and clinical practice with up-to-date 

technology (e.g., electronic software, time-stamped entries) is the expense of the software 

(Varese et al., 2019). Indeed, software and applications designed explicitly for ESM purposes 

are often either expensive or suboptimal (e.g., restricted to android devices and thereby 

limiting who can participate). Therefore, we opted to use formr, a free and open-source software 

(Arslan et al., 2020); this also means we can share all materials. Since formr operates via 

webpages, it can be used on any device and does not require participants to download any 

software or application. In addition, many aspects are also customizable using R; we discuss 

more details of formr and how to use it for ESM studies in Appendix C. We share formr 

templates for our ESM studies (French-language version: https://osf.io/c492m/, and English-

language version: https://osf.io/p95zs/). Templates include all steps of collecting the ESM data: 

the enrollment survey wherein participants choose their notification time and type of 

notification (text message or email), the demographic questionnaire, the ESM items, and the 

figures apprising participants of their progression through the study.  

Testing procedure: Data collection (English & French versions) 

We conducted two preliminary phases of data collection (one for the French version of 

the items, one for the English version) to examine the variance in participants’ responses to 

ESM items over two weeks, as well as to examine the three parental burnout items as a parental 

burnout ESM scale. As part of another project, we also conducted a longer data collection 

(spanning 8 weeks) with 50 parents. Details on the different data collections can be found in 

Table 3 and demographic information in Table 4, while additional information about the 

different data collections are reported in Appendix C. All responses were collected using formr 

(Arslan et al., 2018). All parents provided written informed consent to share their anonymized 

data, and the project received the approval of the Biomedical Institutional Review Board of 

UCLouvain (approval date: 11 May 2020; protocol title: PBNET). We recruited parents that 

had at least one child living at home; we purposefully did not restrict our sample to parents 

with only young children (or only older children), since we aimed to assess the questionnaire’s 

suitability for parents with children of varying ages. For the preliminary data collections, we 

recruited parents from among the authors’ acquaintances, and via emails to relevant groups; 

for the eight-week data collection, we recruited parents using flyers, social media posts and 

emails to relevant groups. Of critical interest, we also sought in-depth qualitative feedback from 

the parents about the items and their experience as participants. 

  

https://osf.io/c492m/
https://osf.io/p95zs/


76 | The temporal dynamics of parental burnout 

Table 4. Demographic Information 

Note. DASS = Depression Anxiety Stress Scales.  
a This refers to a child that was 3 months old at the start of the data collection 
b This refers to a child that was a few days old at the start of the data collection 

French-language two-week sample 

First, we administered the French-language versions of the 11 items (see Appendix C) for 

9 French-speaking parents. On the first day, participants filled out a demographic 

questionnaire and the Parental Burnout Assessment (PBA; Roskam et al., 2018). Based on 

participant feedback from the pilot (see Appendix C), participants could also select in this 

initial questionnaire whether they received the notifications containing the survey link via text 

message or email. They were also invited to choose their favored time, between 6 PM to 9 PM, 

to receive the notification (i.e., they were asked to choose a time after most of their interactions 

with their children were over). They received one reminder notification two hours later, and 

the questionnaire expired after five hours. The phrasing of the items was specifically tailored 

to the participants: if they had one child, the item included the words “my child”; if they had 

multiple children, the question referred to “my children.” As French is a gendered language, 

the same principle applied for the gender markers of the participant and their partner, as well 

as if the participant was a single parent (questions referring to “partner” were then not shown). 

This tailoring of item phrasing was performed automatically through formr (for details, see the 

formr template: https://osf.io/c492m/, and specifically the survey entitled ‘ESM_PB’). The ESM 

items were shown in randomized order. Figure 9A illustrates how the ESM questionnaire 

Demographic Variable Mean SD Min Max 

Initial Pilot      

   Age of parents 42.20 5.64 35 50 

   Number of children (living under same roof) 1.6 0.55 1 2 

French-language Two-week Data Collection     

   Age of parents 44.67 5.55 36 52 

   Number of children (living under same roof) 1.78 0.97 1 4 

   Parental Burnout Assessment (total score) 15.44 15.03 3 49 

English-language Two-week Data Collection     

   Age of parents 39.3 7.95 27 60 

   Number of children (living under same roof)  2.39 1.34 1 5 

   Age of children in years (living under same roof) 10.50 5.65 0.2a  21.8 

   Parental Burnout Assessment (total score) 22.90 16.20 2 61 

   DASS (total score) 16.70 12.80 0 48 

French-language Eight-week Data Collection     

   Age of parents 37.56 5.28 30 50 

   Number of children (living under same roof) 1.98 2.96 1 4 

   Age of children in years (living under same roof) 7.94 5.53 0.01b 21.70 

   Parental Burnout Assessment (total score) 37.84 25.81 8 131 

   Generalized Anxiety Disorder-7 Questionnaire 5.58 5.35 1 20 

   Beck Depression Inventory 11.20 10.22 0 52 

https://osf.io/c492m/
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appears on participants’ phone screen. Since this data collection occurred during a semi-

lockdown period in Belgium (due to COVID-19), we added a question to assess how much 

time parents had spent with their children that day. However, this could also be generally 

useful to assess if children spend a few days away from their parents (e.g., because they are with 

grandparents or on a fieldtrip, because the parents are away for a business trip).  

 

Figure 9. ESM Items and Daily Feedback (Participant View) 

Note. A) Participant view of the ESM survey, accessed by a personalized webpage sent to them by an 
email or text message notification. An example version of this survey can also be viewed here: 
https://exempleparent.formr.org/. B) Completion feedback screen participant sees about how many 
ESM surveys they have answered so far during the week and how many they have left.  

After completing the daily survey, the participants saw a specialized feedback message 

(specific to the day of the week and the percentage of time-points completed, to maintain 

participants’ motivation and investment in participating in the study). Next, they saw a 

feedback graph showing them how many surveys they had filled out so far that week (see 

Figure 9B). On the fifteenth day, participants answered a follow-up feedback questionnaire, 

assessing their understanding of the items and soliciting any qualitative feedback about item 

phrasing, and their overall experience of the study.  

English-language two-week sample  

Next, we conducted a two-week data collection period with 23 parents using the English-

language ESM items. The procedure was the same as for the French-speaking parents, except 

parents also filled out the Depression Anxiety Stress Scales (DASS; Lovibond & Lovibond, 

https://exempleparent.formr.org/
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1995). These parents had a high level of English (all but one were either native English speakers 

or used English regularly at their work) and lived in Belgium. 

French-language eight-week sample 

Since the previous data collections only spanned two weeks, we also included data 

collection from another project (https://osf.io/pshdn/) which spanned eight weeks. Before 

parents started this study, a researcher conducted an in-depth introductory briefing session 

with them to go over each item one-by-one and answer any questions; to this end, we created 

a formr survey with just the ESM questions, to introduce participants during the introductory 

briefing session to how the software operates, as well as for interested readers to take a look: 

https://exempleparent.formr.org/. This type of introduction and training meeting is known to 

enhance participant compliance (Trull & Ebner-Priemer, 2020). 

We present preliminary results from this dataset (including ICCs, multilevel reliability 

for the three parental burnout items, and parent feedback) to examine the long-term use of 

these ESM items. Compared to the previous data collections, French-speaking parents 

additionally filled out the Generalized Anxiety Disorder-7 questionnaire (GAD; Spitzer et al., 

2006) and the Beck Depression Inventory (BDI; Beck et al., 1998). 

Statistical analyses 

In addition to summarizing the qualitative feedback from parents, we also used 

quantitative methods to assess whether the final items were adequate for ESM use. First, we 

assessed whether the item responses yielded sufficient within-subject variability. To do so, we 

computed the ICC for each variable using intercept-only multilevel models, as is common 

within ESM studies (Gabriel et al., 2019). The ICC represents the proportion of the total 

variance due to between-person variance (Lüdtke & Trautwein, 2007; Snijders & Bosker, 1999); 

for example, an ICC of .40 indicates that 40% of the variance is due to between-person variation 

and 60% to within-person variation. Therefore, low ICC values indicate that an item possesses 

substantial within-subject variability; ICCs below .5 are usually accepted within ESM research, 

although some ESM researchers find typical ICC values to be between .2 and .4 (Eisele et al., 

2021). We also report the intraindividual means and standard deviations, following the 

recommendation of Trull and Ebner-Priemer (2020).  

Next, for samples in which we collected retrospective questionnaires about both parental 

burnout and distinct constructs (e.g., anxiety, depression, or stress), we examined the 

correlation table of all ESM items (aggregated within persons) with the questionnaire scores. 

Although within-person measures cannot be expected to match perfectly with between-person 

measures, we can still expect that the three parental burnout ESM responses should be more 

closely correlated with retrospective parental burnout measures than with retrospective 

measures of depression, anxiety, or stress, in line with expected convergent and discriminant 

validity (Eisele et al., 2021). 

https://osf.io/pshdn/
https://exempleparent.formr.org/
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Lastly, although we could not assess the multilevel reliability of all variables, since they 

were all single-item measures, three items did represent three features of parental burnout. We 

therefore computed the multilevel reliability of a ‘parental burnout scale’ which included the 

Exhaustion, Emotional Distance (reverse-coded), and Fed Up variables, following the method 

of Cranford et al. (2006) and Shrout & Lane (2012). We used the mlr function in the R package 

psych version 2.0.9 (Revelle, 2020) to partition variance into between-individual (denoted RKR) 

and within-individual reliability (denoted RC). Low or moderate within-individual reliability 

is acceptable, since we expect substantial within-person variability, but high between-

individual reliability is required for an ESM scale to be reliable.  

We carried out all analyses in R 4.0.3 (R Core Team, 2021) and generated all plots with 

the ggplot2 package, version 3.3.2 (Wickham, 2016). All anonymized data and R code can be 

found at https://osf.io/b35ec/. 

5.3 Results 

Finalized ESM items 

The English translation of the finalized ESM items appears in Table 5.  

Table 5. Parental Burnout and Family Context: ESM Items 

Category Item (English version) 

Emotional Exhaustion I felt exhausted while caring for my children. 

Emotional Distance I felt close to my children in both good and bad situations. 

Feeling Fed Up I felt overwhelmed caring for my children. 

Partner Support I received help from my partner with caring for my children. 

Partner Conflict I had some misunderstandings, tension, or arguments with my partner. 

Kids’ Behavior a My children were difficult to manage. 

Behavior towards Kids (+) a I shared positive moments with my children. 

Behavior towards Kids (-) a I got angry with my children. 

Resources 
I lacked the means (for example, time, energy, material resources) to take 

care of my children. 

Social Support 
I received help from friends or family (other than my partner) with caring 

for my children. 

Time with Kids 
Around how many hours did you spend near your children 

today (outside of sleeping hours)? 

Note. These ESM items were presented in random order on the same page, with “Today” at the top. 
ESM = experience sampling methodology.  
a For these three item labels, we changed the exact label in subsequent publications that used this ESM 
tool, on the suggestion of a reviewer to make the label closer to the actual item content. As such, in 
Blanchard et al. (2023) and likely in subsequent publications, these items are labeled as “Difficult to 
Manage (Kids)” with the shorter version (e.g., for figures) as “DiffKids,” “Positive Moments (Kids)” with 
the shorter version “PosMoKids,” and “Angry (Kids)” with the shorter version “AngKids.” 

The finalized French ESM items, as well as figures showing the mean daily response with 

standard deviations, can be found in Appendix C. 

https://osf.io/b35ec/


80 | The temporal dynamics of parental burnout 

French-language two-week data collection 

The median time participants took to complete the ESM survey was 1.33 minutes. Overall, 

the rate of participant compliance was 95%. Each item appears to have sufficient within-person 

variation for analyses: there is a substantial intraindividual standard deviation for each item, 

and the ICCs of almost all items indicate that most item responses exhibit more within-person 

variation than between-person variation (i.e., ICCs < .50; see Table 6). Partner conflict was the 

only item with a somewhat larger ICC (.60), but it still contains a large intraindividual standard 

deviation. Using variance partitioning methods to estimate the multilevel reliability of the 

parental burnout scale (made up of the three parental burnout features: Exhaustion, Emotional 

Distance, and Feeling Fed Up), we found that the between-individual reliability was relatively 

high (RKR = 0.85) while the within-individual reliability was, as expected, moderate (RC = 0.53). 

Table 6. Intra-individual Means, Standard Deviations, and ICCs for Each ESM Item 

 French 2-Wk Sample  English 2-Wk Sample  French 8-Wk Sample 

ESM item iiMean iiSD ICC  iiMean iiSD ICC  iiMean iiSD ICC 

Emotional Exhaustion 20.41 21.27 0.26  33.31 19.01 0.51  29.2 24.31 0.23 

Emotional Distance 87.57 11.02 0.32  85.02 9.09 0.62  76.11 15.74 0.38 

Feeling Fed Up 14.2 17.34 0.15  24.53 17.76 0.40  22.52 21.89 0.16 

Partner Support 52.79 24.25 0.40  71.96 18.5 0.57  62.51 25.15 0.42 

Partner Conflict 30.49 22.14 0.60  21.78 19.1 0.31  18.97 22.87 0.19 

Kids’ Behavior 20.19 19.72 0.28  23.01 17.97 0.24  26.18 22.54 0.19 

Behavior toward Kids (+) 82.35 14.98 0.37  85.41 11.98 0.36  76.82 16.38 0.38 

Behavior toward Kids (-) 22.7 21.79 0.27  24.05 20.22 0.25  22.92 23.37 0.18 

Resources 22.62 23.95 0.12  24.93 19.1 0.33  32.44 24.84 0.26 

Social Support 27.75 27.91 0.28  13.76 13.72 0.46  25.86 32.02 0.14 

Time Spent with Kids 6.09 2.60 0.47  7.43 2.78 0.39  8.01 3.62 0.24 

Note. Wk = Week; ICC = intraclass correlations; ESM = experience sampling methodology; iiMean = 
intraindividual Mean; iiSD = intraindividual standard deviation. 

English-language two-week data collection 

The median time participants took to complete the daily ESM survey was 1.39 minutes. 

The compliance rate was 87% (although formr did have server issues during this period of data 

collection, leading many participants to miss one questionnaire). Although most ICCs were 

below .50, a few were higher (specifically, emotional exhaustion at .51, emotional distance at 

.62, partner support at .57; see Table 6). However, when we removed participants who showed 

no variation in responses (n = 2), and afterward removed participants who showed very little 

variation (n = 7), these ICCs did decrease (see Section 8 of the appendix)1. When examining 

the multilevel reliability of the three items making up the parental burnout scale, the between-

individual reliability was high (RKR = 0.94), while again the within-individual reliability was 

 
1 Note that these participants all had high levels of English and were of similar nationalities as the 
participants with greater response variation (e.g., Belgian, American, Canadian, etc.).  
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moderate (RC = 0.52). Parental burnout ESM items correlated significantly with a retrospective 

questionnaire on parental burnout but did not do so with retrospective measures of depression, 

anxiety, or stress (see Figure 10).  

 

Figure 10. Correlation Plot of All Aggregated ESM Variables from English-language 
Two-week Data Collection 

Note. The correlation table includes data averaged within person instead of all the data because of the 
temporal dependence between time-points. ESM = experience sampling methodology; Exh = 
emotional exhaustion; Dist = emotional distance; FedUp = feeling fed up; PartnerSupp = partner 
support; PartnerConf = partner conflict; KidsBx = children’s behavior; KidsPos = positive behavior 
toward children; KidsNeg = negative behavior toward children; Res = resources; SocialSupp = social 
support; TimeKids = time spent with kids; PBA = Parental Burnout Assessment; DASS = Depression, 
Anxiety Stress Scales; Str = stress subscale; Anx = anxiety subscale; Dep = depression subscale. *p < 
.05. **p < .01. ***p < .001.  

French-language eight-week data collection   

Participants took a median of 1.32 minutes to answer the ESM items, and the overall 

compliance rate was 94%. All items showed sufficient intraindividual variability (all ICCs were 
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below 0.5, and except for Partner Support all were below 0.4; see Table 6). Again, the between-

individual reliability for the three parental burnout ESM items was high (RKR = 0.96), whereas 

the within-individual reliability was moderate (RC = 0.58). Parental burnout ESM items were 

more strongly correlated with the parallel retrospective subscale (e.g., the Exhaustion subscale 

with the PBA Emotional Exhaustion subscale) and the total PBA score than with the BDI or 

GAD (and in fact, only the Emotional Distance ESM item was significantly correlated with the 

GAD score; see Figure 11).   

 

Figure 11. Correlation Plot of All Aggregated ESM Variables from French-language 
Eight-week Data Collection 

Note. The correlation table includes data averaged within person instead of all the data because of the 
temporal dependence between time-points. ESM = experience sampling methodology; Exh = 
emotional exhaustion; Dist = emotional distance; FedUp = feeling fed up; PartnerSupp = partner 
support; PartnerConf = partner conflict; KidsBx = children’s behavior; KidsPos = positive behavior 
toward children; KidsNeg = negative behavior toward children; Res = resources; SocialSupp = social 
support; TimeKids = time spent with kids; PBA = Parental Burnout Assessment; GAD = Generalized 
Anxiety Disorder questionnaire; BDI = Beck Depression Inventory.  

*p < .05. **p < .01. ***p < .001.  
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Participant feedback 

French-language two-week data collection 

The participants overall thought the general interface and slider were easy to use, and 

parents generally reported appreciating participating in the ESM study (further parent 

feedback is reported in Appendix C). Parents rated whether they would recommend the studies 

to others on a scale from 1 (not at all) to 7 (absolutely); their mean response was 6.29. 

English-language two-week data collection 

After the two weeks of ESM questions, participants rated whether they thought the daily 

questions were clearly phrased on a scale from 1 (not at all) to 5 (completely) with a mean 

response of 4.73 (SD = .45) and whether they found the questions applicable to their daily life 

with a mean response of 4.36 (SD = 0.85). On whether they found the study to be a burden, 

participants answered with a mean response of 1.23 (SD = 0.61). 

French-language eight-week data collection 

After eight weeks of answering daily ESM questions, parents rated to what extent they 

found the study to be a burden, from 1 (Not at all) to 5 (Extremely); their mean response was 

1.53 (SD = 0.71). 

5.4 Discussion 

Thus far, research on parental burnout has not examined whether parents experience 

fluctuations in the features of parental burnout. However, the theoretical framework 

conceptualizing parental burnout emphasizes the crucial role of the parent’s time-varying 

family context—particularly, their parenting resources and stressors (Mikolajczak & Roskam, 

2018). Therefore, a critical next step in parental burnout research should involve examining 

how the specific features of parental burnout fluctuate from day to day in interaction with the 

ever-changing family context. Investigating daily fluctuations involves ESM methods, with 

parents answering the same questions repeatedly in their daily lives; one can then use the 

resulting intensive longitudinal data to address research questions about the onset, 

maintenance, and interactions of parental burnout features within their family context. 

However, there is currently no existing tool to measure the features of parental burnout and 

related family variables on a repeated and frequent basis. This paper therefore had three 

complementary goals: first, to develop such an ESM tool; second, to ensure parents found it 

easy to use and not burdensome; and third, to assess the performance of the ESM tool.  

For our first goal, we set out to develop ESM items in line with the theoretical framework 

of parental burnout: items assessing the main features of parental burnout and parenting 

behavior, but also contextual variables that are likely to change over time, such as partner 

relationship, child behavior, perceived social support, and perceived general resources. We 
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solicited qualitative feedback regarding item content and phrasing from a total of 21 parents, 

as well as from parental burnout experts. This procedure winnowed an initial pool of 70 items 

to a final pool of 11 items, each with unambiguous phrasing that assessed the entire contents 

of its intended construct through a statement applicable to most parents daily.  

Our second goal was to ensure this tool was easy to use and not burdensome for parents. 

Since analyses using ESM data require many time-points (and perform better with no or 

minimal missing data), and since ESM methods intrude into participants’ daily lives by their 

very nature, this aspect is vital. Further, the target sample for these ESM items are parents, all 

of whom are busy and some of whom might be extremely exhausted or burned out. Therefore, 

these ESM items must present a minimal burden so that parents can comfortably answer the 

items over long periods of time. Across all samples, the ESM items took parents a median time 

of less than 2 minutes to complete, below the recommended three minutes for ESM 

questionnaires (Eisele et al., 2021; Varese et al., 2019). All three studies also had high 

compliance rate, with all parents answering over 85% of ESM prompts—in fact, the only 

sample with a compliance rate lower than 90%, the English-language sample, experienced 

issues with the formr server that caused most parents to miss at least one ESM prompt. In 

addition, parents reported in feedback questions that the ESM questionnaire was not a burden, 

that the questions were clearly phrased and applicable to their daily life, and that they would 

recommend the study to other potential participants.   

Our third goal was to assess the performance of these ESM items across three different 

samples, two languages, and two different lengths of time. Across these different samples, we 

examined whether the ESM items yielded sufficient within-person variability, which is 

necessary to investigate how variables fluctuate in time, the purpose of ESM (Varese et al., 

2019). In the eight-week data collection, we found that the ESM items do yield sufficient 

within-person variability, as all ICCs were below 0.5. The French-language two-week data 

collection had one ESM variable with an ICC over 0.5 (e.g., showing slightly more between-

subject than within-subject variation), and the English-language two-week data collection had 

a few more. However, these data collections spanned a shorter amount of time (and so allowed 

less varied experiences than over eight weeks). In addition, multiple of these items had 

substantial intra-individual standard deviations, and a few high ICCs seemed related to a few 

parents in particular answering exactly the same over two weeks. This might have had to do 

with only the French-language data collection having a face-to-face (video-call) briefing to 

explain the study to participants, test the items out together, and answer all questions. 

Therefore, we would recommend for future ESM studies with these items to include a face-to-

face briefing (as recommended for ESM studies generally; Trull & Ebner-Priemer, 2020) and 

to include sufficient time-points to allow parents to experience varied aspects of parenting and 

family life. We conclude that overall, these items do show sufficient variation for use in ESM 

studies; this finding in itself has theoretical importance, since it demonstrates that parental 

burnout features fluctuate over time in an unselected sample of parents. This aligns with 

previous findings about emotional exhaustion (Gillis & Roskam, 2020), but is the first to 

extend these results and find that emotional distance and feeling fed up also fluctuate daily. 
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For the two samples where parents answered retrospective questionnaires about both 

parental burnout and other constructs (e.g., depression, anxiety, and stress), we also examined 

the correlations of the aggregated ESM variables with these questionnaires. The three parental 

burnout ESM items (Emotional Exhaustion, Emotional Distance, and Feeling Fed Up) were 

more strongly correlated with the parental burnout subscale than with other constructs, 

providing initial convergent and discriminant validity. In fact, in our English-language data 

collection, these parental burnout ESM items were significantly correlated with the PBA but 

not with the DASS subscales (see Figure 10). In the eight-week French-language data collection, 

meanwhile, there were significant correlations between the parental burnout ESM items and 

the BDI as well as with the PBA, but the correlations with the corresponding PBA subscale 

were always stronger (see Figure 11). In addition, the BDI includes items that are not specific 

to depression (e.g., weight loss, insomnia, irritability), which is not the case for the DASS 

(Lovibond & Lovibond, 1995). This might have been the reason for this difference between 

datasets. In addition, when examining the correlation plot of all aggregated ESM variables, the 

correlations are all in the expected directions based on item content and valence; this is a 

promising preliminary finding regarding content validity (Hektner et al., 2007). The last part 

of assessing our ESM items involved examining reliability. Although we developed each item 

as a single-item measure for its construct (making it difficult to assess reliability overall), the 

three items measuring different features of parental burnout (Exhaustion, Emotional Distance 

when reverse-coded, and Feeling Fed Up) could also be summed into an ESM scale measuring 

overall fluctuations in parental burnout. When combined into one parental burnout scale, 

these three items had good-to-excellent multilevel between-subjects reliability.  

Overall, we therefore provide an ESM tool with good initial estimates of reliability and 

validity to encourage research into the dynamics of parental burnout and its family context 

and set the scene for future transfer into ideographical clinical research. We also share the 

materials we used to collect data (e.g., formr templates), in the hope that they might help other 

researchers interested in the dynamics of parenting, parental burnout, and the family context. 

Establishing shared ESM items allows for consistency in the definition and operationalization 

of items and concepts, as well as response scales, which is necessary to be able to compare ESM 

results and generalize findings (Mofsen et al., 2019; Myin‐Germeys et al., 2018; Trull & Ebner-

Priemer, 2020). 

Limitations  

There is the possibility that participants could show reactivity in response to seeing the 

ESM questions, based on comments from one parent saying she appreciated participating in 

the study as it allowed her to evaluate her emotional state when interacting with her children. 

However, since we value limiting the burden on parents, we do not think it would be feasible 

to implement potential solutions to reactivity (e.g., variable sampling frequencies; Nehrkorn-

Bailey et al., 2018). In addition, since we are especially interested in how these items influence 

one another (and not necessarily in what specific level each construct is at each day), we do not 

necessarily view reactivity as a crucial issue. And, in any case, previous research involving 
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parent daily diaries about parental warmth and conflict found that parents showed minimal 

reactivity over two months, and any small changes were mostly positive, in line with literature 

on self-monitoring (Reynolds et al., 2015). We are more concerned that the items might induce 

social pressure for parents or feelings of guilt (Meeussen & Van Laar, 2018). We thus 

formulated ESM items so that parents would not have to highly endorse sentences that went 

against social parenting norms (e.g., the item assessing emotional distance assesses its opposite, 

emotional closeness). A further limitation relates to the generalizability of samples: all samples 

include mostly mothers and relatively few fathers, and were limited to parents living in 

Belgium. Although the purpose of this project was to detail the creation of ESM items and 

initially test them, future research should also confirm that these items are appropriate for 

more diverse and heterogeneous populations.  

Future directions  

Being able to explore the temporal dynamics of parental burnout opens new horizons for 

parental burnout research. ESM research can clarify the basic understanding of how a 

psychological construct develops and evolves within its context (Myin‐Germeys et al., 2018). 

This is especially relevant for parental burnout, since its context—the parent’s family 

situation—is a key component within the theoretical framework of parental burnout 

(Mikolajczak & Roskam, 2018). There might also be differences in the fluctuations of parents 

with parental burnout and those without, and understanding these differences would provide 

insight into how parental burnout operates. For example, it is unclear at this stage whether 

these fluctuations vary depending on the level of burnout; it is possible that when parents are 

burned out, they experience fewer fluctuations of the parental burnout features. In addition, 

since previous research has shown associations between parental burnout on the one hand, 

and marital conflict and neglect and violence toward children on the other (Mikolajczak, 

Brianda, et al., 2018), investigating how parental burnout features interact with behavior 

toward the children and the partner can help clarify the exact pathways between parental 

burnout and family dysfunction. Overall, ESM research encourages dynamic questions 

investigating change, stability, catalysts of change, and temporal interactions; many analysis 

types exist to investigate these questions, including multilevel models, temporal networks, and 

dynamic systems modeling (Jordan et al., 2020; Myin‐Germeys et al., 2018; Nehrkorn-Bailey et 

al., 2018).  

Integrating ESM methods within clinical research has also been recommended: adding 

in-the-moment assessments of a patient’s state as an outcome measure for clinical trials can 

improve measurement precision and lower recall bias (Mofsen et al., 2019). Possibilities also 

arise to directly integrate ESM methods with clinical work. One example involves generating 

an idiographic network for a patient, which would allow both the clinician and the parent to 

visualize how that parent’s symptoms interact over time (Epskamp & Fried, 2018; for a 

discussion, see Blanchard & Heeren, 2020). Another example involves detecting early warning 

signals heralding a transition into (or out of) a state of parental burnout, using methods from 

research on critical transitions in ecosystems (Scheffer et al., 2009). For instance, previous 
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research has demonstrated such warning signals for depression (van de Leemput et al., 2014; 

Wichers et al., 2016) and bipolar disorder (Bayani et al., 2017), and more transdiagnostic 

approaches have been proposed as well (Wichers et al., 2019). Although these individualized 

applications are not yet ready for clinical implementation, requiring further methodological 

and analytic refinements (Bastiaansen et al., 2020; Wichers et al., 2017), they set the scene for 

radically new ways to inform clinical work and future development in parental burnout 

research.  

Conclusion 

Parental burnout is a growing area of research, but this research has not yet considered 

the possibility of day-to-day fluctuations in its features. Only one study so far has examined the 

daily fluctuations of a feature of parental burnout: parental exhaustion. We provide initial 

evidence that not only emotional exhaustion, but also emotional distance and feeling fed up—

three of the main features of parental burnout—fluctuate daily. This ushers new possibilities 

for research examining how parental burnout develops and persists within its specific family 

system. To allow consistency in future research on the temporal dynamics of parental burnout, 

we detail our methods in creating an ESM tool with 11 items measuring parental burnout and 

related family variables (parent behavior, child behavior, partner interactions, social support, 

and resources).





 

 

Chapter 6. 
 

Current and optimal practices for temporal 
network analyses: A scoping review 

Network analyses have become increasingly common within the field of 
psychology, and temporal network analyses in particular are quickly gaining 
traction, with many of the initial articles earning substantial interest. However, 
substantial heterogeneity exists within the study designs and methodology, 
rendering it difficult to form a comprehensive view of its application in psychology 
research. Since the field is quickly growing and since there have been many study-
to-study variations in terms of choices made by researchers when collecting, 
processing, and analyzing data, we saw the need to audit this field and formulate a 
comprehensive view of current temporal network analyses. To systematically chart 
researchers’ practices when conducting temporal network analyses, we reviewed 
articles conducting temporal network analyses on psychological variables 
(published until March 2021) in the framework of a scoping review. We identified 
43 articles and present the detailed results of how researchers are currently 
conducting temporal network analyses. A commonality across results concerns the 
wide variety of data collection and analytical practices, along with a lack of 
consistency between articles about what is reported. We use these results, along 
with relevant literature from the fields of ecological momentary assessment and 
network analysis, to formulate recommendations on what type of data is suited for 
temporal network analyses as well as optimal methods to preprocess and analyze 
data. As the field is new, we also discuss key future steps to help usher the field’s 
progress forward and offer a reporting checklist to help researchers navigate 
conducting and reporting temporal network analyses. 
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6.1 Introduction 

The study of complexity has gained traction within multiple fields over the last few 

decades (Barabási, 2012), and psychology has recently embraced approaches exploring 

complexity as well. One such example is the network approach, which graphically models 

psychological phenomena as dynamic systems of interacting variables: a network (for an 

overview of the methodological approach, see Borsboom et al., 2021). Most of the research 

applying a network approach within psychology has specifically focused on psychopathology, 

viewing mental disorders as arising from the interactions between symptoms instead of from 

one common cause (Borsboom & Cramer, 2013). This view of psychopathology as a system of 

symptoms that interact and exacerbate one another is termed the network theory of 

psychopathology, and it comes with several crucial assumptions: that a central, or well-

connected, symptom plays a crucial role in maintaining the entire psychopathology network, 

for example, or that a network with more connections between symptoms indicates more 

severe pathology (Borsboom, 2017). These assumptions are still under investigation (for 

reviews, see Blanchard & Heeren, 2022; Bringmann et al., 2022; McNally, 2021), but 

researchers have embraced the crucial tenet that psychopathology should be investigated by 

examining the complex interactions between symptoms—even outside the context of network 

theory. Indeed, the network approach within psychology has also included variables other than 

symptoms (Jones et al., 2017) and constructs other than psychopathology (e.g., personality: 

Cramer et al., 2012; intelligence: Van Der Maas et al., 2017; attitudes: Dalege et al., 2016). 

However, most psychology research involving network analyses thus far has utilized cross-

sectional networks, and therefore mainly investigate the interactions between variables at one 

timepoint. Most psychological constructs, however, evolve over time, and examining 

relationships between variables from one timepoint to the next is the next horizon in the 

network approach to psychology (Blanchard & Heeren, 2022; Bringmann et al., 2022). 

Temporal network analyses are a specific type of network analysis estimated using 

intensive longitudinal data (e.g., data collected repeatedly over time), allowing researchers to 

visualize the temporal connections between psychological variables. These networks 

graphically model how variables interact and predict one another from one timepoint to the 

next (more so than just the past information from one variable alone, and so providing 

information about Granger causality; Jordan et al., 2020). Temporal networks thus have 

enormous potential to inform our theoretical insight into psychological constructs by 

investigating dynamic questions, such as how variables evolve or interact over time (Jordan et 

al., 2020; Wichers et al., 2017). For example, in a recent study on social media use and well-

being, time spent on Facebook at one timepoint predicted negative affect, decreased self-

esteem, feeling insecure and social comparisons at the next timepoint. In contrast, none 

predicted Facebook use, suggesting that the relationship between Facebook use and these 

variables is one-way and not bidirectional (Faelens et al., 2021). In another example examining 

eating disorder symptoms in at-risk populations, cognitions about fatness and fear of weight 

gain predicted many other symptoms, highlighting the central role of these variables in the 

development of eating disorders (Levinson et al., 2020). Both of these examples also illustrate 
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the usefulness of temporal network analyses for clinical applications, by suggesting key 

variables or symptom inter-relations to target in interventions. Although most of the temporal 

network articles so far have focused on clinical populations or research questions, others have 

investigated questions involving general emotion dynamics (Bringmann et al., 2013; Elovainio 

et al., 2020; Martín-Brufau et al., 2020; Meng et al., 2020) or even personality (Lazarus et al., 

2020; Pavani et al., 2017).  

Temporal networks offer great potential to psychology, but they also require demanding 

data collection and novel analysis methods. Indeed, temporal networks are estimated on data 

with many timepoints such as from ecological momentary assessments (EMA)1: this data is 

typically collected in participants’ daily lives, with participants answering short questions 

multiple times a day over several days or weeks (Myin‐Germeys et al., 2018). Dynamic 

networks can also incorporate intensive longitudinal data that is not self-reported, such as from 

activity trackers (Nehrkorn-Bailey et al., 2018) or passive digital phenotyping (Lydon-Staley et 

al., 2019). The intensive longitudinal data is typically analyzed using multilevel vector 

autoregressive (mlVAR) models, which regress a variable at time t on that same variable at time 

t-1 within a multilevel framework (to account for timepoints within subjects). However, other 

analyses to generate group-level temporal networks also exist. Examples include Bayesian 

multivariate multilevel models and group iterative multiple model estimation (GIMME), 

which builds a group network structure from subject-specific networks (for a clear overview of 

these different analysis methods, see Jordan et al., 2020; for an in-depth explanation, see 

Epskamp et al., 2018). For most temporal network models, one can estimate up to three 

networks, each visualizing a different type of relationship between nodes: contemporaneous 

(i.e., relations between nodes within one timepoint, controlling for temporal relationships; 

hypothesized to capture processes that occur faster than the timepoints are measured; Epskamp 

et al., 2018), temporal (i.e., relations between nodes from one timepoint to the next), and 

between-subjects (i.e., relations between means of different subjects). After generating 

networks, many researchers examine specific questions, such as which are the strongest edges 

(e.g., connections) between nodes, or which nodes are the most central (e.g., most strongly 

connected to other nodes, and therefore assumed to influence the entire network).  

However, as the data collection and analysis methods are novel and constantly evolving, 

there is substantial heterogeneity in network study designs. This is also heightened by temporal 

network analyses being relatively new to psychology, with the methodology to compute 

temporal networks only recently introduced (Bringmann et al., 2013; Epskamp, Waldorp, et 

al., 2018). Some of these varied practices also pertain to difficulties relevant to other fields (e.g., 

which assumptions do researchers check), while others are specific to temporal network 

analysis (e.g., varying methods to estimate and visualize temporal networks). Different research 

 
1 Although researchers use a variety of terms for intensive longitudinal data collection methods, 
including experience sampling methodology (ESM) and ambulatory assessment (AA), as well as daily 
diaries for repeated daily measures, we relied upon the term ecological momentary assessment (EMA) 
throughout the article, as this term is considered to have a broad methodology including many 
longitudinally intensive assessment traditions (Trull & Ebner-Priemer, 2009).  
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questions may also lead to different research practices: researchers could estimate just one 

network and examine specific edges or nodes, or they could compare networks between two 

groups (sometimes visually, sometimes with statistical analyses), sometimes focusing on 

differences in edges or nodes, sometimes in more global network topology such as 

connectivity. These varied approaches also lead to heterogeneous results that can be difficult 

to compare or interpret, and the field overall lacks a comprehensive view. 

Network analyses have become increasingly common in psychology, and temporal 

network analyses, in particular, are quickly gaining traction, with many of the initial articles 

earning substantial interest from psychology researchers. Since the field is so quickly growing, 

we saw the need to formulate a comprehensive view of current temporal network analyses. 

More specifically, we wanted to form a clearer understanding of what choices researchers made 

when collecting, processing, and analyzing data, with the goal of helping future researchers 

make informed decisions when conducting their own temporal network analyses. To be clear, 

temporal networks are a new and complex methodology, and the purpose of this review is to 

identify areas where the field as a whole can improve and to support coherence and consistency 

in how methods and analyses are reported. To systematically chart researchers’ practices when 

conducting temporal network analyses, we reviewed articles conducting temporal network 

analyses on psychological variables (published until March 2021) in the framework of a 

scoping review. Our goal with this systematic audit of the field is to determine the common 

practices involved in conducting temporal network analyses, and thus identify trends and gaps 

(Paré et al., 2015). We also synthesize this data to provide guidelines and guidance to help 

future researchers using temporal network analyses in psychological science.  

6.2 Methods 

A scoping review maps the key concepts or practices in emerging fields, and identifies 

gaps in a research field (Peters et al., 2015). This is more suited to our goal of auditing the 

specific data collection and analysis practices for psychological studies conducting temporal 

network analyses than a systematic review, which strives to “answer a clinically meaningful 

question or provide evidence to inform practice” (Munn et al., 2018; for examples of scoping 

reviews auditing data collection and analysis practices, see Kjellberg et al., 2016; Zarin et al., 

2017). We followed the PRISMA extension guidelines for scoping reviews (PRISMA-ScR; 

Tricco et al., 2018). Before beginning this scoping review, we preregistered our protocol, 

including our objectives, inclusion criteria, and methods on the Open Science Framework 

(OSF): https://osf.io/jwqmk/. Note that we slightly updated this registration (i.e., changes to 

the title and a few of the variables to be extracted). A complete list of the changes can be found 

here: https://osf.io/pgkr2/.  

Search strategy 

We searched in two psychology databases: Scopus and PsycInfo. The initial search took 

place in January 2020, with two updated searches in March 2020 and March 2021. The exact 

https://osf.io/jwqmk/
https://osf.io/pgkr2/
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search strings used can be found in Figure 12. Although most of this research has been 

conducted within clinical psychology, we did not restrict the scoping review to a specific 

domain of psychological sciences to be as inclusive as possible and maximize generalizability 

from the audit. Figure 12 shows the exact search phrase for each database.  

 

Figure 12. Literature Search Process 

Note: We included a search term for their reference section of all articles: articles had to reference D. 
Borsboom, since he has authored the main initial conceptual papers linking network analysis with 
psychological research; we assume that any article discussing the psychological implications of 
temporal network analyses would cite at least one of Borsboom’s initial articles. We included this search 
term to exclude articles with similar keywords that were not relevant to our search, such as research 
involving brain imaging, social networks, ecology, and so on. Figure template from (Page et al., 2021). 
The PRISMA 2020 statement: An updated guideline for reporting systematic reviews. BMJ, 372, n71. 
https://doi.org/10.1136/bmj.n71. For more information, visit: http://www.prisma-statement.org/.  

https://doi.org/10.1136/bmj.n71
http://www.prisma-statement.org/
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Inclusion criteria 

We limited our search to English-language studies that included data collected from 

human subjects and pertained to psychological variables. We limited our search to peer-

reviewed articles to ensure that the methods and analyses reviewed in this scoping review were 

approved by experts. Eligible articles also had to include time-series data and investigate 

temporal network dynamics at a group level. Although there are also a number of articles 

examining idiographic (i.e., personalized) networks, we decided to limit our review to 

nomothetic (e.g., group-level networks), since the data collection, methods and analyses vary 

substantially.  

Study selection process 

Two reviewers independently inspected all titles and abstracts for eligibility according to 

the inclusion criteria. In a second phase, the criteria were reviewed in the full texts of the 

articles. In the case of inconsistencies, the two reviewers discussed with a third reviewer to 

resolve any remaining disagreements. We used CADIMA (Kohl et al., 2018) for the study 

selection process. Due to a technical issue with CADIMA, we only have an inter-rater 

agreement for the third wave of the study selection process (assessing 105 abstracts), with a 

kappa value of 0.61, which is considered “good.” This translates to disagreements on 18 

abstracts, all of which were discussed and resolved with a third reviewer. Most inconsistencies 

were between “unclear” and “no” for criteria, reflecting that information about the inclusion 

criteria was not always apparent in the abstract.   

Data extraction (i.e., charting the data)  

Data extraction included variables about metadata, sample characteristics, data collection, 

data preprocessing, estimation of data analysis, visualization of data analysis, robustness2, and 

open science practices. We preregistered the exact variables for data extraction along with our 

protocol (https://osf.io/58swq/).3 Three reviewers jointly developed the data extraction form to 

determine which exact variables to extract, and they piloted it before use on two randomly 

selected temporal network articles.  

Two reviewers independently read all articles that met inclusion criteria and extracted the 

relevant information using a Google form (the contents of which can be found here: 

 
2 By robustness, we refer to “the stability of statistical inference under the variations of the accepted 
distribution models” (Shevlyakov & Vilchevski, 2002, p. vii); in other words, whether the model 
estimation yields comparable results with slight variations of the data (e.g., bootstrapped samples, case-
dropping).  
3 The original preregistered list of variables for data extraction can be found here: https://osf.io/v73nb/. 
We updated our preregistration in March 2021 when adding a year onto our search end date, and we also 
added five additional questions to our data extraction form, which we found pertinent after reviewing 
the first batch of articles. These changes are detailed in blue in our updated preregistration 
(https://osf.io/pgkr2/), and have to do with authors computing multiple networks in their paper, the 
specific model they use, and how the authors handle missing data.  

https://osf.io/58swq/
https://osf.io/v73nb/
https://osf.io/pgkr2/
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https://osf.io/mpj89/, and the link to the original form is in the preregistered protocol). The 

mean interrater agreement for categorical variables, calculated using the same procedure as 

(LópezNicolás et al., 2021) was a Cronbach’s kappa of k = .67 (SD=.25), signifying substantial 

agreement. The range of agreement across variables was quite wide, however, with kappa’s 

ranging from .08 to 1, reflecting how difficult it was to determine specific information for 

many of the variables investigated, in many cases because the articles themselves did not clearly 

describe all details of the data collection or analysis process. Only a few variables had a kappa 

below .5 (see Table S5), and we present more information regarding the Cronbach kappa’s for 

the categorical variables in the supplementary materials. All disagreements between the two 

reviewers were extensively reviewed and discussed with a third reviewer.   

Synthesis of results  

The full dataset is available on OSF as a .csv file (https://osf.io/jsqrc/). For convenience, 

we also share a web-based interface that can be used to filter or group any variable of the full 

dataset in an easier fashion (see https://airtable.com/shrcC5MOBhHwEbwD8). In this review, 

we also summarize key information relating to the data collection, preprocessing, data analysis, 

open science, and robustness practices. We present graphs for key results that were created 

using R, adapted from the R code of López-Nicolás et al. (2021). 

6.3 Results 

The PRISMA flow diagram in Figure 12 illustrates the study selection process for this 

scoping review. For each extracted variable, readers can see the full list of possible answers for 

categorical variables (e.g., answered via multiple choice option by the two extractors) and the 

exact wording for free-response variable in the data extraction form: https://osf.io/mpj89/. 

Study & sample characteristics 

Eighty-eight percent of articles (n=38) were either part of a larger project or a reanalysis 

of already preexisting data. The sample size per network ranged immensely (see Table 7). 

Regarding the type of sample, 51% of articles had a clinical or health-related sample (n=22), 

33% of articles had a non-clinical (i.e., healthy) sample (n=14), and 16% of articles included 

both clinical and non-clinical participants (n=7). 

Table 7. Descriptive Information about Network Variables 

Variable M Median SD Min Max 

Number of participants 119.6 66 210.7 5 1354 

Total possible number of timepoints 60 61.2 21.3 7 140 

Mean number of completed timepoints 47.9 47.5 22.8 13.8 114.8 

Number of nodes 9 7 4.9 4 30 

https://osf.io/mpj89/
https://osf.io/jsqrc/
https://airtable.com/shrcC5MOBhHwEbwD8
https://osf.io/mpj89/
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Data collection 

Timescale 

A crucial point for any study assessing variables over time is the timescale, and the articles 

varied enormously in the frequency of assessment, from ten times a day to once a year. 

However, the vast majority of articles (81%, n = 35) used a daily or multiple-times-a-day 

frequency of assessment, over a period of time ranging from five days to 56 days. We report the 

exact assessment schedule of each study in Table S6 in Appendix D.  

Number of timepoints & missing timepoints 

Another key aspect of data collection is the number of timepoints, which also varied 

widely (see Table 7). Sixty-seven percent of articles (n=29) also reported the mean number of 

completed timepoints (i.e., not including the timepoints that participants missed answering 

or that were excluded during analyses; see Appendix D). Finally, the scoping review also 

revealed that temporal network research takes a variety of actions in response to participants 

missing timepoints: 39.5% of articles (n=17) do not exclude participants based on missing 

timepoints, 18.6% of articles (n=8) do not specify any action, while 41.9% of articles (n=18) do 

exclude participants if they miss answering a certain percentage of timepoints. More 

specifically, 23.3% of articles (n=10) excluded participants if they did not complete at least 30% 

of timepoints, 4.7% (n=2) excluded participants not completing at least 40% of timepoints, 

9.3% of articles (n=4) excluded participants without at least 50% of valid responses while 4.6% 

of articles (n=2) exclude participants not completing more than 50% of total timepoints.  

Data collection method & design 

We also examined details regarding how the researchers collected data in the reviewed 

articles: 77% of articles (n=33) relied on an electronic device, 9% (n=4) used a combination of 

electronic device and pen and pencil, and 14% (n=6) did not specify. The most frequent data 

collection designs (categorized following the descriptions provided by Myin‐Germeys et al., 

2018) were a fixed sampling design, with questionnaires completed at equal time intervals 

(33% of articles, n=14) and a pseudo-random sampling schedule, with questionnaires 

completed at random times within a specific time interval (44% of articles, n=19). 

Furthermore, to increase participants' compliance with the questionnaires, 49% of articles 

(n=21) compensated participants for their time. More information about the exact devices and 

platforms, as well as data collection designs and compensation details, can be found in the 

Appendix D or in the full dataset.   
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Data preprocessing 

In 98% of studies, authors used R to conduct analyses4. Most studies reported that the 

variables they included in their networks were ordinal (Likert scale) variables (79% of studies) 

and that nodes were composed by using only one item (93% of studies). The number of nodes 

varied widely (see Table 7). For more information about the statistical software and packages 

the authors report using, as well as the type of variables assessed and the methods of defining 

nodes, see the Appendix D.  

Assumptions 

A key point before starting analyses is examining if there are violations of relevant 

assumptions, but only a minority of articles assessed whether their data was normal and 

stationarity (see Figure 13). Table 8 lists the main methods used to assess and correct normality 

and stationarity, while more detailed explanations and references to specific articles can be 

found in the Appendix D.  

 

Figure 13. Assumptions 

Another step authors could verify before beginning analyses is whether nodes 

overlapped in content. Only 11 articles report checking for potential redundancy in node 

content (see Figure 13); the methods used are listed in Table 8, while more information can be 

found in Appendix D.  

Missing data 

Regarding missing data, only five articles (12%) report any specific actions they took 

regarding missing data; the specific methods are listed in Table 8 (with more information and 

references in Appendix D). Since most of the models rely on mlVAR, most models therefore 

use the automatic action within the mlVAR package to use listwise deletion to deal with 

missing data (Epskamp et al., 2019); two articles explicitly mentioned this. 

  

 
4 Several authors reported using a combination of software types, but all but one used R for at least one 
portion of their analyses. For many other variables as well, authors sometimes utilized multiple of the 
answer options so that the total would amount to over 100%. 
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Table 8. Specific Methods Used to Assess Data or Network During Temporal 
Network Analyses 

Action Specific Methods 

Checking normality  

(n=9) 

• Visually inspecting histograms (n = 3) 

• Kolmogorov-Smirnov test (n = 3) 

• Shapiro-Wilk test (n = 2) 

Correcting for 

normality (n=3) 

• Log transformation (n=2) 

• Transformation via the normal quantile distribution (n=1) 

Checking stationarity  

(n=17) 

• Kwiatkowski-Phillips-Schmidt-Shin (KPSS) unit root test (n=11) 

• Dickey-Fuller test (n = 1) 

• Visual inspection of participants’ responses over time (n = 2) 

• Add time variable (and compare model fit; n=2; or see whether variables 

depend on this time variable; n=2)  

• Theoretically assume violation (e.g., participants in treatment, n=1) 

Correcting for 

stationarity (whether 

or not checked; n=18) 

• Detrending the data (n = 10)  

• Including a linear trend (n = 8) 

Checking redundancy 

(n=12) 

• Choose nodes on a theoretical basis so they don’t overlap (n=1) 

• Use model robust against high overlap in variables (e.g., PCMCI; n=1) 

• Look for multicollinearity or high correlations between variables (n=6) 

• Factor analysis (n=2) 

• Use the goldbricker function to identify which nodes likely measure the 

same underlying construct (n = 2) 

Missing data 

(n=8) 

• Taking specific action (n = 5): Multiple imputation; imputation; estimating 

data with Kalman filter; ensuring equal time intervals between timepoints 

(using cubic spline interpolation)  

• Justify that model is robust against missing data (n=3): because of Bayesian 

estimation, full-information maximum likelihood, or model itself 

Network comparison 

(using formal statistical 

methods; n = 15) 

• Using permutation tests (n = 10) 

• Using t-tests (n=3) 

• Using a Bayesian network model with 95% credible interval (n=1) 

• Correlating networks indices (to compare similarity of samples; n=1) 

Robustness  

(n=6) 

• Bootstrap confidence intervals (n=3; difficult with multilevel models) 

• Credible interval (uncertainty estimate with Bayesian estimation; n=1) 

• Case-dropping methods to assess stability (n=2) 

Sensitivity  

(n=14) 

Focus:  

• Variable transformation (e.g., standardization, to correct stationarity or 

normality violations; n=8) 

• Model choice or model specifics (n=4) 

• Node construction or selection (n=2) 

• Inclusion of specific participants (n=4) 

Note. More details (including the full list of articles) for each method can be found in the supplementary 
materials or in the full dataset (see https://airtable.com/shrcC5MOBhHwEbwD8). The number of articles 
utilizing a specific method does not always sum up to the number of articles taking a specific action, 
since 1) not all authors specified how they conducted a specific action (e.g., some authors stated their 
data was not normal but did not explain how they assessed this) and 2) some authors did multiple types 
of actions (e.g., many authors did multiple sensitivity analyses). PCMCI = Peter and Clark Momentary 
Conditional Independence.  

Data analysis: Estimation 

Models 

https://airtable.com/shrcC5MOBhHwEbwD8
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Within all articles, researchers estimated a group-level temporal network; 51% of articles 

(n=22) also included a group-level contemporaneous network, and 36% of articles (n=17) also 

included a between-subjects network. Almost all articles reported using a vector autoregressive 

(VAR) model to estimate the temporal network; the only other types of models reported were 

a GIMME model and a Peter and Clark Momentary Conditional Independence (PCMCI) 

model (see Figure 14A). The vast majority of VAR models were multilevel and estimated 

through sequential univariate estimations, although 2 articles used multivariate estimation (see 

Figure 14B). Only 2 articles did not use multilevel models (Lazarus et al., 2020; McCuish et al., 

2021), but instead pooled data and then regularized it, with one additional article (de Vos et 

al., 2017) comparing a multilevel VAR model to a sparse VAR model (see Figure 14B).  

 

Figure 14. Models 

Note. All percentages reported in the figure are rounded. VAR = Vector autoregressive; PCMCI = Peter 
and Clark Momentary Conditional Independence; GIMME = group iterative multiple model estimation; 
est. = estimation.  

All models used a lag of 1 (i.e., from time t-1 to time t), although three articles did run 

alternate models with other lags (t-2 or t-3) and chose the model with the best fit, which was 

always t-1 (Bringmann et al., 2013, 2015; Kaiser & Laireiter, 2019).  

Network comparison & centrality 

More than half of the articles estimated at least two networks and compared them in 

some manner, including visually (see Figure 15A); around half of these compared the topology 

of networks, and almost a fourth compared centrality indices (see Figure 15B). Table 8 lists the 

specific methods used, and more information can be found in Appendix D. 
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Figure 15. Network Comparisons 

Open science practices 

Only one article (Groen et al., 2020) preregistered their hypotheses and/or analyses for 

their network analyses, despite 61% of articles including specific hypotheses (see Figure 16A). 

Few articles openly (e.g., include a link within the article itself) share their code and fewer the 

data (see Figure 16B). None of the studies were replications of previous studies (i.e., 

investigating the same construct), but two studies included validation samples within the same 

article to replicate their own results (Bringmann et al., 2013; Huckins et al., 2020). 

 

Figure 16. Open Science and Robustness Practices 

Robustness and sensitivity 

Only a few articles assessed the robustness of their edge or centrality estimates (see Figure 

16C), using either Bayesian estimation or case-dropping bootstrap methods to do so (see Table 

8, with more details in Table S8 of Appendix D). 

One-third of the articles included sensitivity analyses around a specific analytical choice 

to observe its impact on the results (i.e., running the analysis with and without that choice; see 

Figure 16B). These articles performed sensitivity analyses on the impact of variable 

transformation, model or node specifics, and so on (see Table 8).   
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6.4 Discussion 

Key findings 

A striking observation throughout our audit of the methodology and analysis of temporal 

networks is that there is substantial heterogeneity in almost all aspects, from whether and how 

articles report node development and selection and preprocessing choices to how articles deal 

with missing data and assumption violations. This heterogeneity is reflected in the relatively 

modest interrater reliability ratings, both for article selection and for data extraction: there is 

no standard way of reporting information (about data collection or analyses), nor standard set 

of information to report. This is not unusual for a novel and growing field. It echoes our 

original reason to conduct a scoping review on this field: to understand what the current main 

practices in data collection and analyses for temporal network analyses are, so as to help 

interested researchers figure out what options they have when performing their own temporal 

network analyses.  

Recommendations 

We thus present Figure 17, which illustrates the main considerations involved when 

planning and conducting a temporal network analysis. The recommendations discussed are 

guided both by the literature, with relevant references cited, as well as by the results of this 

scoping review. We also discuss these recommendations in greater depth in the following 

sections. We hope readers interested in conducting temporal network analyses can use this 

information to help them make and justify decisions about collecting, preprocessing, and 

analyzing data. We also provide these considerations in the form of a reporting checklist, to 

help authors ensure they are reporting all relevant details in their manuscript and/or 

supplementary materials; this form can also be used as a preregistration checklist 

(https://osf.io/e6wp3/). 

Formulating research questions  

Before starting a temporal network analysis, researchers should ensure that they have 

thoroughly developed their research question(s), and that these research questions are suited 

to temporal network analysis. Temporal network analyses are ideal for investigating how 

dynamic variables interact with one another over time; researchers can also more specifically 

investigate which edges or nodes are especially important, or how the temporal networks of 

two different groups compare. It is crucial, though, that researchers ground the justifications 

https://osf.io/e6wp3/


 

Figure 17. Temporal Network Analyses: Considerations 

Note. The considerations in this figure were formulated using the extracted data from this scoping review as well as relevant 
literature (citations in the discussion section); more detailed explanations for all aspects of this figure can be found in the discussion 
section. This information is also presented as a reporting or preregistration checklist here: https://osf.io/e6wp3/. KPSS = 
Kwiatkowski-Phillips-Schmidt-Shin (KPSS) unit root test; LASSO = least absolute shrinkage and selection operator. 

https://osf.io/e6wp3/


 

and predictions of their network analysis in theory. At the most basic level, this means that 

researchers should use temporal network analysis techniques because investigating temporal 

dynamics in a multivariate fashion will shed light on heretofore unanswered questions in their 

topic of interest. 

This also means researchers should use theory to ground their choice of nodes. For 

example, Faelens et al. (2021) sought to understand the relationship between using social 

network sites (SNS) and well-being. Previous cross-sectional research had identified several 

indicators that played a role in the relationship between well-being and SNS use, including 

social comparison, self-esteem, and repetitive negative thinking. Moving to a temporal 

network perspective allowed these researchers to investigate the direction of relationships 

between all of these variables. Theory should also justify hypotheses. For example, Groen et al. 

(2020) investigated the temporal dynamics between depressive and anxiety disorders, and made 

hypotheses based on network theory that overlapping mental states would function as bridges 

connecting the two disorders (e.g., activating symptoms in the other disorder, leading to 

comorbidity).  

Despite the great efforts of research to include theoretically relevant variables in temporal 

models, the vast majority so temporal network analyses thus far are data-driven: authors 

investigate a potential network structure by matching a statistical (network) model to data. 

Although some of the reviewed articles include specific hypotheses, none are derived from a 

testable and falsifiable theoretical network model. This would involve developing a theoretical 

network model of the psychological construct of interest: identifying the nodes in the network, 

as well the dynamic associations between nodes (e.g., how changes in one node might 

propagate throughout the network), and thereby developing testable (and importantly, 

falsifiable) hypotheses (Bringmann et al., 2022). Bringmann and colleagues (2022) note that 

there are few of these theoretical network models; examples include a network theory of how 

attitudes change (Dalege et al., 2016) and a computational model of panic disorder  

(Robinaugh et al., 2019). Testable hypotheses derived from theoretical network models can be 

examined through fitting statistical network models to data (potentially through 

“confirmatory” network models which test model structure and fit; Epskamp, Rhemtulla, et 

al., 2017), although also through other designs (e.g., experimental). Network analysis is still a 

new field, and using data-driven methods to explore plausible network structures is also a 

worthwhile pursuit, but hopefully there will be more theory-driven and confirmatory 

approaches to complement the current exploratory nature of temporal network analyses.  

Preregistration 

We urge researchers to preregister their planned preprocessing and analytical steps, as 

well as their data collection plans (or knowledge of preexisting data if conducting a reanalysis; 

Weston et al., 2019). This is especially important since so many of the preprocessing and 

analytical choices authors can make are arbitrary (e.g., excluding participants for missing a 

specific threshold of timepoints, constructing nodes, correcting assumption violations), and de 
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Vos et al. (2017) firmly demonstrate that arbitrary analysis choices (e.g., definitions of 

density/connectivity, data transformation) can influence results.  

We also encourage researchers to preregister any hypotheses they develop. Over half of 

reviewed articles did include predictions of some type, but only one (Groen et al., 2020) 

preregistered its hypotheses and analysis plan. We note that many studies are exploratory and 

designed to generate hypotheses for future research; in this case, the authors should clearly 

state this in the manuscript itself (and in the potential preregistration). If researchers do have 

hypotheses, though, we would recommend that they preregister them.  

Data collection 

Number of timepoints 

When collecting data, it is necessary to have enough timepoints per person. The median 

number of timepoints in the reviewed articles was 60. Within both the EMA literature 

(Palmier‐Claus et al., 2011) and for most statistical models (Jordan et al., 2020), the absolute 

minimum number of timepoints suggested is 20, although this is typically the minimum 

number of timepoints the model needs to run (e.g., Epskamp et al., 2019). We recommend 

including many more timepoints, perhaps around 60 (the mean in this scoping review and 

another large EMA meta-analyses; e.g., Vachon et al., 2019). In general, the more timepoints, 

the better.  

However, alternatives exist if a dataset has very few timepoints (e.g., less than 20 

timepoints per person), such as using network models made for panel data (i.e., with at least 

3-4 waves; Epskamp, 2020). Other alternatives include pooling data (such as by using pooled 

VAR to generate networks; Lazarus et al., 2020; McCuish et al., 2021); however, de Vos et al. 

(2017) caution that this method should only be used if there is little heterogeneity among 

participants’ responses, since it assumes each participant is a replication of all others. 

Number of participants  

The median number of participants in reviewed articles is 66 per network. In general, 

including more participants indicates greater power, but actual power analyses are complicated 

with temporal network models. It is possible to conduct simulations and vary the number of 

subjects, nodes, and timepoints (this is integrated within the mlVAR package, for example), 

but the researcher should know a priori the network structure (Jordan et al., 2020). However, 

if researchers would like to explore simulating different numbers of participants and 

timepoints while taking into account temporal dependence (for analyses such as multilevel 

regression models, if not explicitly for temporal network analyses), Lafit et al. (2021) have 

recently developed a Shiny app and tutorial for doing so.  

In general, though, researchers should know that power for longitudinal data used in 

multilevel models takes into account both number of timepoints and number of participants 

(Jordan et al., 2020) and is also dependent on the effect size, type of model, and so on 
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(Bringmann et al., 2022). In addition, number of nodes is relevant to this calculation: a network 

with more nodes includes more parameters to be estimated, thus requiring more timepoints 

and ideally more participants.  

Variable type  

Continuous variables allow more variability in participant responses. Aalbers and 

colleagues (2019), for example, use a scale of 0-100 to prevent a restricted range issue (i.e., a 

variable with minimal variance), which can distort conclusions made from network models 

(e.g., Terluin et al., 2016). We therefore recommend a scale with a large range, such as from 0-

100, since other scale types (e.g., Likert) could yield limited variability in participant responses 

since they include fewer response options.  

The most common variable type, used in 79% of reviewed articles, were ordinal variables 

(specifically, Likert scale). From a statistical standpoint, it is optimal if all variables have the 

same scale. Binary variables can be challenging to implement with current network models 

(although Klippel et al., 2018, conducted sensitivity analyses using multilevel logistic 

regressions).  

Sampling strategy 

Reviewed articles included sampling strategies ranging from 10 times per day over a few 

days to once a month for four years. In general, the sampling window should be selected to 

best capture the investigated variables while also not overburdening participants or leading to 

missing timepoints; finding the correct balance often takes piloting (Varese et al., 2019). The 

frequency of sampling (e.g., many times a day, twice a day) should be chosen to best capture 

the temporal variations of the variable of interest (Trull & Ebner-Priemer, 2020). For example, 

if a variable fluctuates intensely throughout the day, such as with emotional states, it would 

likely be better to include many measurements throughout the day. If, on the contrary, a 

variable fluctuates at a slower rate, such as sleep quality, it might make more sense to measure 

daily (Dejonckheere & Erbas, 2021). In addition, researchers should keep in mind that they 

might need to specify in their R code if they are measuring participants multiple times a day 

for some packages (e.g., mlVAR).  

It is typically simpler for most of the models used in the reviewed articles (e.g., models 

such as multilevel VAR, that model time in a discrete fashion instead of continuously) to have 

all variables assessed on the same timescale (e.g., all assessed daily). However, this might not 

be possible if the variables of interest occur at different timescales (e.g., if investigating both 

sleep and emotions) or if the variables only occur occasionally (e.g., panic attacks); in these 

cases, continuous time dynamic models could be employed, as they grant greater flexibility 

with timescales (for an overview, see Bringmann et al., 2022). 
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Data preprocessing 

Exclusion thresholds based on participant response rate 

The EMA literature recommends that each participant have responses for at least 20 

timepoints (Palmier‐Claus et al., 2011). Twenty-one percent of reviewed articles excluded 

participants if they did not answer a minimum threshold of EMA items, most commonly 30% 

of items or less than 20 timepoints.  

We recommend a flexible approach. For instance, if researchers collect 200 timepoints, a 

participant who only answered 30% of prompts still answered 60 timepoints. It could therefore 

make more sense to establish a minimum number of timepoints, such as only including in 

analyses participants who answered at least 20 timepoints (often considered the absolute 

minimum number of timepoints needed for analyses such as VAR models to run) or some 

other number of timepoints. It is also worth noting that participants with higher amounts of 

missing data, or even attrition, in longitudinal research may be those with higher symptom 

severity (e.g., Abdullah et al., 2021; Lamers et al., 2012), and so it can bias the results to exclude 

them.1  

Node selection  

Researchers should carefully consider and justify their choice of nodes – are they chosen 

for theoretical reasons? Statistical ones? Typically, researchers should choose which variables 

they include as nodes based on theoretical background, as discussed in the ‘Formulating 

research questions’ section with the example of Faelens et al. (2021). However, researchers 

might decide not to include specific nodes for statistical reasons, such as if they show no 

temporal fluctuations. If possible (e.g., if the researchers are collecting the data themselves), all 

variables pertinent to the research question should be included in the network without 

extraneous variables (Bringmann et al., 2022), and these variables should be assessed in a 

manner suitable to frequent assessment.  

In general, an increase in the number of nodes in a network goes along with an increase 

in model complexity. In reviewed articles, the number of nodes ranges from four to 30. 

Researchers should check for overlap in the content of nodes, either statistically or 

theoretically. If high overlap is unavoidable for theoretical reasons (e.g., studying a construct 

which has highly overlapping features), researchers could use a model that allows many nodes 

and highly correlated variables (such as the PCMCI model; Runge et al., 2019) or a model that 

explicitly takes into account the overlap between nodes (e.g., a latent network 

model; Epskamp, Rhemtulla, et al., 2017). 

Variable construction into nodes  

 
1 We are thankful to one of the reviewers of this study for pointing our attention to this issue.  
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Researchers should make sure to report how they constructed nodes from their variables. For 

example, did each item form a node? Were multiple items combined into a node, and how? 

Was some other method used?  

Stationarity  

Since stationarity is one of the main assumptions of most models with EMA data, 

researchers should check if their data is stationary (e.g., if the mean and variance of the EMA 

data remain unchanged; Jordan et al., 2020). One way to do so is to use the KPSS unit root test 

(Kwiatkowski et al., 1992), as 11 reviewed articles did. If data is non-stationary, researchers 

could correct this by detrending the data (e.g., Hoffart & Johnson, 2020) or including a linear 

trend (e.g., Bringmann et al., 2015). However, one may wonder about the influence of these 

types of corrections on the interpretability of the results (Jordan et al., 2020). Therefore, 

researchers could instead directly use a model that allows non-stationary data by specifically 

modeling non-linear time-varying parameters, such as time-varying VAR (Haslbeck et al., 

2020). Perhaps researchers are investigating processes that change over time (e.g., during 

treatment, or a transition into or recovery from a mental disorder); in this case, researchers 

could use models that explicitly look for abrupt or gradual changes, although these models 

typically require many more timepoints (for an overview, see Bringmann et al., 2022). 

Normality 

Another crucial assumption for most temporal network models (e.g., VAR models; 

Epskamp, Waldorp, et al., 2018) is (multivariate) normality, and so researchers should check 

whether the assumption of normality is violated. They can do so by visually inspecting 

histograms of the residuals or with the Shapiro-Wilk test (Shapiro & Wilk, 1965).2  

If data is non-normal, it is currently unknown exactly how this will bias temporal network 

results if using an estimation technique that assumes normality (Epskamp, 2020), especially 

since violations of normality can occur for many different reasons (Epskamp, Waldorp, et al., 

2018). For example, if data is non-normal because it was measured on a different scale (e.g., 

Likert-type ordinal scale) but the underlying process is normal, it can be effective to transform 

the data back to normal (Epskamp, Waldorp, et al., 2018). For instance, among reviewed 

articles, this was carried out by de Vos et al. (2017), who transform all items using the normal 

quantile transformation, since these items had Likert-scale responses with skewed 

distributions; they also report differences in network density compared with non-transformed 

data (among other sensitivity analyses). However, data that is non-normal due to the process 

itself being non-normal (e.g., if the residuals are skewed) pose more of a problem (Epskamp, 

Waldorp, et al., 2018).  

One possible action when faced with non-normal data is to transform the data, although 

how transforming time-series data affects temporal networks is, to the best of our knowledge, 

currently unknown. Among the reviewed articles, in addition to de Vos et al. (2017), only two 

 
2 Although the Komogorov-Smirnov test was also used by three reviewed articles, the Shapiro-Wilkes 
test is favored as less biased and more powerful (Razali & Wah, 2011; Steinskog et al., 2007) 
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additional articles performed a transformation for non-normal data. First, Aalbers et al. (2019) 

report the distributions of their variables, as well as the normality of within-person means; 

upon the request of a reviewer, they then log transformed items that had a skew or kurtosis 

outside the acceptable range of -2 to 2, if that transformed reduced the skew and kurtosis to 

within that acceptable range. They state that the overall pattern of results was unaltered by 

transforming the data (and only report the networks generated from the original non-corrected 

data). Second, Faelens and colleagues (2021) report that some variables had a non-normal 

distribution (as did their within-person means). They therefore include in their supplementary 

analyses a sensitivity analysis where they generate networks from log-transformed variables that 

had unacceptable ranges of skew and kurtosis. Faelens et al. (2021) state that the transformed 

and non-transformed networks show similar relationships between variables; and upon 

visually comparing the networks, the edges that are additional or missing are typically the 

thinnest edges. Possibilities for transforming non-normal data other than log-transforming 

exist, such as the non-paranormal transformation sometimes used in cross-sectional network 

studies to yield multivariate normal data (Epskamp, Waldorp, et al., 2018), which has been 

shown through simulation studies to be helpful when generating cross-sectional networks 

from continuous skewed data (Isvoranu & Epskamp, 2021). However, it is unknown how this 

transformation, applied to all variables at once, might affect the temporal dependencies present 

in time series data, or how it might impact the resulting temporal network estimation.   

Since there is so little currently known about the impacts of violations of normality when 

generating temporal networks or transforming time-series data, the most we can recommend 

is that researchers check and clearly state whether the assumption of normality is upheld or 

violated. If it is violated and authors choose to transform their data in some manner, we 

recommend they do so as a sensitivity analysis and compare results with and without data 

transformation (which could briefly be described in the main manuscript but more fully 

included in the supplementary materials, for example), at least until more thorough 

investigations into non-normality, data transformation, and temporal networks are carried out. 

We also recommend that especially since the impact of normality violations are not yet fully 

understood, researchers could also check the robustness of their network results (e.g., by using 

case-dropping bootstrap techniques; Epskamp, 2020).  

Unequal time observations  

It is recommended to insert missing values when there are unequal time intervals between 

observations (or potentially impute missing data) to create a dataset with (roughly) equidistant 

timepoints (Hamaker et al., 2018). This is because some models (e.g., VAR models) assume 

equidistant data, or roughly equal time intervals between any two consecutive assessments 

(Jordan et al., 2020). One of the reviewed articles (i.e., Kaiser & Laireiter, 2019) responded to 

this model assumption by using cubic spline interpolation to generate equally spaced time-

series. Another possibility, especially if investigating variables that operate on different 

timescales (e.g., behaviors and affect)  is to use models that do not assume equal time intervals 
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between timepoints, such as continuous time dynamic models (for more information, see 

Bringmann et al., 2022). 

Missing data  

Models estimated with mlVAR automatically use listwise deletion with missing data 

(Jordan et al., 2020), but other possibilities include imputing missing data (e.g., McCuish et 

al., 2021) or estimating missing data using a Kalman filter (e.g., Levinson et al., 2018). Two 

articles specifically used multiple imputation, which involves generating multiple imputed 

datasets, performing the required analyses with them, and then averaging the results: de Vos 

et al. (2017) specify they impute 10 datasets and averaged the subsequent results, and Levinson 

et al. (2020) use multiple imputation but do not further specify their methods. Some 

estimation methods are also more robust against missing data, such as full-information 

maximum likelihood (only when data is missing at random, however; Cham et al., 2017) or 

Bayesian estimation (e.g., Groen et al., 2020).  

Ji et al. (2018) recommend against listwise deletion for missing data in intensive 

longitudinal assessment, as it is likely to lead to biased results, and instead suggest using 

multiple imputation (including partial multiple imputation supported by full-information 

maximum likelihood) and averaging results using Rubin (1996)’s pooled average. Ji et al. 

(2018) suggest at least 5 replications/imputations (their dataset has 30% missingness and 

around 100 participants) but discuss using more imputations for datasets with a higher 

percentage of missingness, smaller sample size, or complex pattern of missing data. We would 

therefore suggest that especially if authors have substantial amounts of missing data, they use 

a method robust against missing data, such as Bayesian estimation or multiple imputation 

(with sufficient replications). 

Lag 

All articles in this review use lag-1 (from time point t to the most recent time point 

previous, t-1), representing that they assume each timepoint is independent from others except 

for only the previous timepoint; other lags (such as lag-2) are more complex and require more 

repeated measurements (Jordan et al., 2020). However, some researchers argue that although 

defaulting to lag one (due to convenience or possibly for theoretical reasons) can be acceptable, 

ignoring higher-order lagged relationships that are present in the data can bias results 

(Jacobson et al., 2019). For example, if data is collected daily but variables are primarily 

predicting one another on a weekly basis, a lag of one (e.g., daily) will miss predictions at a 

higher-level lag (e.g., lag of 7 or weekly). However, a few possibilities do exist for researchers 

to investigate the optimal lag for their data: if a researcher is using mlVAR models, they can 

directly compare how different lags affect model fit using the mlVARcompare function and the 

compareToLags argument of the mlVAR R package (Epskamp et al., 2019). If a researcher is 

using another model or wants a more general method, they could use the Differential Time-

Varying Effect Model tool (DTVEM package in R; Jacobson et al., 2019), which identifies the 
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optimal time lag(s) in a dataset. We recommend that if researchers do investigate the effect of 

different lags, they report the results of the different resulting networks as sensitivity analyses.   

Data modeling 

Vector Autoregressive Models (VAR)  

In general, VAR models regress a variable at time t on that same variable at time t-1. VAR 

models can also be extended to a multilevel framework where individuals are allowed to vary, 

called multilevel VAR (mlVAR); these are the most common type amongst reviewed articles 

(estimated by 95%). mlVAR models can be easily estimated using separate univariate regression 

equations (as generally implemented in the mlVAR package); the vast majority of authors used 

this estimation method (e.g., Contreras et al., 2019; Curtiss et al., 2019; Kuranova et al., 2021). 

Researchers generally choose to estimate mlVAR through separate univariate regression 

equations because they are convenient and fast to estimate in R (while still able to estimate 

correlated random effects), especially with fewer than 8 nodes (Epskamp, Waldorp, et al., 

2018). However, this estimation method has weaknesses, including that it cannot directly 

estimate correlations between error terms or be combined with regularizations techniques to 

generate sparse networks (de Vos et al., 2017; Epskamp, Waldorp, et al., 2018).  

Another possibility is to use multivariate estimation through Bayesian methods. 

Although this is not currently available through a package in open-source software (but can be 

done using the DSEM package in MPlus), it can model dependencies between error terms and 

is also more robust against missing data. Two reviewed articles used this method: Groen et al. 

(2020) and van Roekel et al. (2019). Groen et al. (2020) specify that they used Bayesian 

estimation because it can directly estimate a hierarchical model and subject-specific parameters 

(instead of indirectly as when a multilevel VAR model is estimated with separate univariate 

regression equations), can generate credible intervals (easily allowing an assessment of 

uncertainty or stability of parameters), and can handle missing data and unequal time 

observations well.  

There is also the possibility to estimate a VAR model that is not multilevel, by pooling 

the data. This model assumes homogeneity across individuals and only estimates fixed effects 

(so overall is not very realistic for most data). However, this method can be used with 

regularization techniques and is also able to handle more nodes since there are less estimated 

parameters (with no random effects). Both McCuish et al. (2021) and de Vos et al. (2017) state 

they chose to use a pooled VAR for its regularization possibilities, since they wanted a sparse 

network with minimal spurious edges. However, de Vos and colleagues (2017) directly 

compare a pooled VAR model with a univariate estimation of a multilevel VAR model and 

conclude that since their data includes substantial individual differences (as is commonly the 

case), the multilevel model better fits their data.  

There are other types of recently developed VAR approaches that are currently less 

common but offer great promise, although no reviewed articles utilized these approaches. For 
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example, time-varying VAR models specifically account for time-varying processes and 

therefore are more robust against violations of stationarity (Haslbeck et al., 2020). For networks 

based on panel data or data that has less than 20 timepoints, panelVAR is a good option 

(Epskamp, 2020). 

Other (non-VAR) models  

Although VAR models are the most common among reviewed articles, accounting for 

95% of estimated models, there are also other models suited to estimate temporal networks. 

For example, group iterative multiple model estimation (GIMME) takes individual structures 

into account while estimating a group level effect (similar to multilevel modeling), but does 

so using an iterative search process that tries to identify associations occurring consistently 

throughout individuals (Lane & Gates, 2017). Among reviewed articles, only Ellison et al. 

(2020) estimated a GIMME model, and they specify that they chose to do so because they 

wanted to base their models on within-person processes and build on within-person 

commonalities to form group networks, instead of assuming homogeneity across persons by 

directly modeling with a group or hierarchical approach. Another type of model, used only by 

Huckins et al. (2020) among reviewed articles, is the Peter and Clark Momentary Conditional 

Independence (PCMCI) algorithm that is more robust against high multicollinearity and 

missing data while also retaining high power even for networks with many nodes (Runge et 

al., 2019). Although not used by any reviewed articles, sparse time series chain graphical 

models are another interesting alternative, as they can estimate non-Gaussian networks, model 

network with mixed categorical and continuous data, and can also be used with LASSO 

regularization (Abegaz & Wit, 2013; Jordan et al., 2020). A more in-depth overview of most of 

the discussed models, as well as the software/packages to estimate them, are given by both 

Epskamp et al. (2018) and Jordan et al. (2020). In addition, all of the above models include 

discrete intervals (e.g., lags), but there is also the possibility to use continuous time dynamic 

models; these can be especially useful if including variables that operate at different timescales 

(for an overview, see Bringmann et al., 2022). 

Complementary analyses  

Reviewed articles did not just estimate temporal network models, but also typically 

examined specific parts of the networks or compared networks. More specifically, 58% of 

articles compared (visually or statistically) at least two temporal networks; to statistically 

compare network topology or centrality indices, most articles used permutation tests. In other 

articles, researchers examine the structure of networks, such as looking at the edges as well as 

the overall network connectivity. It is essential for those examining network connectivity to 

decide beforehand (and ideally, preregister) a specific definition or index of connectivity. In 

many articles, researchers also examine how central, or connected, specific nodes are. Strength 

is the most commonly used centrality index within reviewed articles (in 87% of articles), and 

it is also recommended as the centrality index that makes the most theoretical sense to use 

within psychology networks (Bringmann et al., 2019). We therefore recommend using (in- and 
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out-) strength to assess centrality if edges all have the same signs (positive or negative), or (in- 

and out-) expected influence if there are both negative and positive edges (Robinaugh et al., 

2016). It is important to note, however, that statisticians caution researchers regarding 

interpreting centrality: although examining which nodes are especially connected to other 

nodes can help generate hypotheses for future research, a node having high centrality does not 

necessarily mean that it plays a causal role in the network or that it is linked with clinical 

outcomes (Bringmann et al., 2019). 

Assessing robustness and accuracy  

Especially since temporal networks are a new (but growing) field, it is critical to assess 

whether the network results are stable and accurate; this is a concern that is currently being 

addressed for cross-sectional networks (e.g., Epskamp, Borsboom, et al., 2018). Few of the 

reviewed articles performed procedures to assess the robustness of models. However, one key 

method across analysis types to assess the accuracy of an estimated parameter (e.g., edge 

estimates) is to use bootstrapped confidence intervals, and these are very computationally 

intensive for multilevel models (and might not even be possible on a standard computer; 

Bringmann et al., 2013). It is possible to compute bootstrapped confidence intervals on pooled 

VAR models (e.g., with the bootnet package in R, as done by Lazarus et al., 2020; McCuish et 

al., 2021), although multilevel models are preferred to pooled models unless there is little 

heterogeneity among subjects (de Vos et al., 2017). It is more feasible to assess the stability of 

temporal networks through methods such as case-dropping (e.g., can assess if network 

parameters such as centrality indices or edge estimates are similar after dropping a randomly-

selected percentage of participants), which can be conducted on any type of model. Jongeneel 

et al. (2020) employ this approach, dropping a randomly-selected 80% of participants. 

Epskamp (2020) also suggests that researchers can assess stability by dropping blocks of data 

(so as to take temporal dependencies into account, instead of dropping participants/individual 

rows as done to assess stability in cross-sectional networks; Epskamp et al., 2017). Another 

possibility is to use Bayesian estimation, as authors can then examine the credible intervals of 

parameters and thereby evaluate the uncertainty of estimates, as done by Groen et al. (2020). 

Assessing stability of temporal network analyses is important on its own merits, but it is even 

more crucial when there are violations of assumptions, since how these violations affect the 

resulting network is not yet clear (Epskamp, 2020)  

Another crucial point is to examine the replicability of temporal networks. Among 

reviewed articles, 5% of articles split their sample to cross-validate their network models, an 

encouraging start to examining the replicability of temporal networks. However, that number 

is still quite low, and there were no studies replicating other temporal networks, which 

Guloksuz et al. (2017) point out is a crucial step to assess the stability and reproducibility of 

network models. 

Another method to examine the robustness of the analyses is to conduct a sensitivity 

analysis, following 33% of reviewed articles. Sensitivity analyses involve running analyses with 

and without a specific change (e.g., preprocessing choices like the method used to compute 
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variables or transformations to correct for an assumption violation, or model choices) to 

examine its impact on the results. Sensitivity analyses can be particularly useful when 

researchers have doubts about the impact of a specific arbitrary analysis choice. Since the field 

of temporal network analyses is so new and the impact of many analysis decisions on the results 

is not yet fully understood, it could also be interesting for researchers to perform multiverse 

analyses (Steegen et al., 2016) to examine the impact of many arbitrary analysis choices at once; 

a limited version was done by (de Vos et al., 2017).  

Reporting  

We urge researchers to share their code and anonymized data if at all possible on a 

platform such as the Open Science Framework (OSF) or GitHub. Sharing analysis code allows 

others to fully understand and replicate all preprocessing and analytical choices. Sharing 

anonymized data might not always be possible, but it can greatly contribute to the field when 

possible. For one thing, temporal network analyses rely on intensive longitudinal data, and 

this data is extremely difficult to collect; so sharing data allows others to investigate the same 

dataset as well, perhaps with updated methods as the field continues to advance (Bringmann 

et al., 2022) or to assess the impact of arbitrary analytical choices (e.g., with a multiverse 

analysis; Steegen et al., 2016).  

It is also important that researchers report all relevant details of their data collection, 

preprocessing, and analysis, which was not always the case in the reviewed articles. A lack of 

clarity in reporting data collection and methodology is not uncommon in EMA research 

(Vachon et al., 2019), but since this field involves not only EMA research but also novel 

analytical methods, it is especially important to clearly report all aspects of data collection and 

analysis methodology so that the field can grow. We hope that researchers will find Figure 17 

helpful in reviewing all essential information that should be reported in their manuscript (or 

supplementary materials), and we have also provided this information in a fillable checklist 

(https://osf.io/e6wp3/). For researchers conducting EMA data collection, they can also look at 

the reporting checklist by Trull & Ebner-Priemer (2020).  

Limitations 

This scoping review has some limitations. Since we wanted to survey a wide variety of 

methodology and analysis practices, we chose to limit the scope of our review to group-level 

temporal networks, which had to include time-series data. We therefore did not include articles 

focusing solely on idiographic temporal networks or panelVAR networks (based on cross-

lagged panel data), although we do believe audit of these specific network types through 

systematic scoping reviews would be useful in the future. Our inclusion criteria did lead to 

some articles that were ambiguous on whether or not they should be included in the review. 

For example, Wichers (2014) focused on illustrating the temporal network approach, without 

the goal of providing an empirical contribution to the literature (other examples are discussed 

in Appendix D). Another potential limitation is that we use the findings of this review to 

formulate recommendations, although the field is still young; just because a number of papers 

https://osf.io/e6wp3/
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use a specific practice does not mean that it is optimal. However, this is why we developed our 

recommendation section in light of relevant literature on EMA and temporal networks, as well 

as the results of the scoping review.  

Future of the field 

Through this scoping review, we also identify a few key areas of development for the field. 

First: assessing the robustness of temporal network analyses. Although there are some available 

methods to examine the overall stability of findings, such as through participant-dropping 

bootstrapping (e.g., removing a certain percentage of randomly-chosen participants and seeing 

how much this affects results; see Jongeneel et al., 2020), it is difficult to estimate bootstrap 

confidence intervals around edge/centrality estimates for multilevel temporal models 

(Bringmann et al., 2013). Although it is possible to pool data and not use multilevel models, 

this is only recommended when there is little heterogeneity among participants, since it is 

assumed that all participants are replications of one another (de Vos et al., 2017). One 

possibility to examine the robustness of point estimates is when using Bayesian estimation 

methods, since you can then build credible intervals around the estimated parameter; however, 

easily (e.g., with already built packages) using Bayesian methods to estimate temporal network 

requires using MPlus, a proprietary software. Being able to examine the robustness of network 

analyses has been deemed crucially important to the future of the field (Guloksuz et al., 2017), 

and we hope methods to easily assess the robustness of temporal networks will be forthcoming 

as well.  

As we discussed in the ‘Normality’ section above, very little is currently known about how 

violations of normality affect temporal networks as well as how transformations of non-normal 

time-series impact results. We therefore reiterate the message from Epskamp, Waldorp, and 

colleagues (2018): We urge future researchers to investigate normality, assess how its violations 

and transformations impact temporal networks, and potentially develop new methods and 

models to address these challenges.   

There have also been a variety of new models developed that address some of the 

shortcomings of current temporal networks. For example, time-varying VAR allows 

researchers to explicitly model non-stationarity data (Haslbeck et al., 2020), instead of 

correcting the data or ignoring the assumption violation, both of which have unknown 

impacts on the results (Jordan et al., 2020). However, this review has not identified much use 

of these models. We hope that future research will continue to explore and use new models as 

the field grows.



 

 

Section 3. 
 

Patterns across time 
 

 





 

Chapter 7. 
 

A temporal network analysis: Parents from 
the general population  

Many parents have days where they encounter emotional exhaustion, emotional 
distance from their children, and feeling fed up with being a parent. Some parents 
experience these characteristics to a severe extent—a clinical phenomenon termed 
parental burnout. Parental burnout arises when parents chronically endure severe 
stress without sufficient resources to cope, which may lead to detrimental 
consequences not only for the parent, but also for their partner (e.g., marital 
conflict) and children (i.e., neglect and violence). However, uncertainty remains 
regarding how these features interact and trigger one another over time 
(potentially becoming increasingly severe), nor how the daily variations of the 
family context influence these features. Therefore, in this study, we recruited 50 
parents (with main analyses focusing on 43 mothers with a coparent, and sensitivity 
analyses with the full sample) from the general population to rate the core features 
of parental burnout and the family context daily over 56 days. We used multilevel 
vector autoregressive models to generate network models. Results suggest that 
exhaustion contributes to parental burnout: it self-predicts and is closely associated 
with feeling fed up and finding children difficult to manage. Distance, by contrast, 
is mainly negatively connected to sharing positive moments with children. 
Contextual variables also interact with parental burnout features, illustrating the 
relevance of examining parenting within the family system context. If future 
research confirms a central role of exhaustion in parental burnout development, 
prevention efforts can focus on decreasing parental exhaustion. 
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7.1 Introduction 

Parents have a challenging role, without question: they are responsible for caring for their 

children and raising them into adults. While parenting can be rewarding and joyful on some 

days, it can be difficult and frustrating on others. And for some parents, parenting brings 

overwhelming amounts of stress and exhaustion (e.g., pressure to be a perfect parent, 

dysfunctional family dynamics) without sufficient resources (e.g., supportive partner or 

extended family, emotional regulation skills) to cope (Mikolajczak & Roskam, 2018). If this 

imbalance persists for too long, the parent can experience parental burnout, involving four 

features: emotional exhaustion, emotional distance from the children, feeling fed up with 

parenting, and a sense of contrast with the previous parental self (Roskam et al., 2018). 

Research into parental burnout has only recently begun in earnest (Roskam et al., 2017), but 

it is already widespread across many languages and cultures (e.g., Arikan et al., 2020; Furutani 

et al., 2020; Mousavi et al., 2020).  

Indeed, parental burnout is reported in countries around the world, with the highest 

prevalence rates rising to 8% of parents (Roskam et al., 2021). It has been linked with negative 

consequences for the parent (e.g., suicidal ideation and addiction), the couple (e.g., marital 

conflict), and the child (e.g., neglect and abuse) in cross-sectional research (Hansotte et al., 

2021; Mikolajczak, Brianda, et al., 2018), as well as in longitudinal (Mikolajczak et al., 2019) 

and intervention (Brianda, Roskam, Gross, et al., 2020) research. Parenting stress and pressure 

have only increased during the COVID-19 pandemic (Griffith, 2022), with more parents 

(especially those with fewer resources) feeling exhausted and burned out (Aguiar et al., 2021; 

Kerr, Fanning, et al., 2021). This growing priority to help parents in difficulty, as well as the 

association of parental burnout with severe consequences for the children, highlights the 

pressing need to understand precisely how parental burnout develops and persists. Only with 

specific knowledge on the development of parental burnout can practitioners effectively 

prevent and treat parents with parental burnout.  

Because parental burnout research is still in its early days, however, critical gaps remain 

in the literature. For example, most research has only investigated parental burnout as a 

cohesive and unitary phenomenon, with all four features (i.e., exhaustion, distance, feeling fed 

up, and contrast) summed into one whole. However, the few studies that have investigated 

these features separately (e.g., Blanchard, Roskam, et al., 2021; Hansotte et al., 2021; Kalkan et 

al., 2022) have all found that specific parental burnout features have distinct associations with 

family-related variables. For instance, emotional distance is most strongly associated with 

neglect toward children. In addition, the literature on parental burnout (Mikolajczak & 

Roskam, 2018) and on burnout more generally (Lee & Ashforth, 1993; Leiter, 1993) posits that 

exhaustion is the first step toward developing burnout. This possibility promotes investigating 

of the four features of parental burnout separately, to examine whether certain features are 

implicated in the instigation or maintenance of parental burnout.  

Another crucial area for growth in the parental burnout literature involves the temporal 

unfolding of parental burnout. Until now, most research has utilized a cross-sectional 
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approach and only investigated parental burnout at one timepoint. There are a growing 

number of longitudinal studies, but most did not investigate the evolution of the different 

features of parental burnout (e.g., Mikolajczak et al., 2019; Yang et al., 2021). Among the few 

studies that did (e.g., Aguiar et al., 2021; Roskam & Mikolajczak, 2021), they demonstrate that 

the features evolve in different patterns—and suggest that emotional exhaustion is the first step 

to developing parental burnout. Yet these studies all investigated parental burnout at month-

long intervals, as required to understand the long-term evolution of parental burnout. 

However, the experience of parenting is something that varies from day to day, according to 

the ebb and flow of daily interactions with the children (e.g., Rodriguez & Silvia, 2022), 

partner or extended family (e.g., Gillis & Roskam, 2019), and wider family context (e.g., 

Malinen et al., 2017). It thus is also relevant to examine how the experience of parenting 

(including specifically feeling exhausted, fed up, and distant from one’s children) can fluctuate 

from day to day, and how these fluctuations interact with the family context. These 

characteristics—feeling exhausted, distant, and fed up—are sometimes experienced to an 

extreme extent, as when a parent is in a severe state of burnout; but all parents will sometimes 

feel exhausted, distant, or fed up to some degree. To allow us to examine how parental burnout 

might develop, as well as how these characteristics are experienced by most parents and 

influenced by the family context, we decided to focus on the experiences of parents in the 

general population. However, our data collection ended up including almost all mothers. We 

therefore focus the analyses in this manuscript on this sample of mothers (but include 

sensitivity analyses with the full sample in the supplementary materials). 

Our goal was therefore to examine the fluctuating experiences of the parental burnout 

features and interactions with the children, partner, and wider family environment (e.g., social 

support and parenting resources). We wanted to examine how these variables interact with 

each other and with the family context, to better understand their daily dynamics. To model 

the dynamic interactions between many variables, we used temporal network analyses, which 

are especially suited to visualizing dynamic multivariate relationships. Specifically, we 

generated three networks: 1) a temporal network to examine which variables predicted others 

from one day to the next; 2) a contemporaneous network to inspect how variables interrelated 

within the same day; and 3) a between-subjects network to observe the mean-level relationships 

between variables.  

7.2 Methods 

Sample size 

Since there is currently no possibility to estimate a priori power analyses for temporal 

networks (especially without previous temporal network analyses on the same variables), we 

preregistered recruiting a minimum of 40 participants with 80% compliance, based on studies 

with a similar number of timepoints and nodes (Curtiss et al., 2019; de Vos et al., 2017; Lutz 

et al., 2018). We recruited parents that had at least one child living at home. 
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Participants  

We recruited fifty French-speaking parents in Belgium through Facebook parenting pages 

and other online spaces. Of these, three were single parents1, who were not included in the 

primary analyses (since these networks include nodes for partner support and conflict) but are 

included in a sensitivity analysis in the supplementary materials (with all 50 parents; see Figure 

S24 in Appendix E). As only four parents were men (not enough to make strong conclusions 

on the experience of fathers), we focus our analyses in this study on the 43 mothers with 

coparents; this is a deviation from our preregistration. However, we include a sensitivity 

analysis with all 47 parents with a coparent in Appendix E (see Figure S21). All parents with a 

partner were in a male/female relationship.  

The total sample included in the main results therefore includes 43 mothers (see Table 9 

for further demographic information). Participants’ net family income was average-to-high for 

Belgium (see supplementary materials; Statbel, 2021). The mean number of surveys answered 

per person was 52.28, with a compliance rate of 93%.  

Table 9. Demographic Information 

Baseline measures 

Parental Burnout Assessment (PBA)  

We assessed parental burnout using the PBA (Roskam et al., 2018), which measures the 

four features of parental burnout. Parents answered questions about emotional exhaustion (9 

items; e.g., When I get up in the morning and have to face another day with my child(ren), I feel 

exhausted before I’ve even started), emotional distance toward their child(ren) (3 items; e.g., I’m 

no longer able to show my child(ren) how much I love them), feeling fed up (5 items; e.g., I can’t 

take being a parent anymore), and a sense of contrast with their previous parental self (6 items; 

e.g., I’m ashamed of the parent I’ve become). Participants rated each item using a 7-point Likert 

scale ranging from 0 (never) to 6 (every day), and relevant items were reverse-scored. Scores 

could range from 0 to 138. Within the present sample, internal reliability was good for both 

 
1 “Single parents” here refers to a parent who is not parenting with a partner (e.g., someone with whom 
the participant shares childcare duties daily, typically but not necessarily living together).  

Demographic Variable Mean SD Min Max 

Age of parents 37.30 4.08 30 50 

Number of children (living under same roof) 2.02 0.80 1 4 

Age of children in years (living under same roof) 7.95 5.39 0.01 21.70 

Parental Burnout Assessment (total score) 38.81 26.13 8 131 

Balance between Risks and Resources (BR2) 53.60 52.43 -100 159 

Generalized Anxiety Disorder-7 Questionnaire 7.98 5.60 1 20 

Beck Depression Inventory 12.28 10.560 0 52 
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the global scale (Cronbach’s α = .97) and the individual subscales (Exhaustion: α = .94; 

Distance: α = .84; Feeling Fed Up: α = .89; Contrast: α = .91).   

Balance of Risks and Resources (BR2) questionnaire  

We examined participants’ parenting risks and resources using the BR2, including 

perfectionist personality traits, stress management capabilities, parenting practices, co-

parenting, etc. (Mikolajczak & Roskam, 2018). Each of the 39 items took a bipolar form, with 

a risk factor on the left side (e.g., I find it difficult to reconcile my family life and my professional 

life) and the corresponding resource on the right side (e.g., I can easily reconcile my family life 

and my professional life). Parents answered each item from -5 to 5, with a negative number 

indicating the risk factor statement more closely mirrored their experience, and a positive 

number indicating the resource statement more closely reflected their experience. A rating 

closer to |5| signifies a stronger endorsement of the (negative or positive) statement, while 0 

indicates that the parent possessed neither risk factor nor resource factor. Scores could range 

from -195 to 195, with a negative score indicating parents have more risks than resources (and 

vice versa for a positive score).   

Beck Depression Inventory-II (BDI-II)  

We assessed depression symptoms using the BDI-II (Beck et al., 1996). Participants 

answered 21 questions, each time choosing the one statement out of four that most described 

how they felt during the past two weeks regarding specific symptoms (e.g., I do not feel sad to I 

am so sad and unhappy that I can’t stand it) on a four-point scale from 0 to 3. Scores could range 

from 0 to 63. Within this sample, internal reliability was high, with a Cronbach’s α of .93.  

Generalized Anxiety Disorder scale (GAD-7).  

We examined trait anxiety using the GAD-7 (Spitzer et al., 2006). Participants indicated 

their anxiety over the past two weeks on seven items (e.g., worrying too much about different 

things) using a four-point scale from 0 (Not at all) to 3 (Nearly every day). Scores could range 

from 0 to 21. Internal reliability was high within this sample, with a Cronbach’s α of .93. 

Daily diary survey 

The daily dairy survey consisted of 11 items focused on the parenting experience and 

family context. Ten items were assessed with a slider scale from 0 (not at all) to 100 (absolutely). 

These items focused on parental burnout (specifically emotional exhaustion, emotional 

distance, and feeling fed up2), partner relationship (partner support and conflict), children-

focused relationship (finding children difficult to manage, sharing positive moments, and 

getting angry), resources, and social support. Parents answered the last item, measuring hours 

 
2 We do not include a daily item for “a sense of contrast with the previous parental self,” since although 
this is an important component of parental burnout, its definition implies a stability over time (e.g., 
likely changing only over months or longer) that cannot be captured with daily surveys.  
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spent with kids, by entering a number between 0 and 24. The exact items can be found in Table 

10 and we have previously described their development procedure and psychometric 

properties (Blanchard et al., 2023).3 We reverse-scored parents’ responses for emotional 

distance and resources.  

Table 10. Parental Burnout and Family Context: Daily Diary Items 

Category Item (English version) 

Emotional Exhaustion I felt exhausted while caring for my children.  

Emotional Distance  I felt close to my children in both good and bad situations. (Rev) 

Feeling Fed Up I felt overwhelmed caring for my children. 

Partner Support I received help from my partner with caring for my children. 

Partner Conflict I had some misunderstandings, tension, or arguments with my 

partner. 

Difficult to Manage (Kids) My children were difficult to manage. 

Positive Moments (Kids) I shared positive moments with my children.  

Angry (Kids) I got angry with my children.  

Resources I lacked the means (for example, time, energy, material 

resources) to take care of my children. (Rev) 

Social Support I received help from friends or family (other than my partner) 

with caring for my children. 

Time with Kids Around how many hours did you spend near your children 

today (outside of sleeping hours)? 

Note. These daily diary items were presented in random order on the same page, with “Today” at the 
top. Rev = reverse-scored. 

Daily diary procedure 

First, a researcher conducted an introductory briefing session with each parent 

individually over a video call, with the experimenter explaining the overall study and 

demonstrating the daily diary items and software to the participant. We used formr, an open-

source software, to collect data (Arslan et al., 2020); for further information, see Blanchard, 

Revol, et al. (2022). Participants received the link to complete the demographic questionnaires, 

and then, the next day, the first of the 56 daily surveys started. Parents received a notification 

(email or text message, as they preferred) with that day’s survey each evening, between 6 PM 

and 9 PM (we asked parents to choose a time after most of their interactions with their children 

were over for the day). Participants received compensation: Each participant received 10€, and 

 
3 These items were conceptualized, created and piloted within the context of the experience sampling 
methodology (ESM) literature, which entails asking questions from one to many times a day over a long 
period of time. During this development period, described in detail in Blanchard, Revol, et al. (2022), we 
decided that a frequency of once per day would be most suitable for the parents (as many parents 
described spending mostly the evening with their children) as well as the items themselves (which we 
hypothesized would vary daily). Since these items were only assessed once per day, we describe this data 
collection as a “daily diary,” despite the items themselves being created in the context of ESM literature.  
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those who completed at least 80% of surveys received an additional 25€.  Parents provided 

written informed consent to share their anonymized data, and the project received approval 

from the local Biomedical Institutional Review Board (approval date: May 11, 2020; protocol 

title: PBNET). Each day, daily diary questions appeared in a random order (except ‘Time with 

Kids’, which always appeared last). We decided on a daily sampling scheme since parenting is 

typically more active at some times of the day over others (e.g., on weekdays: in the early 

morning before school but mostly the afternoon/evening after school). In addition, previous 

research suggests that parenting exhaustion varies from day to day (Gillis & Roskam, 2019); 

we assume that emotional distance, feeling fed up, and other parenting-related variables would 

also vary daily, and so a daily sampling scheme would be suitable to investigate these variables. 

The eight weeks of data collection ran from April through June of 2021. Further procedure 

information is reported in the supplementary materials. 

Data analysis 

We performed all analyses using R Statistical Software (v4.1.0; R Core Team, 2021) and 

used packages mlVAR (Epskamp et al., 2019) to estimate network models and qgraph (Epskamp 

et al., 2012) to visualize them.  

Assumptions: Normality and stationarity 

We checked for violations of normality using the Kolmogorov-Smirnov test, correcting 

for multiple testing with Bonferroni, following Aalbers et al. (2019). We also examined residual 

plots. We found that no variables were normally distributed. We followed our preregistration 

and log-transformed any variables with skew or kurtosis values outside the acceptable range of 

-2 to 2 (Aalbers et al., 2019). However, this transformation did not render variables closer to a 

normal distribution. We therefore attempted a different transformation using the R package 

LambertW, which uses an automatic procedure to optimally transform heavy-tailed and skewed 

data (Goerg, 2015). Although Kolmogorov-Smirnov tests suggested this transformed data was 

still not normally distributed, the skew and kurtosis values were at least within the range of -2 

to 2. We thus used this transformation for the remainder of analyses (a deviation to our 

preregistration of only using a log transformation for non-normal data). As preregistered, we 

conducted a sensitivity analysis to examine whether transforming data to adhere to a normal 

distribution would change the pattern of results; it did (specifically for the temporal network, 

which was sparser with transformed data; see the supplementary materials for more details). 

As there is little information on how transforming non-normal intensive longitudinal data 

could impact the interpretation of temporal network analyses (Blanchard et al., 2023), we 

report network analyses based on the raw results in the manuscript. However, we report and 

discuss a model estimated from the transformed data in the supplementary materials (see 

Figure S22 in Appendix E).   

To check for violations of stationarity, we used the Kwiatkowski-Phillips-Schmidt-Shin 

unit root test (KPSS; Kwiatkowski et al., 1992) to verify that the variance of all variables 

remained stable over time, as recommended by Jordan et al. (2020). We conducted the KPSS 
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test for each variable of each participant, correcting for multiple testing with Bonferroni. All 

variables appeared stationary.  

Network analyses 

We modeled the parenting and family-related variables as networks using a multilevel 

vector autoregressive (VAR) approach. VAR models regress a variable at time t on itself and on 

all other variables at time t-1: they thus estimate how well each variable predicts all other 

variables at the next timepoint (Epskamp, Waldorp, et al., 2018). To account for the 

dependency of timepoints within subjects, we estimated the VAR model using a multilevel 

framework. This resulted in a temporal network, which visualizes the associations between 

variables from one timepoint to the next using arrows, while controlling for all other 

associations. The participant means are then used to generate a between-subjects network. This 

network shows the associations between variables on average across participants, collapsing 

across time (and controlling for all other variables). The between-subjects network is most 

comparable to partial-correlation cross-sectional networks (showing mean-level associations 

remaining after controlling for all other associations). Next, the contemporaneous (e.g., within 

the same timepoint) associations between all variables are estimated by regressing the residuals 

of the multilevel VAR model on all other residuals from that same timepoint. The resulting 

contemporaneous network visualizes how variables are related within the same timepoint, after 

controlling for all other contemporaneous associations and temporal associations; it can thus 

be thought of as a partial-correlation network. Epskamp et al. (2018) propose that the 

contemporaneous network likely captures processes that occur more quickly than the lag 

interval in the data (e.g., daily for this study).  

Model specifications. We estimated the multilevel VAR model through sequential 

estimation of univariate multilevel regression models (Bringmann et al., 2013; Epskamp, 

Waldorp, et al., 2018). We allowed random effects in the model to be correlated. When 

visualizing the contemporaneous and between-subject networks, we used the “and’’ rule, 

requiring edges included in the networks to have both coefficients (from node X to node Y 

and vice-versa) be significant.  

Additional analyses 

We calculated strength centrality4 (i.e., how connected a node is with other nodes) for all 

nodes in all networks (McNally, 2016). We report both the specific methods and the centrality 

 
4 We do not calculate expected influence centrality, although it considers positive and negative edges, 
since if a node had multiple positive edges, one negative edge would decrease the strength of the 
expected influence estimate. Although this could make sense for a network with all symptoms (i.e., all 
variables that presumably have the same valence), it makes less sense for a network representing the 
family system, with many variables representing contextual factors, and also variables that cannot be 
straightforwardly classified as “negative” or “positive.” For example, “I got angry with my children” 
could be a justified and needed response if one’s children decide to knowingly engage in dangerous 
behaviors while playing, but less so in other situations. For a further discussion on centrality and its 
complications for psychology networks, see the section on Centrality in the Discussion. 
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indices in Appendix E (see Figure S19). We also estimated the stability of these centrality 

indices using case-dropping, following the method and code of Jongeneel et al. (2020). The 

exact methods and results are reported in Appendix E (see Figure S20), but overall, the 

centrality indices were stable for the contemporaneous and temporal networks, and not stable 

for the between-subjects network.    

Transparency and openness 

We report how we determined our sample size, all data exclusions as well as the reason 

for exclusion, all manipulations (e.g., none), and all measures (either in the manuscript or in 

the supplementary materials). This study was exploratory, but we preregistered our study 

design, data collection procedure, and analysis plan following the preregistration template for 

experience sampling methodology (ESM; i.e., intensive longitudinal data collected in 

participants’ everyday lives) research from Kirtley et al. (2021): https://osf.io/dz7nv. We specify 

in the manuscript where we deviated from this preregistration. We also share the R code, 

materials, and anonymized data on the Open Science Framework (https://osf.io/pshdn/), as 

well as Appendix E (also available at https://osf.io/g5t7h/). 

7.3 Results 

Descriptive statistics 

For each variable, intra-individual means, standard deviations, and intraclass coefficient 

correlations, can be found in Table S9 in Appendix E. For all baseline measures (e.g., 

depression, anxiety, parental burnout), the vast majority of the sample was below clinical cut-

offs, confirming that this sample was indeed from the general population.  

Network analyses 

Temporal network  

Figure 18 represents how one variable at one timepoint predicts another (or itself) at the 

next time point, accounting for all other associations (edge values can be found in Table S10 

in Appendix E). Most variables temporally predicted themselves (i.e., autocorrelated), except 

for distance, feeling fed up, and anger toward children. Of note, therefore, emotional 

exhaustion was the only parental burnout feature that self-predicts from one timepoint to the 

next. No bidirectional associations or cycles were present in the graph. The strongest edge 

pointed from positive moments with children negatively predicting distance. Among variables 

relating to the family context, partner conflict at one timepoint predicted greater social support 

at the next, which in turn predicted less partner support. Increased partner support, for its part, 

predicted decreased emotional distance.  

Contemporaneous network 

https://osf.io/dz7nv
https://osf.io/pshdn/
https://osf.io/g5t7h/
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For this network showing partial correlations within the same day (with edge values in 

Table S11 in Appendix E), the strongest edge still negatively connected emotional distance 

with sharing positive moments with children. Emotional exhaustion and feeling fed up were 

strongly connected to one another, as well as to perceived resources and finding children 

difficult to manage. Finding children difficult to manage, for its part, showed a strong 

connection to getting angry with children, which was strongly connected with feeling fed up. 

Within one day, partner support and partner conflict were only weakly connected to each 

other, and isolated from other nodes.  

Between-subjects network 

For this network visualizing the mean-level partial associations between variables (with 

edge values in Table S12 in Appendix E), the thickest edge still negatively connected emotional 

distance and sharing positive moments with children. Mothers who reported higher levels of 

exhaustion also tended to report higher levels of feeling fed up, greater resources, and less 

partner conflict. Feeling fed up was negatively associated with partner support and positively 

associated with finding children difficult to manage. Social support, for its part, was positively 

associated with partner conflict and negatively associated with getting angry with children. 

Sensitivity analyses 

We conducted four different sensitivity network analyses: a model with all 47 mothers 

(including the four fathers), a model with Gaussianized-transformed data, a model with raw 

data including the variable ‘Time with Kids,’ and a model including all 50 parents (including 

single parents, and therefore without the partner-related variables). The specific changes 

between those networks and the one reported in this manuscript are detailed in the 

supplementary materials, but overall, the networks remain relatively consistent: most thick 

edges remain in all networks. The major exception is with the Gaussianized-transformed 

temporal network, which is sparser than the temporal network with raw data. One interesting 

small difference is an edge from feeling fed up toward exhaustion appeared in three of the 

sensitivity analyses: the network with all parents with co-parents (n=47; Figure S21 in Appendix 

E), network with all parents with coparents, including the variable ‘time with kids’ (n=47, 

Figure S23 in Appendix E), and the network with all participants (including single parents) 

and no coparenting-related nodes (n=50; Figure S24 in Appendix E). With this additional edge, 

one cycle appears in the network: exhaustion at one timepoint predicted finding children 

difficult to manage at the next timepoint, which in turn predicted feeling fed up, which 

predicted exhaustion. 
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Figure 18. Network analyses: Parents from the general population 

Note. Solid blue edges represent positive associations, while dashed red lines represent negative 
associations. AngKids = getting angry toward children; DiffKids = finding children difficult to manage; 
Dist = emotional distance; Exh = emotional exhaustion; FedUp = feeling fed up; PartnerConf = partner 
conflict; PartnerSupp = partner support; PosMoKids = sharing positive moments with children; Res = 
resources; SocialSupp = social support. Edge values for all networks (including p-values, standard 
errors, etc.) can be found in Appendix E (see Table S10, Table S11, and Table S12). 

7.4 Discussion 

This study examined how parents’ daily experiences of feeling exhausted, distant, and fed 

up interacted with each other and with their family context. Exhaustion predicted finding 

children difficult to manage in the temporal network, which in turn predicted feeling fed up. 

In the contemporaneous network (i.e., within the same day), exhaustion, feeling fed up, and 
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finding children difficult to manage were all related to one another, while in the between-

subjects network, exhausted mothers were more likely to also feel fed up, and feeling fed up 

was associated in turn with finding children difficult to manage. These three variables therefore 

seem closely connected. Interestingly, exhaustion was the only parental burnout feature to self-

predict itself in the temporal network. Taken together, this suggests exhaustion as a kickstart 

toward activating the key features of parental burnout, which dovetails with prior theoretical 

(Mikolajczak & Roskam, 2018) and empirical works (Le Vigouroux et al., 2022; Roskam & 

Mikolajczak, 2021).  

Conversely, emotional distance was not connected with either of the other two parental 

burnout features in any network. Instead, it was strongly connected in all three networks with 

sharing positive moments with children, and in the temporal network, this edge points from 

sharing positive moments toward distance. This is consistent theoretically, as sharing positive 

moments with children builds closeness. Previous empirical research supports this as well; for 

example, a previous daily diary study found that on days where parents report more warmth 

(i.e., less distance) toward their adolescent children, these children reported feeling more loved 

(Coffey et al., 2020). Importantly, research on quality time with children highlights that 

positive moments between a parent and child do not need to be intensive, long, or preplanned 

but can be spontaneous and part of everyday activities, as long as both child and parent enjoy 

the time spent together (Hsin, 2009; Kremer-Sadlik & Paugh, 2007).  

Distance being disconnected from the other features of parental burnout also holds with 

the theory that exhaustion drives the development of parental burnout (Mikolajczak & 

Roskam, 2018), as well as burnout more generally (Lee & Ashforth, 1993; Leiter, 1993). The 

present sample consists of mostly mothers from the general population, with overall low levels 

of parental burnout. It therefore makes sense that exhaustion is especially connected to other 

variables in the present networks, as exhaustion is the first active component of parental 

burnout for this population. Previous literature has suggested that emotional distance might 

play a role in maintaining parental burnout once it has developed (e.g., Blanchard, Roskam, et 

al., 2021), although this possibility has not yet been investigated empirically. Nonetheless, if 

emotional distance were crucial in maintaining parental burnout, it would make sense that it 

would only be very connected to other related variables for parents with high levels of parental 

burnout. This therefore remains an important question to examine within samples of parents 

with severe parental burnout: are all three features (emotional exhaustion, emotional distance, 

and feeling fed up) closely connected in the context of parental burnout? Does emotional 

distance play a key role in maintaining parental burnout?  

When examining the role of the family context, there were no connections between 

partner variables or social support and any parental burnout variables that emerged in all three 

networks (and in fact, these nodes were all isolated in the contemporaneous network). 

However, distinct connections appeared in the temporal (e.g., partner support negatively 

predicting distance) and between-subjects (e.g., partner support negatively correlating with 

feeling fed up; partner conflict negatively correlating with exhaustion) networks. These 

demonstrate that the family context (i.e., interactions with the partner and wider social 
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support) interrelates with a parent feeling exhausted, fed up, and distant. For its part, the node 

representing resources has strong connections with the parental burnout features, particularly 

with exhaustion; an edge connects these two nodes in all three networks. Interestingly, all 

edges connecting resources with other nodes pointed toward resources in the temporal 

network. For instance, when mothers feel exhausted one day, they feel like they have less 

resources the next day. On the other hand, if they spend positive moments with their children 

and if they feel distant toward their children, they feel like they have more resources the next 

day. This suggests that after mothers are more distant with their children, they feel like they 

regain resources later on. This is consistent with a previous longitudinal study that examined 

the differential course of the features of parental burnout (Roskam & Mikolajczak, 2021). The 

authors suggested that, similarly to theories in the job burnout literature, detachment might 

“protect parents from negative affect and cognitions about parenting.” Overall, these 

contextual variables interact and predict parental burnout features and child-related behaviors, 

illustrating how parenting experiences are informed by and interconnected with the family 

context as a whole.   

Taking these results together, exhaustion emerges as a potential kickstart of parental 

burnout development, as it is highly self-predictive (and so likely accumulates over time) and 

could lead to a downstream negative cascade through its close connections with feeling fed up 

and finding children difficult to manage. If future studies confirm that exhaustion drives the 

initiation of parental burnout, it would be a key target for prophylactic intervention. This 

coheres with network theory, which posits that targeting a highly central (e.g., very connected 

within the network) node in an early intervention could lead to a beneficial cascade that “turns 

off” other nodes (McNally, 2016). Identifying parents at risk of burnout, such as exhausted 

parents, and preventing them from developing severe parental burnout, is a critical goal, since 

parental burnout has severe psychological consequences (e.g., neglect and violence toward 

children; Mikolajczak et al., 2018, 2019). To target exhaustion, one option could involve 

practitioners focusing on the individual family. For example, such interventions could revolve 

around decreasing parenting stressors, increasing restorative time for the parents, or lessening 

the parenting load over the long term (e.g., increasing routines and predictability for the 

children, or better balancing family demands; Masten, 2018; Mikolajczak & Roskam, 2018). 

Intervening on emotional exhaustion could also stem from a more system-based perspective, 

however, by centering on bolstering adequate parenting resources, family resilience, and 

community support (e.g., Masten, 2018).   

Emotional exhaustion can also arise from intense social pressure to be a “good parent” (at 

least in Euro-American countries, with their intensifying parenting norms; Roskam et al., 

2021). Indeed, studies have suggested that high societal standards for parenting can lead to 

parental exhaustion (Kawamoto et al., 2018; Sorkkila & Aunola, 2020). Parents (and 

particularly mothers) themselves also describe the pressure they feel to embody the ideal 

parent, leading them to overinvest and exhaust themselves (Hubert & Aujoulat, 2018). This is 

not new: Hays discussed the ideal of such child-centered and selfless parenting (often expected 

and prescribed specifically of the mother) decades ago, terming it “intensive parenting” (Hays, 
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1996). Parenting experts and researchers pushed for such “intensive parenting” ideals (e.g., 

Bradley et al., 1997), implying that parents (and particularly mothers) should “constantly 

delight in their child, never feel as though their child is demanding, accommodate the child’s 

needs, and never want to leave the child” (Liss et al., 2013). As Hays deftly argues, these 

prescriptions are unrealistically demanding and actively lead to parental guilt, as well as 

culturally specific and indifferent to diverse parenting compositions and needs (Hays, 1998). 

Researchers have posited that parents with unattainable parenting goals will use too many 

resources to (try to) reach these impossible goals, thereby exhausting themselves and being at 

risk of parental burnout (Le Vigouroux et al., 2022). Prevention efforts could therefore also 

attempt to alter parents’ vision of parenting to something more realistic. For example, for 

parents (particularly mothers) who prioritize their children’s needs above all else and strive to 

always be positive and warm (as suggested by intensive parenting methods; Hays, 1998), 

practitioners may help them to better balance the needs of others and to be firm while also 

being compassionate (Dupont et al., 2022). Another possibility would be to increase parents’ 

resources, such as by improving parents’ emotional competencies, which have been shown to 

buffer against the effects of parental perfectionism (Lin, Szczygieł, et al., 2021). Of course, most 

helpful would be to shift Euro-American societal parenting norms themselves to be more 

attainable, but shifting societal norms is slow work implicating political agendas, legal 

definitions, expert consensus, and broad social narratives.  

The present study has limitations. A first limitation is that the residuals were not normally 

distributed, which is an assumption for the multilevel VAR model. In a recent scoping review 

about temporal network analyses, less than a quarter of studies examined whether the 

assumption of normality is violated (Blanchard et al., 2023), and little is known about how 

non-normal data, or transforming the data, might affect the results or interpretation—

although hopefully this will be a target for future statistical and theoretical development. 

Therefore, we chose to report the raw data in this manuscript and the transformed networks 

in the supplementary materials as a sensitivity analysis, similarly to Faelens et al. (2021). The 

results were similar, except for the temporal network generated from transformed data 

containing fewer edges. We also assessed the stability of the centrality indices to gauge how 

sensitive our results were to specific subsamples, through case-dropping: the only network that 

was not stable was the between-subjects network. This is understandable, since individual 

participants have much more sway on the results of the between-subjects network (as it 

collapses across all temporal information and uses only mean responses). However, to truly 

assess whether our results are stable and accurate would require replication in another sample.  

Another limitation is the specificity of our sample. Participants were mostly Belgian 

mothers, and we did not collect information about racial or cultural identification. The sample 

was a convenience sample (recruited mainly through online parenting pages), and mostly 

mothers ended up participating. Since we only had four fathers participate, we are not able to 

confidently generalize the present results to fathers, although it is promising that the sensitivity 

analysis that includes all parents with coparents, including four fathers (n=47) in Figure S21 is 

very similar to the results with just the 43 mothers with coparents. However, one main 



Chapter 7: Temporal network with parents from the general population | 131 

difference is that Figure S21 involves a feedback loop between exhaustion, finding children 

difficult to manage, and feeling fed up: a thin edge connecting feeling fed up and emotional 

exhaustion is present in Figure S21 but not in Figure 18 (with only mothers, n=43). We 

nonetheless believe that emotional exhaustion plays a key role in the parental burnout network 

for mothers, even without this feedback loop in Figure 18, particularly as emotional exhaustion 

is still the parental burnout variable with a self-predicting loop. In any case, this study should 

be repeated with a sample of mostly or all fathers, to examine if the network structure is 

consistent or not—particularly in light of intensive parenting norms falling especially on 

mothers, even if through gendered assumptions and not explicitly (Hays, 1998).  

Although this study is the first of its kind and grants new information on how parents’ 

daily experiences interact with their family context, there is substantial cultural variation in 

parenting experiences and parental burnout, specifically relating to individualism (Roskam et 

al., 2021). Although the results in this manuscript might generalize to other parents in 

individualistic cultures, there might be important differences with parents in collectivist 

cultures.  For example, parents might have different visions of “ideal” parenting, different 

childrearing goals, and different expectations of community parenting support (Bornstein, 

2012). Future studies should therefore examine daily parenting experiences and the family 

context in other populations. 

Conclusions 

Mothers experience different levels of exhaustion, feeling fed up, and distance from their 

children every day, and these variables continuously interact with each other and with the 

family context. In line with previous research, exhaustion appears as a potential jumpstart to 

parental burnout, since it is strongly associated with feeling fed up and finding children’s 

behavior difficult to manage, as well as the only parental burnout feature to self-predict from 

one day to the next. In this unselected sample, emotional distance is not connected to the other 

parental burnout features. Sharing positive moments with children does, however, predict 

feeling less distant. Contextual variables (partner support, partner conflict, social support) also 

interact with parental burnout variables in various networks (e.g., from one day to the next, 

on a group level), emphasizing the relevance of viewing parenting and parental burnout within 

its context of the family system.





 

 

Chapter 8. 
 

A temporal network analysis: Parents in 
burnout 

Parental burnout, which includes emotional exhaustion, emotional distance, and 
feeling fed up with parenting, is a chronic and potentially debilitating stress 
condition that has become highly prevalent in Western countries. Yet uncertainty 
remains about parents’ daily experience of burnout and how their experiences 
interact with their family environment. In this study, we surveyed a sample of 40 
parents (who felt overwhelmed and exhausted by parenting) daily for eight weeks 
about their experiences of parental burnout, interactions with their children, and 
family environment, yielding 1541 total observations; main analyses focus on 36 
mothers. We estimated a multilevel vector autoregressive model and created three 
distinct graphical networks to best reveal the dynamics of these interactions. All 
models point to interactions with children as a key determinant in the parent’s daily 
experience of parental burnout—particularly predicting emotional distance and 
feeling fed up. At the temporal level, parental burnout symptoms were 
characterized by strong self-prediction (autoregression). In addition, the severity 
of parental burnout was negatively correlated with daily variation of parental 
burnout features. Together, these results suggest that mothers in a severe state of 
burnout are less sensitive to their context, with the exception of interactions with 
their children.  

  
  
   
Currently under review, with preprint at:  
 
Blanchard, M. A., Hoebeke, Y., & Heeren, A. (2023). Parental burnout and decreased 
sensitivity to context for mothers: A temporal network approach grounded in the family 
environment. Manuscript submitted for publication. Preprint available via PsyArXiv at 
https://doi.org/10.31234/osf.io/hs6tb  
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8.1 Introduction 

Parental burnout is a chronic stress condition (Brianda et al., 2023) characterized by four 

hallmark features: severe emotional exhaustion, emotional distance from children, feeling fed 

up as a parent, and a sense of contrast with the former parental self (Roskam et al., 2018). It 

has severe and potentially debilitating consequences for the parent (e.g., escape and suicidal 

ideations, sleep problems), but also for the partner (e.g., conflict and disaffection) and the child 

(e.g., abuse and neglect; Mikolajczak et al., 2018). Researchers currently theorize that parental 

burnout occurs when parents chronically lack sufficient parenting resources to compensate for 

the parenting risks and stressors they face (Mikolajczak & Roskam, 2018). However, rates of 

parental burnout vary across the world, with prevalence rates as high as 8% in some Western 

countries (Roskam et al., 2021), which suggests that parental burnout could also be related to 

intensifying cultural norms about “idealized” parenting in these countries (Lin et al., 2023; Liss 

et al., 2013). Given the widespread prevalence of parental burnout and the serious threat it can 

pose to parents’ mental health, actionable efforts are needed to better understand how parents 

experience it and how it impacts and echoes through the family system. 

The experience of parenting is embedded in the family system: parenting is not an activity 

that occurs in isolation, but by definition implies interactions and communication with family 

members (Dallos & Draper, 2015; Kerig, 2019). Therefore, one may wonder how the daily 

experience of parental burnout affects interactions with a (possible) coparent, with the 

child(ren), and with the broader and ever-changing family context (Blanchard & Heeren, 

2020). All parents experience feelings of exhaustion, distance and being fed up with parenting 

to some extent, in ways that impact their interactions with other family members (Blanchard, 

Hoebeke, et al., 2023b). However, previous research examining these interactions focused on 

parents from the general population (Blanchard et al., 2021; Blanchard, Hoebeke, et al., 2023b). 

It is likely that parents with severe parental burnout experience parenting differently, however; 

according to the conceptualization of parental burnout (Roskam et al., 2018), parents with 

high levels of parental burnout would experience parental burnout symptoms to a severe 

extent in their daily life. In this project, we therefore expected that parental burnout symptoms 

would fluctuate less from day to day, as parents would experience these symptoms to a severe 

extent every day, with less influences from other daily happenings. We investigated this 

preregistered hypothesis by examining whether within-person standard deviation of daily 

reports of emotional exhaustion, emotional distance and feeling fed up would be smaller for 

parents with severe burnout than for parents from the general population (i.e., this latter 

involving participants from a prior study; Blanchard, Hoebeke, et al., 2023).  

No prior study examined how parents with severe burnout interacted with their family 

system at a micro (e.g., daily) level, even though this fine-grained knowledge would be one key 

method to understand the processes underlying parental burnout. This would require not only 

examining the daily experiences of parents with severe parental burnout, but also how these 

experiences were grounded within the parent’s family system. To examine the interactions 

between these many variables, and to account for the temporal nature of the data, we used 
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temporal network analyses. Specifically, we used a multilevel vector autoregressive (mlVAR) 

model, which models how each variable is predicted by all other variables (including itself) 

from the previous timepoint. This type of network approach allows us to examine fine-grained 

predictions over time while placing the experience of parental burnout in its context—the 

family.   

One previous study has used this same daily diary and temporal network analysis 

approach (Blanchard, Hoebeke, et al., 2023b) but only in unselected parents, thereby focusing 

on risk factors; its results support the hypothesis that emotional exhaustion could kickstart the 

development of parental burnout (Le Vigouroux et al., 2022; Roskam & Mikolajczak, 2021). 

However, there is still little known about what maintains parental burnout. We have 

previously proposed that for parents already in a state of burnout, emotional distance might 

play a maintaining role: the distance parents feel from their children would limit their 

motivation to seek help and support (Blanchard et al., 2021; Blanchard, Hoebeke, et al., 2023b). 

If this is the case, then we expect that emotional distance will show strong connections to the 

other parental burnout features in the network visualization, as well as connections to the 

child-related variables.  

8.2 Methods 

Participants 

In total, 41 participants started the study, but one participant dropped out after five daily 

measurements (for information about sample size estimation, see Appendix F: or  

https://osf.io/4uwaf). Of the remaining 40 participants (36 mothers and four fathers), 30 

participants were coparenting with a partner while 10 were single parents (all mothers). To 

align with a previous project with similar variables but an unselected sample (Blanchard, 

Hoebeke, et al., 2023b), we decided to only include mothers in analyses in the main 

manuscript, since the number of fathers was few enough that results might not fully represent 

or generalize to all parents, but be specific to mothers. As such, the final sample includes 36 

mothers (but note that we include a network with all parents as a sensitivity analysis; see 

Appendix F). To recruit participants, we contacted all psychologists and clinical workers in the 

francophone part of Belgium that had completed training on parental burnout and asked those 

who agreed to transmit information about the study to any relevant patients. We also posted 

about the study in relevant local social media groups (e.g., about parental exhaustion, parental 

burnout).  

Recruitment criteria involved being a parent with at least one child under 17 years living 

with the parent (although since we had initial difficulties with recruitment, we relaxed this for 

e.g., parents that had alternate weeks with their child) and feeling exhausted and overwhelmed 

as a parent. Participants’ incomes ranged widely, but at least half of the sample reported 

average-to-high net monthly incomes for Belgian families (Statbel: 2020 Average Belgian Income, 

2022). In addition, all but one parents coparenting with a partner (4 fathers and 26 mothers) 

https://osf.io/4uwaf
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were in a relationship format of man/woman; one parent was in a relationship format of 

woman/woman.  For further information on participants (i.e., employment status, specific 

income brackets), see Appendix F.  

Sample size  

We had preregistered (link: https://osf.io/yfb84) recruiting at least 40 participants, based 

on ESM studies with similar number of timepoints and number of nodes.  However, as we 

were unsure how difficult recruitment would be (e.g., working with a population with 

exhaustion and chronic stress on a long study), we had preregistered that if we had less than 

30 participants who finished at least 80% of daily surveys, we would extend the data collection 

until December 2022. In May 2022, we only had 13 participants who had completed the study, 

and so we extended the study. In the end, our last participant entered the study on 11 January 

2023 (we had a few participants meant to begin in December 2022 but who were in the end 

unable to start until January).   

Baseline measures 

Parental Burnout Assessment (PBA) 

The number of items in each subscale and example items are as follows: emotional 

exhaustion (9 items; e.g., When I get up in the morning and have to face another day with my 

child(ren), I feel exhausted before I’ve even started), emotional distance toward their child(ren) (3 

items; e.g., I’m no longer able to show my child(ren) how much I love them), feeling fed up (5 items; 

e.g., I can’t take being a parent anymore), and a sense of contrast with their previous parental self 

(6 items; e.g., I’m ashamed of the parent I’ve become). Participants rated each item using a 7-point 

Likert scale ranging from 0 (never) to 6 (every day), and relevant items were reverse-scored. 

Scores could range from 0 to 138. Within the present sample, internal reliability was good for 

both the global scale (Cronbach’s α = .97) and the individual subscales (Exhaustion: α = .93; 

Distance: α = .87; Feeling Fed Up: α = .94; Contrast: α = .93). The cut-offs for parental burnout, 

as determined in Brianda et al. (2023), are as follows: 52.7 for moderate severity, and 86.3 for 

severe parental burnout.  

Other baseline questionnaires 

We assessed a number of other questionnaires at baseline, to have an overall measure of 

depression, anxiety, and parenting stressors and resources for the sample. Specifically, we 

assessed depression with the Beck Depression Inventory-II, with possible scores ranging from 

0 to 63 (Beck et al., 1996) and anxiety with the Generalized Anxiety Disorder Scale, with 

possible scores ranging from 0 to 21 (Spitzer et al., 2006). We also measured parenting risks 

and resources using the Balance of Risks and Resources questionnaire (Mikolajczak & Roskam, 

2018), with possible scores ranging from -195 to 195. Further information on these 

questionnaires (including reliability information) can be found in Appendix F. 

https://osf.io/yfb84
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Daily diary survey 

The 11 daily diary items, assessing daily parenting experiences, interactions with child and 

coparent (if relevant), and broader context, can be found in Table 11. Their development 

procedure and psychometric properties are described in depth in previous research (Blanchard 

et al., 2023). All items were presented on a slider scale of 0 (not at all) to 100 (absolutely).   

Table 11. Parental Burnout and Family Context: Daily Diary Items 

Category Item (English version) 

Emotional Exhaustion I felt exhausted while caring for my children.  

Emotional Distance  
I felt close to my children in both good and bad 
situations. (Rev) 

Feeling Fed Up I felt overwhelmed caring for my children. 

Partner Support I received help from my partner with caring for my children. 

Partner Conflict 
I had some misunderstandings, tension, or arguments with 
my partner. 

Difficult to Manage (Kids) My children were difficult to manage. 

Positive Moments (Kids) I shared positive moments with my children.  

Angry (Kids) I got angry with my children.  

Resources 
I lacked the means (for example, time, energy, material 
resources) to take care of my children. (Rev) 

Social Support 
I received help from friends or family (other than my 
partner) with caring for my children. 

Time with Kids 
Around how many hours did you spend near your children 
today (outside of sleeping hours)? 

Note. These daily diary items were presented in random order on the same page, with “Today” at the 
top. Item development and preliminary validation procedures are described in Blanchard, Revol, et al. 
(2023). Rev = reverse scored. Bolded items are presented as nodes in the networks in this article (see 
Figure 19), and other items are also included as nodes in the sensitivity analyses (see Figure S26 and 
Figure S27 in Appendix F).  

Procedure 

Parents attended a virtual one-to-one briefing session with one of the researchers for this 

study, where the researcher explained the full procedure, went over the exact items, and 

answered any questions. Participants answered all items (i.e., baseline and demographic 

questionnaires and daily diary surveys) via the formr software (Arslan et al., 2020); further 

details are described in Blanchard, Hoebeke, et al. (2023). Parents answered daily diary items 

each evening between 6PM and 9PM (at a time of their choosing) and had five hours to 

respond; in total, parents received daily diary items for 56 days. Daily diary items were 

presented in randomized order. Parents were compensated for their participation: all parents 

received 10€, and parents who answered at least 80% of daily surveys received an additional 

40€. All parents provided written informed consent, and the project received approval from 
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the UCLouvain biomedical review board (approval date: May 11, 2020; protocol title: PBNET). 

In total, data collection spanned from March 2022 to March 2023. Participants took a median 

time of 1.38 minutes to complete the daily diary.  

Data analysis 

We performed all analyses using R statistical software (v4.1.0; R Core Team, 2021). Our 

main analyses used the mlvar package to estimate network models (Epskamp et al., 2019) and 

the qgraph package to visualize them (Epskamp et al., 2012), while throughout our R code we 

made use of tidyverse packages (Wickham et al., 2019).  

Assumptions: Normality & stationarity 

We assessed whether residuals were normally distributed with the Shapiro & Wilk (1965) 

test (corrected for multiple testing with Bonferroni), as well as visually examined residuals, 

both as preregistered. No variables were normally distributed. We attempted an automatic 

transformation using the Gaussianize function from the R package LambertW (Goerg, 2015), 

but this did not improve (and sometimes worsened) skew and kurtosis values, and so we 

ultimately did not correct the data for normality. Overall, there is little information on how to 

deal with non-normality in multilevel VAR models (Blanchard et al., 2023), with some 

anecdotal suggestions that it is not a crucial assumption with sufficient time-series observations 

(e.g., McNeish & Hamaker, 2020) or might mainly impact power to detect small edges 

(Veenman et al., 2022); we discuss our approach further in Appendix F. 

To assess stationarity violations, we used the Kwiatkowski-Phillips-Schmidt-Shin unit 

root test (KPSS; Kwiatkowski et al., 1992) to verify the stability over time for all variables as 

preregistered and as recommended by Jordan et al. (2020). We corrected for multiple testing 

with Bonferroni. We found no stationarity violations.  

Network analyses 

We estimated a multilevel vector autoregressive (VAR) model, which regresses each 

variable at time t on itself and all other variables at time t-1, thus estimating how each variable 

predicts all other variables at the next timepoint (Epskamp, Waldorp, et al., 2018). Each 

variable (i.e., node in the network) was formed from a daily diary item (see Table 11). To 

account for the dependency of timepoints with each subject, we used a multilevel model: the 

model therefore includes both fixed (i.e., group-level) effects and random (i.e., individually 

estimated) effects. From this model, we generated three networks. First, a temporal network, 

which visualizes associations between variables from one timepoint to the next using arrows, 

while accounting for all other associations. Second, a contemporaneous network, which visualizes 

contemporaneous (i.e., within the same timepoint) associations between variables by 

regressing the residuals of one variable from the multilevel VAR model on all other residuals 

from the same timepoint. This network therefore illustrates how variables are related at the 

same timepoint, after controlling for all other contemporaneous and temporal associations; 
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thus, it is similar to a partial-correlation network. Epskamp et al. (2018) propose that the 

contemporaneous network could capture processes occurring more quickly that the lag 

interval (e.g., daily for this study). Last, participant mean responses are used to generate a 

between-subjects network, which illustrates the associations between variables on average 

between participants, collapsing across time (and controlling for all other variables). 

Model specifications  

We estimated multilevel VAR models using sequential univariate  regression models 

(Bringmann et al., 2013; Epskamp, Waldorp, et al., 2018), with random effects allowed to 

correlate. When visualizing the contemporaneous and between-subject networks, we required 

edges included in the networks to have significant coefficients in both directions (e.g., from 

node X to Y and vice-versa), otherwise known as the “and” rule. 

Group comparisons 

We compared the sample in the present analysis (parents who self-reported being 

exhausted and overwhelmed by parenting, hereafter termed the “Parental Burnout Sample”) 

with a sample of unselected (i.e., general population) parents from Chapter 7 (i.e., Blanchard 

et al., 2023). As we had hypothesized that parental burnout symptoms would fluctuate less 

from day to day for the Parental Burnout Sample, we used one-tailed t-tests.  

Additional analyses 

Fixed versus random effects  

In addition to the networks (which illustrate fixed group-level effects), we followed the 

example (and R code) of Veenman et al. (2022) and also plotted boxplots of the random effects, 

with large red dots showing the fixed effects (see Figure 20). This allowed us to examine if the 

individual estimates clustered around the group-level estimate, or if there was wide variation 

or differences between these.  

Centrality  

As there are general concerns with the interpretation of centrality indices (i.e., how 

connected a node is to all other nodes) for psychology networks (Bringmann et al., 2019), we 

only report on centrality (i.e., strength centrality) in Appendix F. 

Transparency and openness 

We preregistered the data collection design and analysis strategy as well as two hypotheses 

(although the study is mostly exploratory): https://osf.io/yfb84. We share anonymized daily 

diary data and R code here: https://osf.io/5sgkr/.  

https://osf.io/yfb84
https://osf.io/5sgkr/
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8.3 Results 

Descriptive statistics 

To assess general severity of parental burnout in the sample, we used the cut-off scores for 

the Parental Burnout Assessment as established by Brianda et al. (2023): 28 participants (70%) 

scored above the cut-off for moderate severity of parental burnout, while 13 participants 

(32.5%) reached severe parental burnout.  

Table 12. Demographic Information of Sample 

Note. a Years of study involves how many years of formal education the parent took part in, starting with 
secondary school (7th grade or age ~12) 

Participants answered an average of 52.28 daily surveys, and overall had a compliance rate 

of 93%. Descriptive information regarding demographics and baseline questionnaires can be 

found in Table 12, while descriptive information for ESM measures (e.g., intraindividual 

means, SDs, intraclass correlations) can be seen in Table 13.  

Group comparisons: Participant SDs 

When comparing the intraindividual standard deviation of daily reports of exhaustion, 

distance, and feeling fed up between the current “Parental Burnout” sample with an unselected 

(i.e., general population) sample from a previous study (Blanchard, Hoebeke, et al., 2023b), we 

found no support for parents in the parental burnout sample having lower standard deviations. 

In fact, when looking at group means of standard deviations, the parental burnout sample had 

higher standard deviations (e.g., greater daily fluctuation) than the unselected sample. Exact 

results are reported in Table S14 and Table S15 in Appendix F. However, we also examined the 

correlation between PBA total score and intraindividual standard deviation across the two 

samples, and found significant correlations for all three parental burnout features—

specifically: Exhaustion: r(88) = .22, p = .01; Distance: r(88) = .43, p < .001; Fed Up: r(88) = .34, 

p < .001.  

  

Demographic Variable Mean Median SD Min Max 

Age of parents 37.8 37.5 8.61 15 55 

Years of study of parents a  10.28 10.0 2.61 0 16 

Number of children (living under same roof) 2.10 2 0.90 1 4 

Age of children in years (living under same roof) 8.40 7.4 5.51 0.20 20.2 

Parental Burnout Assessment (total score) 69.55 64.5 31.81 14 132 

Balance between Risks and Resources (BR2) 8.18 6.5 48.89 -91 105 

Generalized Anxiety Disorder-7 Questionnaire 10.3 10 5.18 1 21 

Beck Depression Inventory 19.98 18 10.17 5 48 
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Table 13. Intra-individual Means, Standard Deviations, and ICCs for Each ESM Item 

Daily diary item iiMean iiSD ICC 

Emotional Exhaustion 41.61 28.44 0.29 

Emotional Distance 31.02 21.67 0.37 

Feeling Fed Up 30.53 25.91 0.27 

Partner Support 52.44 30.23 0.28 

Partner Conflict 16.7 25.16 0.08 

Kids’ Behavior 31.37 25.96 0.23 

Behavior toward Kids (+) 70.98 20.25 0.39 

Behavior toward Kids (-) 26.13 27.9 0.2 

Resources 57.48 27.42 0.35 

Social Support 24.55 31.35 0.18 

Time Spent with Kids 7.54 3.31 0.53 

Note. ICC = intraclass correlations; iiMean = intraindividual Mean; iiSD = 
intraindividual standard deviation. 

Network analyses 

Temporal network 

The temporal network visualizes how each variable predicts other variables and itself at 

the next timepoint (e.g., the next day); see Figure 19A. Exact edge values for the temporal 

network can be found here: https://osf.io/bny23. The temporal network is sparse and almost 

all edges relate to Positive Moments with Kids: a cycle with Emotional Distance, and a thick 

positive edge from Positive Moments with Kids toward Resources. The only other edge is from 

Finding Kids Difficult to Manage toward Feeling Fed Up. Of note, all variables except for 

Resources and Anger toward Kids have positive autoregressive (i.e., self-predicting) loops.  

When looking at how random effects (i.e., individual coefficient estimates) compared to 

fixed (i.e., group-level) effects (see Figure 20A), most individual estimates cluster together near 

the group-level estimate, with the important exception of the edge from Positive Moments 

with Kids toward Resources (which is highly unusual for the group-level estimate to be so far 

from the mean of random effects; we assume that this could be due to the multilevel structure 

of the model, which could pull some group-level parameter estimates away from individual 

values, but this is just a hypothesis and we are unsure exactly why this occurred). Even for all 

other edges, however, there are almost always at least one or two parents (and sometimes more) 

where the estimated edge has a very different magnitude or even a different sign. In other 

words, for at least some parents, the connection between two variables is actually opposite 

from what is shown in the group-level network in  Figure 19A (e.g., instead of Positive 

Moments with Kids predicting lowered Distance, there are at least two parents where the 

estimated model shows Positive Moments with Kids predicting greater Distance). The only 

edges where all random effects have the same sign are the autoregressive loops for Feeling Fed 

Up and Emotional Exhaustion. 

https://osf.io/bny23
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Figure 19. Network analyses for parents in burnout 

Note. Solid blue edges represent positive associations, while dashed red lines represent negative 
associations. (A) The temporal network shows associations between each variable and all other variables 
(including itself) from one day to the next, controlling for all other associations. (B) The 
contemporaneous network showed partial associations within the same day. (C) The between-subject 
network shows mean-level partial correlations between participants. AngKids = getting angry toward 
children; DiffKids = finding children difficult to manage; Dist = emotional distance; Exh = emotional 
exhaustion; FedUp = feeling fed up; PosMoKids = sharing positive moments with children; Res = 
resources; SocialSupp = social support. The exact edge values for all networks can be found as 
supplementary files: temporal (https://osf.io/bny23), contemporaneous (https://osf.io/ypcdj), and 
between-subjects (https://osf.io/w4bns). 
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Figure 20. Histograms of Random Effects of the Temporal and Contemporaneous 
Networks 

Note. Solid black squares show the edge values from the network analyses in Figure 19. AngKids = 
getting angry toward children; DiffKids = finding children difficult to manage; Dist = emotional distance; 
Exh = emotional exhaustion; FedUp = feeling fed up; PosMoKids = sharing positive moments with 
children; Res = resources; SocialSupp = social support; PBA = Parental Burnout Assessment (with a 
larger score indicating increased parental burnout severity).  

Contemporaneous network 

Figure 1B visualizes the partial correlations between variables for the same day, estimated 

from the residuals of the model represented in  Figure 19A. Exact edge values for the 

contemporaneous network can be found here: https://osf.io/ypcdj. This network has more 

edges than the temporal network, but the same associations (e.g., between Positive Moments 

with Kids and Distance, and between Positive Moments with Kids and resources) are still 
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both Exhaustion and Fed Up are negatively association with Resources. Interestingly, Social 

Support has no associations with any other variables. When examining random effects (i.e., 

individual coefficient estimates; see Figure 20B), the group-level estimate (found in Figure 19B) 

is always near the mean of the individual estimates. However, there are still multiple 

coefficients with associated random effects that are quite spread out and even a few with 

different signs/valences.  

Between-subjects network 

Figure 19C shows the partial correlations between the mean levels of variables. Exact edge 

values for the contemporaneous network can be found here: https://osf.io/w4bns. This network 

contains few edges, with the thickest negatively connecting Distance with Positive Moments 

with Kids. The other edges show that parents who on average report having resources are less 

likely to report feeling exhausted; and those parents in turn who on average report greater daily 

exhaustion also endorse higher daily amounts of Feeling Fed Up. Similarly, Fed Up is positively 

associated with Finding Kids Difficult to Manage, which in turn is positively associated with 

Anger toward Kids.  

Sensitivity analysis 

We conducted three sensitivity analyses with different variations of included participants 

and/or nodes, to examine how these changes impacted the network results (full results and 

discussion can be seen in Appendix F). First, we examined a model with all parents (n=40), 

including the four fathers (see Figure S25), and results were overall similar to the main results 

(Figure 19; just mothers, n=36).  

Second, we estimated a network with the two coparenting nodes added in (nodes=10), 

and thus without the 10 single parents (n=30). The contemporaneous and between-subject 

networks (see Figure S26) had all the thick edges from the main analyses (Figure 19) also 

present, although the between-subjects network did have some additional edges connecting to 

Resources. The temporal network, however, had more divergences. Some changes directly 

related to Partner Conflict and Partner Support (e.g., very strong autoregressive effects that led 

to thinner edges for all other connections), but the addition of partner-related variables also 

impacted how other variables interacted with Positive Moments with Kids (i.e., less 

connections to other variables in the temporal network) and Resources (i.e., predicting 

increased Distance in the temporal network). Note, however, that for this sensitivity analysis, 

there were initial convergence issues when estimating a model with correlated random effects 

(likely due to poor power with the reduced sample), which could also have impacted results; 

in the end, we estimated a model with orthogonal random effects.  

Third, we examined a network with the “Time with Kids” variable included (i.e., how 

many hours the parent spent with their children that day, not including sleep hours), for all 

parents (n=40). In general, adding Time with Kids did not change the structure of the networks 

(see Figure S27) compared with the main analyses (Figure 19): all thick edges were still present. 

https://osf.io/w4bns
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However, for the temporal network, adding Time with Kids led to a very strong autoregressive 

effect for Time with Kids and much thinner edges for all other connections. In addition, Time 

with Kids now predicted Positive Moments with Kids (which no longer had an autoregressive 

loop), suggesting that the amount of time parents spent with their kids predicted the shared 

positive moments the next day, but not any other variables (e.g., finding children difficult to 

manage, feeling exhausted, distant, or fed up). For the contemporaneous network, Time with 

Kids shared connections with a few more variables (e.g., not only Positive Moments with Kids 

but also Finding Children Difficult to Manage, Fed Up and Exhausted), but in the between-

subjects network, none of these connections remained.  

8.4 Discussion 

Based on the theoretical framework of parental burnout (e.g., Roskam et al., 2018), we 

had expected that this sample of parents in burnout would show less daily fluctuations of 

parental burnout features then a previous unselected sample (Blanchard, Hoebeke, et al., 

2023b). When comparing groups with t-tests, we did not find support for this hypothesis, but 

when we examined the correlation between the intraindividual standard deviations of daily 

reports of parental burnout features (i.e., exhaustion, distance and feeling fed up) and the total 

PBA score on the other, we did find significant correlations for all three features. This therefore 

supports that the more extreme the parental burnout, the less parents experience daily 

fluctuations of their experiences of burnout features. It also demonstrates that within the 

‘unselected’ and ‘parental burnout’ samples, there is significant variation of parental burnout 

severity. This is also seen in the PBA scores for this sample: 70% were above the moderate 

severity cut-off for burnout, but the range of PBA scores was wide. Interestingly, daily 

variations of exhaustion had the smallest correlation with PBA score. In contrast, distance had 

the largest correlation, which aligns with the hypothesis that emotional distance is particularly 

crucial to maintaining parental burnout: the higher the parental burnout score, the more 

parents experience constant emotional distance, with little daily variation. In other words, the 

environment and family context would have less of an impact on parents’ experience of 

distance (as well as fed up and exhaustion, although to a lesser extent) as the severity of parental 

burnout increases.  

This limited impact of context on parenting experience is also reflected in the results from 

the temporal network, which is generally sparse: overall, there are limited interactions between 

the family context and parental burnout features. We did not find evidence for our hypothesis 

that Distance would be strongly connected to Exhaustion and Fed Up, although it was the only 

parental burnout feature predicting a child-related variable (specifically, Positive Moments 

with Kids), or indeed any other variable in the network. We would therefore posit that 

Distance might still be the parental burnout variable with the most key role in the network for 

this sample of burned-out parents, although Positive Moments with Kids is the variable with 

the most connections. In addition, all three parental burnout features have strong 

autoregressive associations (with Distance exhibiting the thickest loop). This implies that if a 
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parent is experiencing exhaustion, distance or feeling fed up, they likely also will the next day 

(which was not the case for the unselected sample in Blanchard, Hoebeke, et al., 2023).  

Thus, three aspects of the results together suggest that parental burnout is a state less 

impacted by the family context than general parenting: the sparsity of the network, the high 

autocorrelation of parental burnout features, and the association of parental burnout severity 

with less daily variation of exhaustion, distance, and feeling fed up. In other words, once a 

parent is in a state of burnout, they will likely stay in that state of burnout, regardless of changes 

in their family context. 

The main interactions likely to impact the parent’s experience are their interactions with 

their children. For example, the only variable to predict a decrease of a parental burnout feature 

is sharing positive moments with children, which predicts less emotional distance from 

children in the next timepoint. This result is clinically relevant, especially when taking into 

account the sensitivity analysis including Time with Kids (Figure S27), where the same edge is 

still present: this means that sharing positive moments involves not just spending more time 

with children, but specifically the quality of the interaction (supporting previous research; e.g., 

Hsin, 2009).  

One other child-related variable predicts a parental burnout feature: if parents find their 

children difficult to manage one evening, they are likely to feel more fed up the next day. This 

association is also present in the temporal network of the unselected sample (i.e., Blanchard, 

Hoebeke, et al., 2023). From the current data collection method (i.e., asking the parent if they 

find their children difficult to manage), we cannot know if this item reflects mainly the 

parent’s perception of the child’s behavior as difficult to manage, or mainly the actual behavior 

of the child—most likely, it reflects both to some degree. Nonetheless, this finding highlights 

the importance of ensuring parents have adequate childrearing skills and strategies (as 

discussed by Mikolajczak & Roskam, 2018), as well as general resources when in difficult 

situations (e.g., convenient/free childcare situations when the parent is overwhelmed or 

unavailable), so that parents are less likely to (regularly) find their children difficult to manage, 

and then feel fed up. Although these proposals center on helping individual parents, they 

implicate large-scale institutional endorsement (e.g., governmental funding), and their 

implementation should be focused on community building and support networks (Webster-

Stratton, 1997).  

It is crucial to note, however, that there is substantial individual variation in results: the 

magnitude—and in some cases even the direction—of edges varies for different parents, as 

shown via the random effects in Figure 20. This high level of individual variation highlights 

the extent to which parenting is dependent on its specific context—for example, the resources 

parents have available will be vastly different from parent to parent, including social support, 

the relationship with the partner (if applicable), and so on. This also meshes with systemic 

thinking as applied to families, which generally emphasizes “uncertainty in understanding 

how a system works,” as family systems are overwhelmingly complex with their many 

interactions within the family and interacting forces from outside (Dallos & Draper, 2015, p. 
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148). We thus cannot designate one pattern that always occurs within one family, let alone 

within all families. We can, however, seek patterns that are likely to occur and re-occur across 

certain types of families that are experiencing specific problems (such as parental burnout), 

even while acknowledging and accepting that there will always be idiosyncrasies (e.g., 

individual variations). As such, identifying the temporal edges that are generally similar for 

most participants in Figure 2 grants insight into which patterns are common across the 

different families included in the present sample: the autoregressive effects for the parental 

burnout features and the edge from Positive Moments with Kids toward Distance.  

Nonetheless, we believe that further research must be conducted before implementing 

these findings directly into clinical practice, or assuming that these results hold true for all 

parents with burnout (which is unlikely in any case). For one thing, our sample is extremely 

specific: mothers living in Belgium. Although the sensitivity analysis including the four fathers 

who participated in the study shows very similar results (see Figure S25), it is still possible that 

a sample of all fathers would show different overall patterns. Since the only features impacting 

the parental experience in the temporal network were child-related variables, we also call for 

future research on parenting experience, particularly when focused on severe parental burnout, 

to include dyadic (parent-child) and whole family studies. In addition, cultural factors 

influence how parents understand their role as parents and interact with their broader context 

(e.g., depending on their childrearing goals, understanding of a “good” parent, expectations of 

community parenting support; . Future research should therefore also examine daily 

experiences of parental burnout within the family context in other samples, to see if and how 

patterns diverge. This is not only necessary to understand the generalizability of results, but 

also to explore how experiences of parental burnout differ according to the specific cultural 

norms surrounding parenting and family life.   





 

Chapter 9. 
 

Affective dynamics  

Our emotional trajectories make up our affective experience—but these can be 
disrupted during mental illness. This study focuses on affect anchored to the 
parenting context (i.e., daily emotional exhaustion, emotional distance from 
children, and feeling fed up) to assess whether the way parenting affect fluctuates 
relates to dysfunction: parental burnout severity. We focus on three specific 
patterns (i.e., affective dynamic indices): inertia (i.e., persistence across days), 
variation (i.e., magnitude of change), and covariation (i.e., whether affect variables 
fluctuate together). We reanalyzed multiple datasets (from Belgium and the U.S.) 
yielding 180 parents who had rated their parenting affect daily for either three or 
eight weeks. We computed a regression model with all affective indices as 
predictors (controlling for mean levels), with parental burnout severity as the 
outcome variable. Results indicate that inertia of emotional distance predicts 
parental burnout severity across most sensitivity models (i.e., even with varied 
operationalizations of affective indices). No other temporal pattern (i.e., variation 
or covariation) robustly predicted parental burnout severity, although the mean 
levels of emotional distance and emotional exhaustion did. Results from sensitivity 
analyses emphasize that operationalization choices for affective indices can yield 
varying values and impact results.        

 
  
  
   
Currently under review, with preprint at:  
 
Blanchard, M. A., Kerr, M.L, Kirkorian, H., Barr, R., Hoebeke, Y., & Heeren, A. (2023). 
The Affective Dynamics of Parenting: Inertia of Emotional Distance as a Key Characteristic 
of Parental Burnout Severity. Manuscript submitted for publication. Preprint available: 
https://doi.org/10.31234/osf.io/ekp49.  

https://doi.org/10.31234/osf.io/ekp49
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9.1 Introduction 

Parenting represents a gargantuan task, encompassing the weighty responsibility of 

raising children and preparing them to navigate their adulthood. The impact parenting has on 

children’s development and well-being is well-established (Masten & Palmer, 2019; Ulferts, 

2020), but there is overall less focus placed on the experience of parenting and its impact on 

the parents themselves. One area of research that does examine when parenting becomes 

dysfunctional for the parent does so via the construct of parental burnout: How do parents 

become overwhelmed and exhausted by parenting, to the point where they might no longer 

feel close to their children or want to be a parent (Mikolajczak et al., 2019)? Parental burnout 

involves severe emotional exhaustion, emotional distance from children, feeling fed up with 

parenting, and a sense of contrast with the previous parental self (Roskam et al., 2018). We 

know from previous research that these parenting experiences fluctuate from day to day for all 

parents (Blanchard, Hoebeke, et al., 2023b), and we will hereafter refer to the daily variations 

in parents’ experiences of emotional exhaustion, emotional distance, and being fed up with 

parenting as negative “parenting affect.” We term these variables (negative) ‘parenting affect’ 

because we use affect as an umbrella term for emotion, mood and stress response (following 

Gross, 2015) 1, here applied specifically to the context of parenting. Note that these three affect 

items are connected to parental burnout, and in fact were developed to represent daily 

fluctuations in the three main dimensions of parental burnout (Blanchard et al., 2023). What 

is still unknown, however, is whether the way parenting affect fluctuates—its “trajectories, 

patterns, and regularities” (Kuppens, 2015)—can meaningfully shed light on the experience of 

parenting and how it might morph into the dysfunctional extremes of parenthood, such as 

parental burnout.  

Research into how (and why) affect fluctuates falls under the heading of ‘affect dynamics’ 

(Kuppens, 2015). This research area focuses on the dynamic nature of emotions and affect, such 

as how affect ebbs and flows across time. Much research into affective dynamics has focused 

on broad composite variables of ‘positive affect’ and ‘negative affect’ (Gray & Watson, 2007), 

but experts also point to the importance of specificity and context (Koval et al., 2021). For 

example, examining specific discrete emotions often provides more information on distinct 

patterns than when joining variables together into broad categories (e.g., irritability and shame 

vs. combining them with other emotions into a broad “negative affect” construct; Mneimne et 

al., 2018). The context of emotional reactions and affect changes are also key: there is a higher 

signal-to-noise ratio when emotional assessments are anchored to a particular context, as they 

are more focused and capture less random fluctuations of affect (Dejonckheere & Mestdagh, 

2021). Moreover, the study of affect dynamics is not limited to emotions but is also relevant to 

other processes such as state rumination (Bean et al., 2021) and solitude (Elmer et al., 2020); 

 
1 In fact, when discussing affect dynamics, it is also common to use the terms ‘emotion dynamics’ and 
‘affect dynamics’ interchangeably, as the concept encapsulates everything from “short-term emotional 
fluctuations to longer term mood swings, involving one single emotion (component) or the interrelation 
or concordance across multiple emotions (or components) across time” (Kuppens, 2015, p. 298). 
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the crucial component involves examining the patterns and trajectories of internal experiences. 

Hence, we adopted a similar approach in this study and sought to examine the fluctuations of 

affect anchored to the parenting context, and to specifically explore patterns of three distinct 

parenting components: emotional exhaustion, emotional distance, and feeling fed up. 

Most research on affect dynamics specifically examines whether certain dynamic patterns 

characterize psychological (mal)adjustment, or even specific psychological disorders. 

However, much of this research has substantial methodological flaws, as detailed by 

Dejonckheere et al. (2019): the majority of studies only examine the association between 

specific affective dynamic indices and psychopathology without taking into account the mean 

or overlap with other related indices. For many of these dynamic affect indices, the mean level 

best predicted (mal)adjustment, and once the mean level (or other affective dynamic indices) 

was controlled for, any association disappeared (Dejonckheere et al., 2019; Koval et al., 2021). 

In other words, if someone has an overall high level of negative affect, this is typically more 

informative about their general well-being than the specific patterns in which they experience 

negative affect. This does not mean that these patterns are not interesting, but that 

methodological robustness is crucial for understanding the precise usefulness of a specific 

pattern. As Dejonckheere et al. (2019, p. 485) highlight, an affective dynamic measure should 

“summarize[s] affective time series in a unique way” and have “significant additional 

explanatory power in the prediction of psychological well-being.”  

We wanted to build on these recent developments in the study of affective dynamics and 

apply them to the parenting domain, to search for patterns and trajectories in the daily 

experience of parenting. Although researchers have examined affective dynamics in a family 

context, it has typically been from the lens of developmental psychopathology, focusing on 

interactions between people on short timescales of seconds to minutes. Research that has 

focused on within-person processes over hours and days in a family context often focus on 

children and adolescents (Maciejewski et al., 2019; Van Lissa et al., 2017; Vannucci et al., 2019). 

Few studies directly pertain to the ebb and flow of parents’ affect, even though parenting affect 

patterns not only shed light on the processes and difficulties of parenting—relevant to a large 

swathe of the population—but also impact the entire family system (Kerig, 2019). Studies that 

have directly examined affective dynamics of parenting experiences (e.g., Kerr, Rasmussen, et 

al., 2021; Somers et al., 2020) have thus far included only general affect measures, and not 

measures of affect specific to the parenting context. In addition, no study thus far has explored 

whether and how parenting affect patterns predict psychological maladjustment specific to the 

context of parenting, such as parental burnout.  

To better understand how specific patterns of negative parenting affect might predict 

parental burnout, we examined three specific and commonly used affective indices: variability, 

inertia, and covariation. Variability represents the average change from the mean level per 

person over the entire time period investigated (Dejonckheere et al., 2019). We expected that 

less variability in each of the three negative parenting affect variables would predict more 

severe parental burnout. This follows the overarching theoretical framework of parental 

burnout: that severe parental burnout occurs through a chronic accumulation of parenting 



152 | The temporal dynamics of parental burnout 

stress, which results in increased severity and frequency of parental burnout symptoms 

(Mikolajczak & Roskam, 2018). We hypothesized that this increased frequency and severity of 

symptoms would also yield less fluctuation in negative parenting affect. In addition, one 

previous study found similar results: smaller standard deviation of parental affect predicted 

more severe parental burnout (Blanchard, Hoebeke, et al., 2023a).2 However, in light of the 

importance of distinguishing the impact of affective dynamic indices from the mean affect 

level (as described above and in Dejonckheere et al., 2019), we specifically examined relative 

variability, which takes into account the maximum possible variability given the mean affect 

level (Mestdagh et al., 2018).  

We also sought to capture the inertia of negative parenting affect, which can be defined 

as “a propensity for emotions to linger across time, reflecting slower recovery from emotional 

perturbations” (Koval et al., 2021).3 In other words, inertia represents resistance to change or 

“getting stuck” (in the apt words of Elmer et al., 2020b) in a way of experiencing the world 

(e.g., in a specific emotion or mood, but also more broadly, such as in a state of solitude). We 

expected that high levels of negative parenting affect inertia—characterizing parents who 

linger in experiences of exhaustion, distance and feeling fed up from one day to the next 

without changing in response to new situations—would be associated with more severe 

parental burnout.  

Lastly, we investigated the covariation of negative parenting affect: whether specific 

affective experiences (here: emotional exhaustion, emotional distance, and feeling fed up) vary 

together. If parental burnout is a unitary construct, as theorized (Roskam et al., 2018), then we 

expected that for parents with severe parental burnout, the negative parenting affect variables 

would fluctuate in sync with one another.  

The current study thus analyzes these three patterns of parenting affect: relative 

variability, inertia, and covariation. Or in other words: how much parents’ affect varies overall, 

whether parents linger in states of negative parenting affect, and whether their experiences of 

different components of negative parenting affect synchronize with one another. To examine 

these distinct affect patterns, we reanalyze three datasets with repeated daily measures of 

parents’ emotional exhaustion, emotional distance, and feeling fed up. We aim to pinpoint 

which affective dynamic patterns characterize the daily experience of parenting when it 

becomes maladjusted and dysfunctional—or in other words, when it takes the form of parental 

burnout.  

 
2 Note that this dataset is in fact one part of the data reanalyzed in the current study. However, the 
specific index of variation was different (here, we use relative SD), and it also did not account for the 
mean level.  
3 Note that inertia specifically examines persistence from one timepoint to the next, and so takes the 
order of temporal fluctuations into account, while variation refers only to the overall magnitude of 
change, regardless of moment-to-moment fluctuations (Koval et al., 2021). This means that someone can 
have both high variability (a broad range in their general level of affect) and high inertia (persistence of 
emotions from one day to the next), such as through slow but large changes in affect levels. 
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9.2 Methods 

Participants 

To maximize the sample size, we include multiple datasets from other projects: two from 

Belgian participants (original projects: Blanchard, Hoebeke, et al., 2023b, 2023a), and one from 

American participants (the original study, titled the Ecology of Media Use project, is not yet 

published). Details regarding these samples, including their original projects, where to find 

the data, and key differences between the samples, can be found in Table 14.  

Table 14. Information on the three datasets reanalyzed for the current study 

Characteristic Dataset #1 Dataset #2 Dataset #3 

Location Belgium Belgium US 

Original project 
https://doi.org/10.1037

/fam0001070 

https://psyarxiv.com/h

s6tb/ [preprint] 

EMU study [not yet 

published] 

Data  https://osf.io/pshdn/ https://osf.io/9zgbw/ 
[will be uploaded after 

data collection] 

Response Scale 0-100 0-100 0-10 

Recruitment criteria Min. 1 child < 16 years Min. 1 child < 16 years 
Min. 1 child aged 1-2 

years (11-23 months) 

Language French French English 

% Mothers 86% 90% 91.3% 

Max. # of timepoints 56 56 21 

Dummy code in Model Belgium Belgium US 

Total # of participants  50 40 104 

# of participants (after 
excluding if SD = 0) 

49 40 91 

Further demographic information regarding the three samples can be found either in the 

original publications or (in the case of the US sample) in Appendix G (also at 

https://osf.io/xc5rd). The original number of participants included 90 from the combined 

Belgian sample and 104 from the US sample.4 However, since multiple indices required 

variance for daily responses, we also excluded participants that had at least one daily variable 

that they answered identically for the entire data collection.5 This excluded 1 participant from 

the Belgian sample and 13 from the US dataset, yielding a final sample of 180 participants.  

 
4 As preregistered, we only included samples from the US dataset that answered the Parental Burnout 
Assessment and at least 50% (i.e., minimal 11 out of 21) of the daily surveys.   
5 This was not included as part of the preregistration but was required since relative SD requires a non-
zero standard deviation to compute it. Only one participant had no variation for all three daily parenting 
affect variables, so technically it could have been possible to compute inertia estimates for variables 
with variability for the other participants. However, this could be problematic for some of the inertia 
analyses (e.g., for multilevel vector autoregressive models, which include cross-lags between daily 
parenting affect variables, autoregressive estimates would still be impacted), and in any case these 
participants would have been removed in the regression analysis via listwise deletion. Moreover, if a 
participant answered the exact same (in our datasets, participants with no variation answered “0” every 
day), there are doubts whether the participant put thought into answering the item.  

https://doi.org/10.1037/fam0001070
https://doi.org/10.1037/fam0001070
https://psyarxiv.com/hs6tb/
https://psyarxiv.com/hs6tb/
https://osf.io/pshdn/
https://osf.io/9zgbw
https://osf.io/xc5rd
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Parental burnout severity: Parental Burnout Assessment 

Parental burnout severity was assessed at the start of data collection via the Parental 

Burnout Assessment (PBA; Roskam et al., 2018). This questionnaire includes questions about 

the four dimensions of parental burnout (emotional exhaustion, emotional distance, feeling 

fed up and a sense of contrast with the previous parental self), all answered on frequency Likert 

scales from 0 (never) to 6 (every day).6 The number of items in each subscale and example items 

are as follows: emotional exhaustion (9 items; e.g., When I get up in the morning and have to face 

another day with my child(ren), I feel exhausted before I’ve even started), emotional distance toward 

child(ren) (3 items; e.g., I’m no longer able to show my child(ren) how much I love them), feeling 

fed up (5 items; e.g., I can’t take being a parent anymore), and a sense of contrast with the 

previous parental self (6 items; e.g., I’m ashamed of the parent I’ve become). Scores could range 

from 0 to 138, with clinical cut-offs established by Brianda et al. (2023): 52.7 for moderate 

parental burnout severity and 86.3 for severe. We used the summed total score as an index of 

parental burnout severity. 

Parenting affect: Daily diary survey 

Daily parenting experience for each of the three fluctuating parental burnout features was 

assessed via a daily diary item. These three items read as follows: “I felt exhausted while caring 

for my children” (emotional exhaustion); “I felt close to my children in both good and bad 

situations (emotional distance; a reversed item); and “I felt overwhelmed caring for my 

children” (feeling fed up). All items were answered on a sliding scale from “Not at all” to 

“Absolutely” (on a 0-100 scale for Datasets 1 and 2, and on a 0-10 scale for Dataset 3). The 

development procedure and psychometric properties of these items, as well as their translation 

between English and French, are described extensively in previous research (Blanchard et al., 

2023). 

Recruitment and procedure 

Dataset 1 (Belgium: General population) 

Parents attended a one-on-one briefing with a researcher to go over the study procedure 

and daily diary items. The parent answered a few baseline questionnaires afterwards, and then 

began the daily diary items (including some not covered in this study) the next day. Daily diary 

items were randomized, and set up via the formr software (Arslan et al., 2020); further details 

are described in Blanchard, Hoebeke, et al. (2023). Over eight weeks, parents answered daily 

items in the evening, sometime between 6PM and 9PM (at a time of their choosing), with five 

hours to respond. Participants took a median time of 1.32 minutes to complete the daily diary. 

Parents received up to 35€ if they answered over 80% of daily diary prompts. All parents 

 
6 Note that the US sample only saw the scale values (e.g., “never”) and not any numeric values, but 
Qualtrics assigned a value from 1-7 to each option. We therefore recoded data from the US sample from 
0-6 during preprocessing so that it matched the Belgian sample.   
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provided written informed consent, and the project received approval from the UCLouvain 

biomedical review board (approval date: May 11, 2020; protocol title: PBNET). The eight weeks 

of data collection ran from April through June of 2021.  

Dataset 2 (Belgium: Parental burnout) 

The procedure for Dataset 2 was identical to Dataset 1, except that the recruitment 

targeted a specific population: parents with severe parental burnout. These participants were 

recruited by contacting all psychologists and clinical workers in French-speaking Belgium that 

had completed training on parental burnout and requesting that those who agreed transmit 

information about the study to any relevant patients. Recruitment also took place via local 

relevant social media groups (e.g., about parental exhaustion and burnout). Recruitment 

criteria also included feeling exhausted and overwhelmed as a parent. Parents received up to 

50€ if they answered over 80% of daily diary prompts. Further information can be found in 

(Blanchard, Hoebeke, et al., 2023a).  

All parents provided written informed consent, and the project received approval from 

the UCLouvain biomedical review board (approval date: May 11, 2020; protocol title: PBNET). 

In total, data collection spanned from March 2022 to March 2023. Participants took a median 

time of 1.38 minutes to complete the daily diary. 

Dataset 3 (US) 

The US sample began data collection in February 2023, and only participants that had 

finalized their data collection by July 2023 are included in this study. Participants did an 

introductory video call to discuss all study procedures. Parents answered end-of-day daily 

surveys for 21 days. These surveys were sent each evening at 8PM, and parents had three hours 

to answer7, with reminders after one and two hours. Surveys were administered via Survey 

Signal, which administered a text message (and potential reminders) containing a link to the 

survey on Qualtrics. For these daily surveys, parents took a median time of 3.1 minutes to 

answer. This survey included first the three daily parenting affect items, and then up to 29 

additional items, depending on if they said ‘yes’ to certain questions (e.g., about screen media 

use).  

This daily survey was collected as part of a larger study focused on families’ media usage 

and parents’ experiences. This larger study included experience sampling (i.e., 5 signals sent at 

random times throughout the day) and a time diary at the end of the day regarding their 

children’s daily activities and media use. Parents received compensation for their participation: 

up to $65 USD in the form of an Amazon gift card, depending on how many tasks they 

completed for the study (i.e., enrollment, baseline survey packet, end of day surveys, experience 

sampling prompts, etc). For the present study, we only use the parents’ responses to the PBA 

completed at baseline and their answers to the three daily parenting affect items collected over 

 
7 Note that the time window increased to six hours partway through data collection to allow parents 
additional time to answer the surveys. 
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the next 21 days. All parents provided written informed consent, and the project received 

approval from the IRB at Georgetown University (GU IRB protocol # 2017-0591). 

Data analysis 

We performed all analyses using R statistical software (v4.3.0; R Core Team, 2021). 

Throughout our code, we made use of tidyverse packages (Wickham et al., 2019). We 

preregistered all analyses and main R code (https://osf.io/hzqe7), and we mention in footnotes 

where we deviated from this preregistration. 

Affective dynamic indices 

Variability: Relative SD 

To operationalize variability, we computed each participant’s relative standard deviation 

(Mestdagh et al., 2018) for each parenting affect. Relative variability is defined as “the ratio of 

the variability divided by the maximum possible variability given the mean […] resulting in a 

variability measure that is not confounded by the mean” (Mestdagh et al., 2018, p. 691). 

Inertia: Autoregression 

To operationalize inertia, we used the autoregressive slope: we regressed each parent’s 

affect from one day onto their affect from the previous day (Koval et al., 2021), computing an 

autoregressive coefficient for each parenting affect variable separately. We did so using a 

multilevel autoregressive model of order 1, or AR(1) model, to take into account that parents 

are likely similar to one another; this model assumes that participants come from a common 

distribution. However, since we have two very distinct samples, we generated two separate 

multilevel AR(1) models: one for each sample, so that we did not statistically assume the two 

samples came from the same population.  

Autoregression coefficients typically range from 0 to 1.8 A larger autoregressive coefficient 

represents greater inertia (i.e., responses that are more stable and staying closer to the mean 

value from one day to the next), while a coefficient close to zero signals that the previous day’s 

response has little impact on today’s response. 

Covariation: ICC  

To operationalize covariation between daily ratings of exhaustion, distance and feeling 

fed up for each participant, we used the intraclass correlation coefficient (ICC), which 

examines the degree to which ratings on different variables converge (Dejonckheere et al., 

 
8 Autoregressive coefficients can range from -1 to 1, but a negative autoregressive coefficient is unusual 
for most psychology variables, as it represents a variable that is rapidly cycling—for psychology 
variables, this is usually related to intake (e.g., smoking or eating disorders). Technically, an 
autoregressive coefficient can also be greater than 1, but this would mean that the responses are 
constantly increasing (i.e., violating the assumption of stationarity; Koval et al., 2021). 

https://osf.io/hzqe7
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2019).9 Specifically, we calculated the ICC measuring consistency (P. E. Shrout & Fleiss, 1979) 

between the three parenting affect measures, following previous authors examining 

covariation of ESM measures (Dejonckheere et al., 2019; Erbas et al., 2014; Ottenstein & 

Lischetzke, 2020). We chose the consistency ICC because it considers correlations among 

variables but not mean levels, and we sought to differentiate affect dynamics from within-

person means as much as possible. ICC scores range from 0 to 1, with a high score reflecting 

high convergence between ratings. Note that negative ICC scores can occur, but their 

interpretation is not clear in the context of emotion differentiation or covariation 

(Dejonckheere et al., 2019). We had preregistered that we would set to zero any negative ICC 

scores (following Dejonckheere et al., 2019), but all participants had positive ICC scores.   

Preprocessing 

To ensure data is on the same scale for both samples, we divided the responses from 

Datasets 1 & 2 (collected on a 0-100 scale) by 10, so that they matched the responses from 

Dataset 3 (collected on a 0-10 scale).10  We also removed participants that had no variability 

(i.e., SD = 0) on any of the three daily affect questions, as their intensive longitudinal data must 

have variability to compute relative SD (Mestdagh et al., 2018).11  

Regression models  

We checked assumptions for the regression models with the performance package in R 

and the ‘check model’ function (Lüdecke et al., 2021). We found no evidence of outliers, nor 

collinearity (for models without interactions), but almost all models were non-normal and 

heteroscedastic. Following our preregistration and the method of Dejonckheere et al. (2019), 

we performed a non-parametric bootstrap procedure, randomly resampling participants (5000 

times), fitting the regression model to each resample, and thereby deriving a sampling 

distribution and p-value. Models with raw data are reported in Appendix G (see Figure S35).  

As we are interested in the predictive value of each affective index while controlling for 

the others and for the mean-value, we performed our analyses in two steps. First, we ran a 

regression model with only the intra-individual means of the three daily parenting affect 

variables (i.e., exhaustion, distance, and feeling fed up) predictive parental burnout severity. 

This model therefore had three predictors of interest. Since Dataset 3 had multiple important 

characteristics that differ from Datasets 1 and 2 (i.e., different scale, different country, different 

 
9 Note that intraclass coefficient (ICC) is also used as an affective dynamic index to examine “emotional 
granularity” or “differentiation” for researchers interested in the distinction between emotional 
experiences (the inverse of covariation; Dejonckheere et al., 2019). In this case, they would interpret the 
ICC inversely, with low ICC scores representing high emotion differentiation.  
10 All affective dynamic indices are already on a common scale (0 to 1 for ICC, around 0 to 1 for 
autoregression, and 0 to 1 for relative SD).  
11 We had preregistered including all participants in analyses and then removing those with no 
variability for a sensitivity analysis, but since variability is required to compute relative SD we only 
included in the main analyses participants who had variability for all three daily parenting affect 
variables.  
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age range of children, as summarized in Table 14), we also included a dummy variable 

representing sample (coded as Belgium: 0 or 1). We then ran a second regression model, where 

we added all affective dynamic predictors (i.e., inertia and variability for each of the three 

parenting affect variables, as well as their covariation). We again included a dummy variable 

representing sample, as well as interactions between this dummy variable and all affective 

dynamic predictors. This allowed us to directly examine if sample type impacted how affective 

dynamic indices predict parental burnout. This second model therefore included 19 predictors 

in total, of which 15 were of interest (the dummy variable, the seven dynamic affect predictors, 

and the seven interactions between the dummy variable and dynamic affect predictors).  

We first examined the change in explained variance (i.e., R squared) between the two 

models, to examine if the dynamic indices predicted additional variance in parental burnout 

severity compared to just the mean levels of parental affect. We then examined the specific 

dynamic affect predictors (and their interactions with the dummy variable representing sample 

type), to assess which particular dynamic affect indices predict parental burnout severity. To 

correct for multiple testing and control the false discovery rate, we used the Benjamini-

Hochberg correction (Benjamini & Hochberg, 1995) on all beta coefficients in the regression 

models. 

Power (post-hoc for secondary data analysis) 

As part of the preregistration for secondary data analysis, we estimated a likely effect size 

(medium to large) and used G*Power to conduct post-hoc power analyses (i.e., knowing we 

would have access to at least 170 participants across the three datasets) to estimate the likely 

statistical power (Erdfelder et al., 2009) in identifying a change in R squared between the two 

models. As such, with an alpha of 0.05, a conservative sample size estimate of 170, and a 

medium effect size (f2 = .15), the power is .89. With a large effect size (f2 = .32), the power 

increases to 0.99. 

Sensitivity analyses 

As there were multiple ways we could have computed the affective dynamic indices and 

combined the samples, we also conducted a series of sensitivity analyses to examine what 

impact alternate decisions could have on the results. We decided (during data analysis) to 

compute a sensitivity model for all possible combinations of affective indices described below, 

yielding a limited multiverse analysis of sorts (Steegen et al., 2016). We did so to better 

understand the impact of affective index operationalization and preprocessing choices on 

results.  

Inertia: AR(1)  

We also wanted to examine inertia in isolation, instead of deriving autoregressive 

coefficients from a multilevel model, which brings the assumption that subject-level 

parameters from a common normal distribution (while also handling missing data better). We 
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therefore also computed autoregressive indices per variable per participants using an 

autoregressive model of order 1: an AR(1) model.  

Inertia: mlVAR 

Since the three parenting affect items are at least partially related, we also derived 

autoregressive coefficients from a multilevel vector autoregressive model with all three 

variables, where each variable at timepoint t-1 predicted itself and all other variables at time t 

(Epskamp et al., 2019). Using such a multilevel model allows us to account for associations 

with the other parenting affect variables.12  

Variability: SD  

We also sought to examine how using the typical standard deviation (SD), and not the 

relative version as proposed by Mestdagh et al. (2018) that removes the overlap with the mean, 

impacted results. To ensure that the SD would be on the same scale across samples (i.e., 

Datasets 1 & 2 with a scale of 0-100 and Dataset 3 with a scale of 0-10), we first divided all 

parental affect responses for Datasets 1 & 2 by 10 so that they were on the same scale as Dataset 

3 before computing SD. 

Sample: Separate models per model type  

Following our preregistration, since the main model showed significant interactions of 

predictors of interest with a dummy variable representing sample, we also conducted 

sensitivity analyses where all regression models were computed separately by sample (i.e., US 

vs Belgium).  

Exploratory analysis 

We also wanted to examine whether the mean level of a parental affect variable moderates 

its associated affective dynamic index. For example, it could be the case that parents with low 

relative variability (i.e., few fluctuations) also have low overall mean levels of daily exhaustion, 

distance and feeling fed-up, and therefore low relative variability would not be predictive of 

parental burnout severity for these parents. This has previously been demonstrated, with 

negative affect mean levels moderating the associations between negative affect variability and 

depressive symptoms (Maciejewski et al., 2022). We thus also included an additional 

exploratory (preregistered) regression model, where we added an interaction between each 

 
12 Note that this was the original main method we had preregistered to use to operationalize inertia. 
However, when computing autoregressive indices with the mlVAR model, we received an error message 
for the US sample, as 91 subjects had less than 20 measurements which could lead to biased estimates, 
most notably for autoregressive estimates (as can be seen in Figure 4). We therefore still include 
autoregressive estimates from mlVAR models as sensitivity analyses, but focused our main analyses on 
multilevel AR(1) models, which have less parameters and so required less timepoints (and in Figure 4, 
less autoregressive values are negative for the multilevel AR(1) model). Ideally, however, we would still 
have substantially more timepoints per person.  
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affective dynamic index and its associated variable’s mean (thus for all affective dynamic 

indices except ICC, which is associated with all three variables).  

Transparency and openness 

We report how we determined our sample size, all data exclusions, all manipulations (i.e., 

note) and all measures in the study. The experience sampling data from Datasets #1 and #2 (i.e., 

the Belgian sample) are available on the Open Science Framework with their original projects: 

https://osf.io/pshdn/ and https://osf.io/9zgbw/. Dataset #3 is not yet publicly available. The 

study’s preregistration, all R analysis code, and the supplementary materials can all be found 

on the OSF page for this project: https://osf.io/5nfbu/. 

9.3 Results 

Descriptive statistics 

For the Belgian sample, the mean compliance rate for daily parenting affect surveys was 

.93 (equivalent to around 52 surveys answered per person), while for the US sample, the mean 

compliance rate was .82 (equivalent to an average of 17 daily surveys answered per person). 

Figure 1 contains the mean and standard deviation of the three daily variables per sample, and 

Figure 2 contains the distribution per sample of parental burnout scores.  

 

Figure 21. Violin Plots of the Mean and SD of Each Daily Variable per Sample 

 

https://osf.io/pshdn/
https://osf.io/9zgbw
https://osf.io/5nfbu/
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Figure 22. Violin plots of Parental Burnout Severity per Sample 

Note. Cutoffs for Moderate and Severe parental burnout were taken from Brianda et al. (2023). PBA = 
Parental Burnout Assessment Score. Note that the Belgian sample includes both a community sample 
(Dataset 1) and a sample focused on parents with burnout (Dataset 2), while the US sample is a 
community sample (Dataset 3). 

Main model: Bootstrapped regression model 

For our main analysis, we first examined a regression model with only mean-levels of 

three daily parenting affect variables predicting parental burnout severity (see Model 1 in Table 

15). This model explained a large percentage of variance in parental burnout severity, with an 

adjusted R2 of .56. When we add in the affective indices as predictors (see Model 2 in Table 

15), the model explains slightly more variance, with an adjusted R2 of .61. When examining 

the predictors, however, only one predictor related to the affective indices was significant: 

inertia (i.e., autoregressive parameter) of Distance. Moreover, the interaction between the 

autoregressive parameter for Distance and dummy variable for sample was also significant, 

implying a different association across samples. However, when conducting separate regression 

models per sample (as preregistered as sensitivity analyses), neither the US nor the Belgian 

sample has any affective indices robustly13 predicting parental burnout severity (see Figure S35 

in Appendix G).   

 
13 In the Belgian sample, Inertia of Emotional Distance significantly predicts parental burnout severity 
in the two sensitivity models with mlVAR indices; no affective indices are significant predictors in the 
US sample.  
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Table 15. Bootstrapped regression models 

  Model 1 (Only Means) Model 2 (Affective Indices) 

Predictors Estimates CI p Estimates CI p 

BE 21.28 14.74 – 27.96 <0.001 -38.11 -73.73 – -0.54 0.048 

mean Exh  5.35 0.96 – 8.51 0.017 4.67 0.81 – 8.09 0.019 

mean Dist  6.69 4.51 – 8.79 <0.001 10.50 7.29 – 14.09 <0.001 

mean FedUp  1.84 -1.53 – 7.51 0.316 -0.08 -3.45 – 5.52 0.965 

rsd Exh 
   

-1.80 -27.11 – 22.67 0.897 

rsd Dist 
   

-8.18 -22.56 – 6.33 0.259 

rsd FedUp 
   

-3.22 -21.30 – 16.44 0.715 

AR 1ml Exh 
   

10.42 -27.99 – 47.12 0.574 

AR 1ml Dist 
   

-254.13 -382.40 – -138.29 <0.001 

AR 1ml FedUp 
   

20.13 -21.09 – 63.01 0.342 

ICC 
   

13.93 -2.08 – 30.12 0.088 

BE × rsd Exh 
   

35.52 -43.33 – 120.62 0.404 

BE × rsd Dist 
   

19.62 -22.39 – 60.82 0.361 

BE × rsd FedUp 
   

23.65 -37.36 – 80.13 0.430 

BE × AR 1ml Exh 
   

-36.37 -332.85 – 279.60 0.804 

BE × AR 1ml Dist 
   

250.78 92.87 – 419.73 0.004 

BE × AR 1ml FedUp 
   

91.74 -52.86 – 233.86 0.214 

BE × ICC 
   

-4.11 -36.25 – 27.38 0.803 

Observations 180 180 

R2 / R2 adjusted 0.567 / 0.557 0.645 / 0.605 

Note. Text in bold represents a significant p-value. Since both models were non-normal and 
heteroscedastic, we followed our preregistration and performed a non-parametric bootstrap 
procedure, randomly resampling participants 5000 times, fitting the regression model to each 
resample, and thereby deriving a sampling distribution and p-value. We corrected for multiple 
comparisons within each model via the Benjamini-Hochberg procedure. BE = dummy predictor 
indicating sample (Belgium or US); Exh = emotional exhaustion; Dist = emotional distance; FedUp 
=feeling fed up; rsd = relative SD; AR 1ml = autoregressive parameter from a multilevel AR(1) model; 
ICC = intraclass correlation coefficient. 

Sensitivity analyses: Bootstrapped models 

As the main model included specific operationalizations of inertia (i.e., from a multilevel 

AR(1) model) and variation (i.e., relative SD), we conducted multiple sensitivity analyses 

where we varied the specific method to compute each index.14 These are summarized in Figure 

23, which shows bootstrapped regression models with varying operationalizations of affective 

indices.15 Specifically, we examined inertia (i.e., simple autoregression model, multilevel 

autoregression model, or multilevel vector autoregression model), variation (i.e., relative SD 

vs. SD), and covariation (i.e., ICC).  

 
14 To be clear, we had preregistered conducting most of these sensitivity analyses, but we decided to 
extend them to a constrained multiverse analysis, where we would examine models crossing the 
different operationalizations per index, to gain a more robust view of how the choice of index 
operationalization can impact results.  

15 Sensitivity models without bootstrapped models and by sample are summarized in Figure S35. 
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Figure 23. Summary of Significant Predictors Across Sensitivity Models 

Note. Belgium (Dummy) = dummy predictor indicating sample (Belgium or US); Dist = emotional 
distance; Exh = emotional exhaustion; FedUp =feeling fed up; AR(1) = autoregressive model; rsd = 
relative SD; mlAR = autoregressive parameter from a multilevel AR(1) model; mlVAR = multilevel vector 
autoregressive model. 

Across all models, the most robust predictor of parental burnout severity is Mean 

Emotional Distance. Among other predictors, Inertia of Emotional Distance (or its interaction 

with sample type) predict parental burnout severity in four out of six sensitivity analyses: all 

except those which operationalized inertia with a simple AR(1) model. Note that when Inertia 

of Emotional Distance is significant, so typically is its interaction with sample type. The 

distributions of different inertia indices do vastly differ by sample (see Figure 24), and for 

certain indices (i.e., particularly autoregressive parameters from the AR(1) model and the 

multilevel VAR model) the US sample includes many more negative autoregressive values 

(likely due in part to many participants having fewer than 20 timepoints, at least for the mlVAR 

model).  
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Figure 24. Distribution of Autoregressive Values across Operationalization Type and 
Sample 

Note. Distance = emotional distance; Exhaustion = emotional exhaustion; Fed Up =feeling fed up; AR(1) 
= autoregressive model of order one; mlAR = multilevel autoregressive model of order one; VAR = 
multilevel vector autoregressive model of order one.  

Amongst sensitivity analyses in Figure 23, Mean Emotional Exhaustion significantly 

predicts parental burnout severity mainly in models where variation is operationalized as 

relative SD (i.e., less dependent on mean levels). Lastly, Covariation predicts parental burnout 

in only one sensitivity model, as does the interaction of Variation of Distance with Sample 

Type. 

Exploratory Model: Moderation by the mean 

Since the dummy variable representing sample was significant in previous models, we 

followed our preregistration and examined possible moderation by mean level separately by 

sample. Across both samples and estimation types (regular vs. bootstrapped), the only 

significant predictors were Mean Emotional Distance and the interaction of Mean Emotional 

Distance and Variation (i.e., relative SD) of Distance in the U.S. sample (see Figure S35 in 

Appendix G), perhaps due to the low levels of parental burnout severity in the U.S. sample. 

The mean levels therefore do not appear to moderate the relationship between affective indices 

and parental burnout severity.  



Chapter 9: Affective dynamics | 165 

9.4 Discussion 

The results emphasize the key role Emotional Distance—both its average intensity and its 

persistence across time—plays in parental burnout severity. Indeed, across sensitivity models, 

the most important predictor of parental burnout was the average intensity of how emotionally 

distant a parent feels from their children from day to day. We had predicted that all affective 

indices would predict parental burnout, but the only affective index that predicted parental 

burnout severity across most of sensitivity models was inertia of Emotional Distance. Indeed, 

this index (or its interaction with sample type) was a significant predictor in models where it 

was operationalized as a multilevel autoregressive model of some type (with or without 

additional covariates; see Fig. 3). Perhaps this is because multilevel autoregressive models have 

greater predictive accuracy by avoiding overfitting due to their multilevel nature (i.e., 

shrinking estimates to the population-level mean; Lafit et al., 2022). If future research further 

supports the role inertia of emotional distance plays in parental burnout severity, this would 

imply that parents who report severe burnout are more likely to get “stuck” in feeling 

emotionally distant from their children, which should therefore be specifically targeted in 

clinical research and interventions.  

The other two parenting affect variables seem to play less of a role in describing parental 

burnout severity. For example, intensity of Emotional Exhaustion predicted parental burnout 

severity in some sensitivity models, but none of its affective indices were significant in any 

sensitivity model. Although we had expected affective indices of all three daily parenting affect 

variables—including Emotional Distance—to significantly predict parental burnout severity, 

these results fit with conceptualizations of burnout that view emotional exhaustion as 

kickstarting parental burnout, and emotional distance as maintaining it  (Blanchard, Hoebeke, 

et al., 2023b; Roskam & Mikolajczak, 2021). Within this framework, temporal patterns of 

emotional exhaustion would not predict parental burnout severity but instead might play a 

role in its development. Feeling Fed Up, for its part, did not predict parental burnout severity 

in any form. Future research could focus on what specific role it plays in parental burnout, and 

if severe parental burnout is always characterized by the parent feeling fed up. And 

interestingly, only one sensitivity model included a significant predictor for covariation, 

suggesting that parental burnout is not characterized by the three symptoms consolidating and 

fluctuating simultaneously. This finding highlights the importance of investigating each 

component of parental burnout separately, without aggregating them by rote and potentially 

losing nuanced trajectories.  

This study has clinical implications regarding the conceptualization and treatment for 

parental burnout. First, although we expected that parental burnout severity would be equally 

characterized by all three main features, it appears that they instead play different roles. From 

the sensitivity analyses in this study, emotional distance emerges as the heart of parental 

burnout severity. It is possible that exhaustion plays a role in the development of parental 

burnout (Blanchard, Hoebeke, et al., 2023b; Roskam et al., 2018; Roskam & Mikolajczak, 

2021), and so is not robustly related to parental burnout severity or maintenance. A common 
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treatment for burnout is distance from the provoking context to allow time and space to 

rediscover an ideal balance between stress and restoration, such as via an extended sick leave 

from work for job burnout (Van Dam, 2021). Although such physical removal from parenting 

is more complicated, parents typically report feeling like they have more resources the day after 

they report feeling distant from their children (Blanchard, Hoebeke, et al., 2023b). Thus, 

emotional distance might be a way for the parent suffering from burnout to attempt to find 

the distance they need to recover and rest, since a leave of absence from parenting is less 

possible than from a job. However, emotional distance can impact the children’s well-being, 

particularly if the feelings of emotional distance persist long enough (Masten & Palmer, 2019). 

Emotional distance also creates repercussions throughout the family unit if the parent does not 

recover (Kerig, 2019; Mikolajczak, Raes, et al., 2018). As such, relevant interventions should 

consider ways to provide parents with time to recover apart from their children, such as 

through additional free childcare, and future research should investigate other coping 

strategies parents utilize to get small amounts of rest, such as media use.   

Emotional distance also relates to the values of parenthood in European and American 

cultures, which particularly centers outward demonstrations of emotional warmth (Bornstein, 

2012; Cheah et al., 2015; Dupont et al., 2022). Indeed, when parents were asked to name five 

adjectives to describe an ideal mother or father, words relating to warmth (e.g., “empathy”, 

“loving”, “tenderness”) emerged to describe an ideal parent (and even more so an ideal 

mother), particularly from the perspective of European and American parents (Lin et al., 2023). 

Parental burnout also appears more prevalent in many European and American countries than 

Asian or African ones (Roskam et al., 2021). Perhaps this contradiction between a cultural 

imperative to feel and behave with warmth toward your children but an actual experience of 

emotional distance (potentially a short-term protective mechanism for the parent) could be at 

the root of the experiences of shame and suffering linked with parental burnout (Hubert & 

Aujoulat, 2018), and help explain its prevalence patterns across cultures. This is just a 

supposition based on the central role of emotional distance found in this study and the cultural 

context of the included samples, however. Future research should investigate in detail how 

emotional distance and parenting affect generally, as well as their role in parental burnout, 

vary depending on the cultural and geographic context.  

This study also has important implications for research on dynamic affective indices. First, 

the results further support the importance of examining affective indices while controlling for 

mean levels (Dejonckheere et al., 2019). When examining the relationship between affective 

indices and parental burnout severity via bivariate correlations, many had significant 

associations. However, most no longer held when controlling for the mean level, nor when 

conducting sensitivity analyses. It can also be relevant to examine if the mean level moderates 

the relationship between an affective index and dysfunction, as discussed by Nook (2021), 

although we found no strong evidence for that in the present study (see Figure S35 in Appendix 

G).  

Second, the results from the sensitivity models emphasize the key role of understanding 

what impact operationalization can have on results. For example, if we had only included a 
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model with the multilevel VAR autoregressive parameter for inertia, and the SD parameter for 

variation, we would likely have concluded that covariation played a key role in parental 

burnout severity. However, no other model supported this conclusion. Another example 

includes operationalization of variation: if the variation index was independent from the mean 

(i.e., relative SD), then the mean-level of Emotional Exhaustion significantly predicted parental 

burnout severity. This could have occurred due to the computation and assumptions regarding 

the relative variability index16, or perhaps the overlap between SD and mean-level of exhaustion 

played a role, or for some other reason. Regardless, this pattern of results further highlights 

how the specific operationalization of an affective index can impact results. Thus, in light of 

the nuances uncovered from our sensitivity analyses, we strongly encourage other researchers 

investigating affective indices to examine the robustness of their results with sensitivity 

analyses, particularly if there is no theoretical reason to choose one particular 

operationalization.  

In addition, through the sensitivity analyses, we were able to see the importance of data 

parameters. For example, the number of timepoints clearly impacted the inertia values across 

samples: the US sample answered a maximum of 21 daily surveys, which resulted in many 

more negative autoregressive values (i.e., difficult to interpret for psychology research; Koval 

et al., 2021). Although previous research has used far fewer timepoints to examine inertia (e.g., 

10 timepoints from a laboratory emotion rating task; Koval et al., 2013), guidelines on 

appropriate data parameters (i.e., number of timepoints and sample size, response type) are 

beginning to emerge. For example, Pirla and colleagues (2022) suggest a minimum of 40 

timepoints to robustly recover inertia (although they examined autocorrelation), and less to 

recover indices not tied to fluctuations (i.e., variation). More comprehensive guidelines on 

what type of data and which operationalizations can be used to compute affective indices is 

still needed, however.  

This study has limitations. In particular, although the sample size was sufficient based on 

post-hoc power analyses, we only reached this sample by combining multiple datasets which 

ended up including important differences. These differences included geographic location, 

language, and stage of parenting (i.e., parents of children 1- 2 years old for the US sample, and 

parents of children under 17 years old for the Belgian sample), and it is not clear whether 

differences between samples specifically related to any of these distinctions. The number of 

timepoints included in the study procedure also differed between samples (maximum 21 vs 

maximum 56). This last point is perhaps most unfortunate, as we know that it impacted 

estimation of inertia indices (in particular, of multilevel vector autoregression indices, which 

typically require minimum 20 timepoints but many participants in the US sample answered 

fewer timepoints), and perhaps of other indices as well. Another key difference between the 

two samples involves the distribution of parental burnout severity: the Belgian sample 

 
16 For example, the relative variability index assumes the participant considers the full span of the given 
scale when responding (Mestdagh et al., 2018). This is potentially not the case for some of the daily 
parenting affect variables, particularly Emotional Distance (see Figure 1), such as if parents feel 
uncomfortable endorsing to the maximum part of the scale due to cultural beliefs involving parenting. 
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included parents spanning the entire parental burnout scale (due to sampling strategy, as one 

dataset specifically targeted parents with burnout), whereas the US sample mainly had lower 

parental burnout, as it did not oversample for parental burnout (see Figure 22). These two 

points in particular—differences in number of timepoints, and in distribution of parental 

burnout scores—likely contributed to the many significant interactions of affective index 

predictors with sample type. Although we investigated regression models in both samples 

separately, no affective indices significantly predicted parental burnout, perhaps due to lower 

power when the samples were tested independently. Lastly, all data was collected during or 

shortly after lockdowns related to the Covid pandemic, which impacted parenting experiences 

and parental burnout (Kerr, Fanning, et al., 2021), but it is not clear how they specifically 

impacted these samples. Future research should combine intensive longitudinal designs with 

more conventional longitudinal studies to track cohort effects and disentangle cumulative 

effects of untreated burnout.  

Conclusion 

Average intensity of emotional distance and its inertia (i.e., persistence across time) 

robustly predicted parental burnout severity across multiple sensitivity analyses. Average 

intensity of emotional exhaustion also predicted parental burnout severity across most 

sensitivity analyses, but no other variable or temporal pattern did. Researchers and clinicians 

should therefore prioritize these aspects in the treatment of parental burnout. This study also 

highlights the importance of methodological robustness when examining affective indices, 

including controlling for mean levels and examining the impact of operationalization on 

results.
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Chapter 10. 
 

Discussion 

10.1 Summary of main findings  

This dissertation aimed to investigate the experience of parental burnout as embedded in 

the family context, using mainly a network approach.  

In Chapter 4, two types of network models (both reanalyzing the same dataset of N=1551 

parents) indicated emotional distance as a central variable, as well as the variable with the 

strongest partial associations with neglect toward children. Results did not change when 

comparing mothers to fathers or based on the number of children. Note that I conducted a 

second study along with other research collaborators using the same methods but with the 

Parental Burnout Assessment to measure parental burnout (developed based on the qualitative 

experiences of parents in burnout, instead of adapted from occupational burnout), reanalyzing 

data regarding parental burnout and child maltreatment from 3144 parents (Kalkan et al., 

2023)1. This study suggested emotional exhaustion as driving activation in the network, while 

emotional distance remained the main connection to neglect toward children.  

Chapter 5 detailed the development of 11 experience sampling items to assess parental 

burnout features, interactions with the partner, children, and broader family environment. 

Parents’ responses to these items showed sufficient variance, meaning the items successfully 

captured daily variations in parenting experiences. Additionally, items showed convergent 

validity by correlating with retrospective questionnaire scores on parental burnout, and 

divergent validity by weakly or not correlating with retrospective scores for depression, anxiety, 

and stress. Chapter 6 surveyed typical research practices (including how researchers collected, 

processed and analyzed data) related to temporal network analyses via a scoping review. These 

two methodological chapters laid the groundwork for the last section of the thesis: empirical 

investigations into how parental burnout features fluctuate.  

Chapter 7 presented a temporal network analysis of parents from the general population 

(focusing on 43 mothers), examining how daily exhaustion, distance and feelings of being fed 

up interrelate with interactions with the partner, children, and broader environment. 

Emotional exhaustion was the only parental burnout variable to self-predict itself from one day 

to the next (i.e., to have a significant autoregressive coefficient), and it also predicted finding 

 
1 Note that this article is included as Appendix A. It has shared first authorship, by both Rana Begum 
Kalkan and M. Annelise Blanchard.  
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children difficult to manage, which in turn predicted feeling fed up. In this network of parents 

from the general population, emotional distance only connected to one other variable: sharing 

positive moments with children. Chapter 8 presented the same methods and analyses but with 

a sample of parents in burnout (focusing on 36 mothers). In the resulting temporal network, 

all three parental burnout features self-predicted (show significant autoregressive coefficients) 

from one day to the next. In addition, the parental burnout features showed few associations 

with other variables—except for interactions with children, which strongly predicted 

emotional distance and feeling fed up.  

Lastly, Chapter 9 reanalyzed the data from Chapter 7 and Chapter 8 (N=90), along with 

data from research collaborators in the U.S. (N=90), to examine the affective dynamics of 

parental burnout. In particular, this chapter examined if the way emotional exhaustion, 

emotional distance, and feeling fed up fluctuate characterizes parental burnout severity. 

Results indicated that only inertia (i.e., persistence, operationalized via autoregressive models) 

of emotional distance predicted parental burnout severity.  

10.2 Theoretical implications for parental burnout 

When compiling all of these results, three conclusions immediately emerge:  

First, each feature of parental burnout plays a distinct role: every study demonstrates 

that different features have distinct associations with each other and with family-related 

variables. In addition, the three features of parental burnout that fluctuate in time do not co-

vary together to indicate parental burnout severity, as demonstrated with the affective index 

for covariation in Chapter 9. Until now, relatively few studies examine parental burnout not 

(only) as a unitary construct but via its distinct features (exceptions include Le Vigouroux et 

al., 2022; Roskam & Mikolajczak, 2021). However, in light of the findings in this dissertation, 

solely focusing on parental burnout as a unitary construct likely hinders understanding of how 

each feature might change in interaction with the family context and during different stages 

of parental burnout (i.e., development or maintenance). Therefore, future research should 

routinely investigate parental burnout via its different components, to pin down their possible 

different roles.  

Second, to understand parental burnout—as well as the parenting experiences of 

any parent—requires situating it within its context: the family. Indeed, all chapters that 

empirically investigate parental burnout demonstrate that the experiences of parental burnout 

relate to and fluctuate with interactions with the partner, children, and family environment. 

Moreover, when compiling the results from Section 3 on Patterns across time, parents seem 

less influenced by and responsive to their family context when in a state of severe parental 

burnout—with the key exception of interactions with their children. The family environment 

therefore centers the experience of parental burnout: the family provides the context in which 

parental burnout develops and persists, and how parenting experiences relate to the family 

context appears to change during the progression of parental burnout.  
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Lastly, like with most clinical phenomena, parental burnout exists on a continuum. 

Indeed, since parents from the general population show daily fluctuations in their levels of 

emotional exhaustion, emotional distance and feeling fed up (in both Chapter 5 and Chapter 

7), clearly the features of parental burnout resonate for all parents. Indeed, just as most clinical 

phenomena involves general processes that have become problematic through their changes 

in frequency, intensity, or duration (Wright & Zimmermann, 2019), so does parental burnout 

involve general parenting experiences but with greater intensity and different temporal 

patterns. Therefore, although severity thresholds (e.g., Brianda et al., 2023) hold important 

clinical utility, research should investigate parental burnout along all aspects of the continuum: 

parents with little overall exhaustion or distance, parents beginning to feel exhausted, and so 

on. This would allow a nuanced vision of parenting processes and how they might change 

across the spectrum of parental burnout. This thesis accomplishes such a continuum-based 

view for a few specific aspects of parental burnout, such as demonstrating that emotional 

distance persists longer and is less influenced by the family environment the more severe the 

parental burnout.   

Next, I shall discuss the roles of specific features of parental burnout. 

Emotional exhaustion 

Within the burnout literature, researchers accept emotional exhaustion as the core 

dimension of burnout (Halbesleben & Bowler, 2007). This is partly because it ties otherwise 

disparate definitions of burnout together: from definitions with three distinct dimensions 

anchored to the work context (Maslach et al., 2010), to two dimensions (i.e., exhaustion and 

disengagement) focused on the work context (Demerouti et al., 2001), to only one dimension 

(i.e., exhaustion) not restricted to any context but instead context-free (Pines & Aronson, 1988). 

In addition, several studies suggest that emotional exhaustion is the first step in the burnout 

process (Lee & Ashforth, 1993; Leiter, 1993; Leiter & Maslach, 1988). Parental burnout 

research also supports this: Roskam and Mikolajczak (2021) examined two separate cross-

lagged datasets, each with three waves months apart. They found that parental burnout starts 

with emotional exhaustion, which then contributes to emotional distance at the next wave.  

Findings from this dissertation offer further support. First, emotional exhaustion plays a 

central role in both cross-sectional network analyses with parents from the general population 

in Kalkan et al. (2023), suggesting that it sparks parental burnout. (Note that this was not found 

in the cross-sectional network analyses in Chapter 4, which identify emotional distance as 

central to the network; but this network analysis used the older conceptualization of parental 

burnout which did not include feeling fed up or a sense of contrast as dimensions, and where 

emotional distance was adapted from the MBI construct of depersonalization). Second, in 

Chapter 7 on unselected parents, only emotional exhaustion among the three parental burnout 

features sports a self-predictive autoregressive loop, suggesting that it is the only feature with 

inertia (i.e., persistence) for unselected parents. In addition, exhaustion predicted finding 

children difficult to manage in the temporal network, which in turn predicted feeling fed up 

(and these variables form a feedback loop when all parents, including n=4 fathers, are included 



174 | The temporal dynamics of parental burnout 

in the network analysis in Appendix E; see Figure S21). This again supports exhaustion as the 

parental burnout variable most likely to kickstart the development of parental burnout. 

These findings stand out from previous research since they take the family context into 

account: exhaustion appears as particularly impactful for unselected parents even when taking 

into account their interactions with their children, partner, and wider context. However, 

further research on exhaustion's role in the development of burnout remains needed (ideally 

while also taking the family context into account), particularly longitudinal research that 

follows large cohorts of parents and tracks which parents develop parental burnout, to robustly 

assess which features of burnout (and of the family environment) predict its development. 

Emotional distance 

From the findings in this dissertation discussed above, emotional distance seems 

implicated in parental burnout severity. In Chapter 7 examining parents from the general 

population, when parents feel distant from their children, they tend to perceive regained 

resources the next day (see Figure 18). This fits with occupational burnout literature where 

distance from the stressful context is prescribed as treatment, to allow time and space to recover 

(Van Dam, 2021). Although such physical separation from the stressful context is more 

complicated for parenting than for work contexts, parental burnout researchers have similarly 

posited that detachment from children might serve to “protect parents from negative affect 

and cognitions about parenting,” as theoretically proposed by Roskam and Mikolajczak (2021). 

In other words, exhausted parents might emotionally distance themselves from their children 

in an attempt to recover and rest when they have few other options. From the findings in 

Chapter 9, it seems likely that parents who have severe burnout end up “stuck” in a state of 

emotional distance toward their children, while other parents may feel distant here and there 

but not consistently over time. This emphasizes that emotional distance, and particularly its 

persistence, characterizes parental burnout.  

What exactly is emotional distance, though? Lubiewska and colleagues (2023) investigate 

this question (via the term "distanced mothering") across several cultures: distance in parenting 

is primarily associated with a lack of warmth (poor expression of positive emotions including 

love; also low support/closeness/attention) and low involvement in daily activities. Dutch 

mothers viewed this type of parenting as neglectful and shameful, but mothers in Turkey and 

especially Poland viewed it through a lens of strict, rule-oriented parenting, sometimes framed 

as a strategy to foster independence. The authors interpret this distinction as related to a 

traditional-modern cultural continuum, with traditionalism in family contexts linked with 

societal acceptance of hierarchy, order, authority; patriarchy (power relations embedded in 

male and older family members); and cultural endorsement of restraint over indulgence. They 

also frame results from Poland in the context of a cultural prioritization of fostering early 

childhood independence, particularly in the post-Communist period. These results both 

indicate that the concept of distanced mothering (or presumably distanced parenting) can vary 

by culture, based on its cultural acceptance and how people interpret it: as uninvolved and 

disengaged parenting (perhaps to the extent of “mild” neglect), or as parents who care about 
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their children but in a hands-off and control-oriented way. Thus, emotional distance in 

parenting is imbued with different meaning in different cultures, depending on the values and 

needs of the specific culture: in some cultures, it is viewed as normative and supporting child 

development, while in others it is viewed as harmful and neglectful.  

In addition to the cultural aspects detailed by Lubiewska and colleagues (2023), another 

reason Dutch mothers likely interpret distanced parenting as neglectful and shameful is due to 

European and North American parenting values prioritizing demonstrations of emotional 

warmth (Bornstein, 2012; Cheah et al., 2015; Dupont et al., 2022). This importance placed on 

expressions of warmth is strengthened by ideologies of positive parenting embraced by many 

Western cultures, which view parenting warmth and support as essential components of good 

parenting, often accompanied by a rejection of any disciplinary consequences (Larzelere et al., 

2017). The Council of Europe even codified this emphasis on emotional warmth in parenting 

in their “Policy to Support Positive Parenting” (Rodrigo, 2010). This emphasis on emotional 

warmth as central to parenting for some cultures but not all can also be seen when assessing 

parents' beliefs about the ideal parent (Lin et al., 2023). Parents in Western European and 

North American countries emphasize words relating to warmth such as “empathy”, “love”, 

and “kindness”; although some of these terms also come up in other cultures' good-parent 

beliefs, they are less homogeneous (e.g., not appearing together & not appearing across income 

levels). As such, parenting warmth appears as a critical facet of “good” parenting in many 

Western European & North American countries, but not around the world. Thus, for parents 

in cultures centering warmth as a cornerstone of good parenting, they will likely view lack of 

warmth, or emotional distance from one's children, as an incontrovertible sign of “bad” and 

neglectful parenting.  

These cultural parenting norms govern not just behavior (e.g., external actions) but also 

emotions (e.g., internal experiences; Vishkin & Tamir, 2023). For example, parents in France, 

Belgium, and Luxembourg report feeling that they should show positive emotions while 

interacting with their children, including specifically “love,” “joy,” “happiness,” “pride,” 

“compassion,” “attention,” “enthusiasm,” and “satisfaction” (Lin, Hansotte, et al., 2021). If 

individuals do not adhere to norms, their well-being can be impacted (Vishkin & Tamir, 2023), 

leading to negative emotions, and in particular intense feelings of shame (Schaumberg & 

Skowronek, 2022). Research on emotion norms within parenting similarly finds that not 

adhering to emotion norms relates to low well-being (Lin, Hansotte, et al., 2021). This is 

particularly the case when simultaneously experiencing emotions discordant with norms while 

also attempting to express emotions that are in line with norms (e.g., “parenting with a smile” 

while sad or angry, otherwise known as “surface acting”), which is linked with parental 

burnout (Lin, Hansotte, et al., 2021). 

So what about parents who become exhausted when faced with the relentless stress of 

parenting, and start to feel emotionally distant from their children? Perhaps for some parents 

in collectivist cultures with more norms relating to family support, they can “rely more on 

caregiving support from their extended family members” (Lubiewska et al., 2023, p. 3) and 

take distance when they feel the need, spending time again with their children when they feel 
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recovered. This in fact aligns with some preliminary cross-cultural research, which suggests 

that parental burnout rates are highest in countries with individualistic cultures (Roskam et 

al., 2021). And maybe parents in cultures that do not prioritize warmth as an absolutely 

essential component of parenting might feel distant for some time, but do not associate this 

with a perception of themselves as “bad" parents. But for parents who feel distant from their 

children, who do not have the resources to pursue time dedicated to rest or recovery, and who 

espouse parenting and emotion norms centering emotional warmth, they are faced with a 

devilish internal contradiction: they are stuck between a cultural imperative to both feel and 

behave with warmth toward their child and a reality of emotional distance. This discrepancy 

likely yields the intense shame parents experience when in burnout: they feel like they fail at 

(what they see as) the most important aspect of being a parent (Hubert & Aujoulat, 2018). This 

shame in turn isolates the parent and maintains their suffering. As Dallos and Draper (2015) 

discuss (for families dealing with psychosis, but equally relevant to parental burnout): “the 

extent to which families feel that they have failed, feel stigmatized by the illness, and feel alone 

and ashamed [are] key ingredients to maintaining the difficulties” (pg. 194). Thus, emotional 

distance (particularly when occurring for parents in cultures prioritizing parental 

warmth) likely works to maintain parental burnout. 

Preliminary evidence from this thesis supports this hypothesis regarding the role of 

emotional distance maintaining parental burnout, particularly since daily intensity and inertia 

of emotional distance characterize parental burnout severity (see Chapter 9). However, further 

research should investigate this in greater depth, including via lengthy longitudinal studies 

across cultures prioritizing parenting warmth as well as those that do not. After all, this 

hypothesis suggests that the varied prevalence rates of parental burnout across the world 

(Roskam et al., 2021) are not due primarily to differences in community support in parenting, 

but instead to the presence and strength of parenting norms relating to parental warmth. 

Parents across cultures can feel exhausted (although perhaps to a lesser or greater extent 

depending on parenting pressures and on community support; Super & Harkness, 2020), but 

perhaps the acute suffering and shame associated with parental burnout arises 

particularly from the discrepancy between cultural norms of warmth and the lived 

experience of distance. 

Is parental burnout distinct from occupational burnout? 

This key role of distance distinguishes parental burnout from occupational burnout even 

more so than their differing contexts. Indeed, exhaustion is the core construct of occupational 

burnout, theoretically (e.g., Demerouti et al., 2001; Maslach et al., 2010; Pines & Aronson, 

1988) and empirically (e.g., Halbesleben & Bowler, 2007; Lee & Ashforth, 1993; Leiter, 1993; 

Leiter & Maslach, 1988). For parental burnout, although emotional exhaustion seems 

implicated in its development, parents’ suffering and shame appears closely tied to emotional 

distance (Hubert & Aujoulat, 2018). As hypothesized above, this might be particularly the case 

in cultures with strong norms involving parental warmth. This distinctiveness implies that the 

findings from parental burnout might not generalize to job burnout, for although they share 
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a central construct, their differences in contexts also imply different cultural and emotion 

norms coming into play. 

10.3 Clinical implications for parental burnout 

Prevention 

As exhaustion seems the first step to developing parental burnout, it should be targeted 

in prevention efforts. Exhaustion arises from unresolvable stress (Van Dam, 2021), and so 

prevention can focus on decreasing both exhaustion and parenting stress. This can be very 

concrete, in the form of additional parenting resources that are easy and free to access (e.g., 

childcare for all ages, groups to meet other parents, practical childrearing advice about not 

only safety but also structure and discipline; Larzelere et al., 2017; Masten, 2018; Webster-

Stratton, 1997). These parenting resources could be implemented widely but require 

substantial government endorsement and financial support. Crucially, to be effective as broad 

prevention strategies to decrease burnout for parents generally, these types of parenting 

resources should not be needs-based or require parents to pay, but instead be freely and widely 

available to all parents. As discussed in the Discussion section on Emotional exhaustion above, 

intensive societal parenting standards also add to parents’ stress and exhaustion. Rendering 

these parenting standards more realistic can also be a target for prevention of parental burnout. 

Although changing parenting standards would be difficult as it implicates many different fields 

(i.e., political, legal, and childcare-related domains, as well as social and popular media on 

childcare), a first step could involve practitioners who have regular contact with parents (e.g., 

healthcare providers, childcare providers, therapists) discussing realistic parenting standards 

with parents. For example, substantial research has shown that even one supportive and trusted 

adult figure in the lives of children boosts their resilience and well-being (Bellis et al., 2017). 

Thus, even if a parent is going through a hard time and is not able to be emotionally close to 

their child for a period of time, they can ensure that their child has other caring and trusted 

figures around them: another parent, a family member, a teacher, and so on. In other words, 

the parent is not the only person in a child’s life, and if a parent needs a break, they can rely 

on others for a time. 

As this dissertation inscribes itself within family systems theory, prevention can also 

involve boosting the resilience of a family as a whole. Indeed, researchers propose that instead 

of looking at resilience as pertinent to just one individual, resilience should be thought of as a 

multilevel system: including not just the family, but also the wider community, culture, 

government, laws, and so on (Henry & Harrist, 2022; Masten, 2018). All of these are 

interconnected, as all systems are always interlinked with others (Dallos & Draper, 2015). 

Therefore, to boost the resilience of a family, one can intervene directly on the parent (e.g., 

education regarding parenting strategies or discipline), on the family (e.g., interventions to 

improve family functioning, family cohesion, routines), but also much more broadly (Masten, 

2018). For example, interventions at the community level could involve ensuring accessible 



178 | The temporal dynamics of parental burnout 

parenting support, social groups, and education on child development and childrearing 

strategies (Webster-Stratton, 1997). At the cultural level, rituals and beliefs can impact how 

families interpret and make meaning of their daily lives (Masten, 2018). And at an even broader 

social level, ease of access and price of healthcare and housing, as well as the quality and 

availability of schooling for children of very young ages, all have direct and substantial impacts 

on family functioning (Masten, 2018). Thus, efforts to boost the resilience of family systems 

could operate at any and all of these levels. 

Treatment 

According to findings from this dissertation, treatment efforts should particularly focus 

on emotional distance and the associated shame parents feel. As inertia of emotional distance 

characterizes severe parental burnout (see Chapter 9), treatment efforts should focus on 

breaking this persistence. One possible mechanism behind inertia involves difficulty down-

regulating or disengaging from negative emotional states once initiated (Koval et al., 2021). 

Applying this to parental burnout means that for parents in a severe state of burnout, they 

might “get stuck” in feeling distant from their kids and have difficulties getting out of this 

state. One way that appears effective at lessening parents' emotional distance, and potentially 

breaking them out of that state, involves their interactions with children; after all, these were 

the only aspects of the family context to impact the daily experiences of emotional distance for 

parents in burnout (see Chapter 8). Treatments for parents in burnout could thus focus on 

encouraging interactions between parent and child in a way that is not stressful, tiring or 

pressuring for the parent. Prior research supports that even small, spontaneous and everyday 

interactions (e.g., chatting while running errands) can be quality time for parent and child, as 

long as both parties enjoy the time spent together (Hsin, 2009; Kremer-Sadlik & Paugh, 2007). 

In addition, parents often need distance from their parental role to recover (both 

physically and emotionally) from burnout. Indeed, treatment from burnout includes taking 

physical and emotional distance from the initiating context (i.e., often the workplace), such as 

through medical leave (Van Dam, 2021). This allows the individual to “restore a healthy 

balance between effort and rest” (pg. 737) for both their body and their mind, and to have 

space away from the unresolvable stress they faced, as well as time to recover from their 

exhaustion (Van Dam, 2021). Such distance can be more complicated for parenting, but free 

childcare (for children of all ages, including during evenings and weekends) would be an 

important resource, allowing parents to have time to themselves and (at least momentary) 

distance from their children, either for routine tasks such as grocery shopping or for taking 

time to enjoy their hobbies and otherwise rest.  

Along with emotional distance, treatment should also target the accompanying shame 

and isolation. One way to do so can be via contact with other families with parental burnout, 

either informally or via some type of family group therapy: if parents can share their 

experiences with others living through similar experiences, this can lessen feelings of isolation, 

stigma, and shame. Such therapy in a group setting allows for more perspectives and advice for 

parents than just from the one “expert” voice of the therapist (Dallos & Draper, 2015, p. 194). 
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Indeed, the only study currently evaluating treatments for parental burnout specifically 

highlights that a group-based non-directive intervention, allowing parents in burnout to share 

their experiences in a space led by psychologists trained in active listening, was effective for 

treating parental burnout (Brianda, Roskam, Gross, et al., 2020). This also suggests that 

psychologists do not have to be experts in parental burnout specifically to deliver effective 

treatment and support for parents, if in a group therapy setting where parents can also offer 

support, advice, and understanding to one another. However, no research has yet specifically 

evaluated multiple group family therapy for parental burnout, even though this might be a 

particularly useful treatment tool (especially if it reunites families with different 

configurations), as families reflect they often can better observe processes in families different 

from their own (Dallos & Draper, 2015, p. 196). Dallos and Draper (2015) identify that key to 

this approach are a warm and easy-going atmosphere, humor, flexibility about rules, families 

being able to bring and share food, and reflection about what parts of the group felt safe. 

Cognitive behavioral family therapy can also help parents to “identify and interrupt 

dysfunctional child-related cognitions” (Dallos & Draper, 2015, p. 199), such as thinking they 

are a failure as a parent. Such therapy can help parents learn and employ relaxation techniques 

and cognitive coping statements, as well as teach parents general knowledge of behavioral 

principles, so that they can understand when and how parenting strategies could work, instead 

of just memorizing a list of techniques (Dallos & Draper, 2015, p. 194).  

10.4 Methodological Implications 

Reassessing concepts from a network approach 

As discussed in Chapter 2, a network approach to psychopathology involves key tenets 

about the network’s structure and organization and how these can be empirically investigated. 

In the following paragraphs, I discuss whether and how these concepts fit with a family systems 

approach.  

Centrality 

Adopting a network approach, adapted from other fields and therefore inheriting the 

developments from these fields (Barabási, 2016), also brings with it “a whole new toolbox to 

analyze the interrelations of symptoms” (Bringmann et al., 2019, p. 893). One such tool 

revolves around the structure of the network: identifying which node has particular structural 

importance to the network, otherwise known as centrality (see the Centrality section on page 

29 for more detail). A central node typically denotes a node strongly connected to other nodes 

in the network, with the assumption that a central node has a greater impact on the entire 

network than a poorly connected node. Within a network approach to psychopathology 

(Borsboom, 2017), researchers hypothesize that central symptoms work to activate the 

network, and similarly can be targeted by interventions to turn off the whole network of 

symptoms (McNally, 2016). Within a family systems approach, some clinical researchers 



180 | The temporal dynamics of parental burnout 

hypothesize similarly: that by focusing on one core part of the system, the entire system can be 

changed, since effects will echo and rebound throughout the system as a whole (Lebow, 2020). 

However, the centrality indices used in psychology networks come from social network 

analysis, and doubts arise about how well they translate. In social networks (and, indeed, most 

other networks), connections between nodes are observable and reflect the raw data (e.g., 

emails sent, or gossip exchanged between people; power lines connecting power stations; mail 

delivered by mail carriers). Centrality measures can be conceptualized as capturing how 

something (e.g., emails, gossip, electricity, mail packages) propagates through the system 

(Borgatti, 2005). Different types of propagation include parallel flow (spreading 

simultaneously to many other nodes, like an email virus spreading to all contacts in a mailbox), 

serial flow (spreading from one activated node to the next, like a sexually transmitted disease), 

or transfer flow (moving from one node to the next, like a package passing from the mail 

carrier to its destination; Bringmann et al., 2019). And in social networks, a centrality measure 

designed for a specific type of flow process should be applied only to that type of network, in 

order to generate appropriate and accurate centrality estimates (Borgatti, 2005).  

However, in psychology networks, connections between psychological constructs are 

unknown, and are thus estimated using statistical modeling techniques (e.g., mostly some type 

of correlation or regression; Bringmann et al., 2019). As psychological edges are not known 

quantities, we cannot identify what type of propagation characterizes a psychological network 

(Bringmann et al., 2019)—or, indeed, exactly what flows through it. “Activation”? Symptoms? 

What would a network concretely resemble if these flowed through it? These questions make 

it clear that although one can theorize about how psychological constructs propagate through 

a system, little concrete knowledge exists, and so applying specific centrality metrics is likely 

often inappropriate. Additional assumptions implicated in many centrality measures are 

problematic for psychology networks. For example, the assumption of exchangeability—that 

all nodes are exchangeable—does not hold for many psychological constructs, particularly 

symptoms: not only are symptoms qualitatively different, but some symptoms are more severe 

than others (e.g., suicidal ideation; Bringmann et al., 2019).  

Another crucial issue involves negative edges, which are not present in social networks 

but often are in psychology networks. Centrality measures from social networks that are 

adapted to allow for negative edges often take the absolute value of edges (e.g., strength 

centrality), implying that any connection between variables (whether positive or negative) has 

an equivalent impact on the network. However, another approach involves decreasing the 

centrality index of a node if it has a negative edge (e.g., expected influence; Robinaugh et al., 

2016), thus implying that only positive edges denote structural importance to the network, 

since nodes with high centrality indices are designated as most central.2 This could make sense 

for a network with only symptoms if a researcher is interested in examining which symptoms 

most strongly activate others, but many psychology networks (including those with symptoms; 

 
2 For example: if two nodes have the same amount and weight of positive connections, but one also has 
an additional negative edge, this second node would have a lesser expected influence value. 
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Jones et al., 2017) involve external contextual variables, which are likely not all 

straightforwardly “negative” or “harmful.” This is why I did not include expected influence 

indices for the temporal network analyses in Chapter 7 and Chapter 8, while I did for the cross-

sectional network analysis in Chapter 4, which included only straightforwardly negative 

variables. These examples demonstrate that the way centrality indices are calculated carry 

assumptions about how variables and edges contribute to the network as a whole—and these 

assumptions are rarely made explicit or discussed.  

Moreover, although in psychopathology networks central nodes are often discussed as 

important targets of prevention and treatment, we still know little about whether centrality 

indices predict onset or severity of psychopathology (Bringmann et al., 2019). One of the only 

studies that has investigated this, Rodebaugh et al. (2018), found that although strength 

centrality (i.e., the number and weight of edges connecting to any given node) did predict 

change processes and the severity of social anxiety, it had less predictive power than simply the 

number of times a patient endorsed a given symptom. Moreover, a network approach to 

psychopathology proposes central nodes as intervention targets with the assumption that 

“turning off” a central node could deactivate the whole network, thus proposing treatments 

that are more efficient and targeted. However, most interventions in psychology are “fat-

handed” and impact many symptoms at once, since most psychology symptoms are related 

and interacting (Eronen, 2020; McNally, 2021). 

In light of these flaws, I agree with other researchers (e.g., Bringmann et al., 2019) that 

instead of focusing on specific variables, psychology research should pivot to examining the 

network and its behaviors as a whole. This also follows the call of dynamic systems theory and 

family systems research generally: networks are useful conceptualization tools precisely because 

they offer a cohesive view of many interacting variables together forming a larger whole (Dallos 

& Draper, 2015), instead of focusing on individual variables and connections. One method to 

examine structural importance while taking the entire network into account (adapted from 

methods using time series, such as econometrics) involves impulse response functions, or IRFs 

(Bringmann et al., 2019; McNally, 2021). IRFs simulate how a shock (i.e., increase or decrease 

in value) to a specific variable would reverberate throughout the network (Blaauw et al., 2017). 

In other words, IRFs describe the structure of the network in a manner that takes into account 

all interactions between all variables. Although IRFs better suit psychological temporal 

networks and systems approaches than centrality measures adapted from social network 

analysis, they are currently implemented mainly for idiographic (and not multilevel) networks, 

and are not easily executable via an active R package (Blaauw et al., 2017). 

Connectivity 

A second important concept key to the network approach to psychopathology involves 

connectivity, or the view that increased connectivity between symptoms denotes more severe 

psychopathology (see Connectivity section on page 31). In this dissertation, I do not directly 

examine whether network connectivity (i.e., denser networks with more connections between 

nodes) relates to parental burnout severity, mainly because the networks I analyze do not only 
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include symptoms but also family contextual factors—and so increased connectivity would not 

imply closer connections between symptoms, but instead that parents’ experiences of burnout 

are closely entwined with their family environment. However, Spiller and colleagues (2021) 

have examined network connectivity and its relation to occupational burnout severity. They 

recruited 43 participants who answered experience sampling prompts on their stress, 

exhaustion, frustration and worry five times a day for 17 days, and then generated idiographic 

temporal network analyses for each participant via the random effects from multilevel VAR 

models. To compute network density, they averaged the absolute values of all edges (both cross-

lagged and autoregressive). When correlating density values with burnout, they found a 

correlation of r = .32 (with CIs ranging from .09 to 1.0). This suggests that increased 

connections from one timepoint to the next indeed relates to occupational burnout severity 

for this sample.  

Three important limitations constrain their results, however. First, COVID-19 related 

lockdowns began in the middle of data collection, with part of the recruitment process delayed 

for a few months; the anxiety and uncertainty around COVID-19 likely impacted the collected 

variables (stress, exhaustion, frustration, and worry). Second, only considering absolute values 

in connectivity might lose important information for these specific variables, as negative edges 

connecting two variables (e.g., exhaustion toward frustration, or stress toward worry, both 

shown in participant networks in Figure 2 from Spiller et al. 2021) would symbolize a 

dampening of the network, rather than its activation. This reflects a general lack of agreement 

on how to assess network density in psychological networks, even though different methods 

yield different results (e.g., de Vos et al., 2017) and imply different assumptions about how 

edges impact the network. Ideally, Spiller and colleagues (2021) would have investigated and 

compared multiple methods to compute density using sensitivity analyses, to assess whether 

the method chosen to compute density impacted their results. Lastly, as Spiller and colleagues 

(2021) discuss in their limitations section, multilevel VAR models do not allow for 

examination of how networks and their density change over time. This is a crucial limitation, 

as the connectivity hypothesis suggests that an individual’s network will change over time: 

specifically, that as a mental disorder (here: occupational burnout) worsens, the individual’s 

symptom network will become more connected.  

From these results, we cannot extrapolate to parental burnout, both in light of these 

limitations, and because parental burnout likely operates somewhat differently from 

occupational burnout (particularly with the variable of “distance,” as described in the section 

on Emotional distance on page 174). For example, future research could investigate 

connectivity and parental burnout severity in a network that only included straightforwardly 

“negative” parenting experiences (e.g., emotional exhaustion, emotional distance, and feeling 

fed up; as well as perhaps other relevant variables such as shame and feelings of isolation). 

However, all results from this dissertation point to parental experiences changing in close 

interaction with their family context, and so only examining connections between parenting 

experiences without also incorporating the family environment likely leaves out essential 

information.  
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Evaluating network models for a family systems approach 

 Another main goal of this dissertation focused on assessing the utility of methods 

stemming from a network approach to psychology (Borsboom & Cramer, 2013) for examining 

the family system. Examining and understanding the family system is no simple endeavor. 

Each individual human being is fantastically complex, from the many intertwined levels of 

their biological system (e.g., molecular, cellular, and hormonal), to the emotional, cognitive, 

and behavioral parts of the human system (Dallos & Draper, 2015). Adding in the level of the 

family—attempting to understand and account for how individuals interact and influence 

each other over time—renders the task exponentially more complicated. As Dallos and Draper 

(2015) put it: “Debates raged about whether families were too complex to be able to develop 

causal explanations of pathology” (pg. 148). Within therapy, this complexity can be 

circumnavigated by focusing on solutions and helpful changes, even without a deeper 

understanding of causes and difficulties (Dallos & Draper, 2015, p. 149). For research, however, 

understanding the causes and mechanisms in detail is the very goal. 

Therefore, to adequately grasp the complexity of family systems, research should:  

1. Be grounded in its context rather than stripped of it (as is commonly done for 

psychological research, e.g., many experimental designs). This relates to the concept 

of holism: the system is more than the sum of its parts, and so cannot be understood 

by examining the parts individually (this concept appears in general systems theory, 

von Bertalanffy, 1967; as well as specifically in family systems theory, Kerig, 2019). 

2. Examine the structure of the system. In other words: what are the various 

components of the system and how do they interact (Granic & Hollenstein, 2015)? 

3. Allow for circular causality: components should be able to have not just linear 

relationships but also feedback loops and other non-linear interactions, otherwise 

known as “multiple reciprocal interactions among system elements” (Granic & 

Hollenstein, 2015, p. 892). This relates to the concept of interdependency (Kerig, 

2019), which is crucial when examining a construct as embedded within a context: 

one factor cannot impact just one other factor independently of other variables and 

the context, as interactions between variables and their contexts are always more 

complex.  

4. Examine how the system changes over time. The structure and organization of a 

system will change over time, either as the individual components and relationships 

change (Masten & Palmer, 2019) or in the face of internal or external perturbations 

(Granic & Hollenstein, 2015). Understanding how systems change means 

understanding how systems evolve within their context.  

Specifics of each network analysis type 

Based on these essential aspects of investigating family systems, let us evaluate the statistical 

models used for network analyses in this dissertation (see Table 16).  
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Table 16. Which criteria to assess family systems do network models fulfill? 

Criteria to assess family systems GGM DAG mlVAR 

Context X X X 

Structure X X X 

Reciprocal interactions   X 

Change over time    

Note. GGM = Gaussian Graphical Model (generated with cross-sectional data); DAG = Directed Acyclic 
Graph (generated with cross-sectional data); mlVAR = multilevel Vector Autoregressive model 
(generated with intensive longitudinal data).  

First, Graphical Gaussian models (GGMs) are simplistic, essentially visualizing (partial) 

correlations with some regularization (e.g., pruning of small edges). This can be useful to 

examine statistical dependencies between many cross-sectional variables. Thus, GGMs allow a 

simultaneous examination of parenting and family context variables and present a possible 

structure for how variables interrelate. However, their utility peaks for investigating 

psychological phenomenon in early stages of research, when the structure between variables is 

still poorly known (Ryan et al., 2022).  

Second, Directed Acyclic Graphs (DAGs) offer greater complexity by visualizing 

conditional dependencies between cross-sectional variables, thus offering a glimpse at causal 

dependencies between variables. In other words, researchers can use DAGs to “make inferences 

about the structure and nature of directed causal relationships” (Ryan et al., 2022, p. 1) from 

cross-sectional data. This enormous utility is tempered by strict and strong assumptions (e.g., 

inclusion of all relevant variables; Rohrer, 2018), the need for careful interpretation mindful 

of pitfalls (e.g., collider bias; see Rohrer, 2018)3, and the impossibility for feedback loops 

(essential for family systems theory).  

Third, multilevel vector autoregressive (VAR) models allow reciprocal interactions (i.e., 

feedback loops) between variables, estimated from intensive longitudinal data. Multilevel VAR 

models assume stationarity (i.e., stability over time; see Assumptions section on page 97), and 

so they suit well to investigating a system in a stable state, with repeatable and recognizable 

patterns and cycles (Kerig, 2019). With this assumption of stationarity, however, VAR models 

cannot investigate how a system changes over time. 

Thus, by combining these three different types of networks analyzing different data sets, 

a more comprehensive picture can form of how parenting experiences embed into the 

structure of a family system. As Rohrer (2018, pp. 39–40) put it: “Different research designs are 

neither mutually interchangeable nor rivals, but can contribute unique information to help 

answer common research questions.” Each network adds slightly different information: the 

GGM shows statistical dependencies in cross-sectional data; the DAG visualizes (potential) 

 
3 As Rohrer (2018) explains regarding colliders: “A collider for a certain pair of variables is any variable 
that is causally influenced by both of them. Controlling for, or conditioning analysis on, such a variable 
(or any of its descendants) can introduce a spurious (i.e., noncausal) association between its causes.” 
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causal dependencies in cross-sectional data; and the multilevel VAR model demonstrates 

patterns appearing over time, including reciprocal ones. This is also why I examined affective 

dynamics in Chapter 9: to provide different information from a different angle (here, whether 

the way variables fluctuated related to parental burnout severity), so as to build a more 

comprehensive picture of parents’ experiences of parental burnout. However, this general 

assessment of each of the three statistical network models does not answer the broader question 

of whether a network approach suits the examination of family systems.  

Strengths of network models to assess family systems 

The psychological network models used in this thesis are existing statistical models 

(Bringmann et al., 2019) that clearly visualize connections between variables, thereby allowing 

a coherent view of the variables as a network system. This places the emphasis on the system 

itself instead of on connections between individual variables, which is a major component of 

family systems theory (e.g., holism; Kerig, 2019). This also allows a focus on context, as any 

variables believed relevant can be included in the network. Note that some researchers believe 

only symptoms should be included in a network investigating psychopathology (Borsboom, 

2017), although others disagree, preferring to include any variables that are “plausible causal 

candidates in the etiology and maintenance of disorders” (Jones et al., 2017, p. 2). In any case, 

though, using network analyses to investigate family systems requires investigating context. 

Moreover, since both cross-sectional and temporal networks assess associations between all 

variables, this allows for the investigation of many simultaneous interactions at once. Temporal 

networks go a step further and allow the examination of the interdependency and reciprocal 

interactions between variables, since edges can point in either direction. All network models 

used in this thesis can thus be useful exploratory tools for investigating the basic structure of a 

family system.  

In addition, temporal network analyses (and specifically, multilevel VAR models) assess 

patterns appearing between variables over time. Thus, they can answer dynamic questions—

such as: how does a parent’ experience and their interaction with their environment, and 

particularly their children, (mutually) influence each other over time? Investigating such 

patterns that establish themselves over time reflects how parenting experiences and practices 

are not static, but instead form through countless small moments which build up to form an 

overall “tone” of parenting. Parents react in different ways in different situations, and their 

parenting behaviors can show a lot of variability from one day to the next—but their behaviors 

and experiences within all of these moments add up over time to form a distribution, and the 

parameters (e.g., average, variation) of this distribution demonstrate their parenting traits. This 

concept comes from Whole Trait Theory to explain how personality traits form a relatively 

solid distribution from many varied moments (Fleeson & Jayawickreme, 2015), and is also key 

to family systems theory: “...the notion of a stable, invariant, biologically determined 

personality is challenged by the notion of people’s actions and experiences as shaped by the 

processes of feedback in different social contexts and co-creation of shared meanings” (Dallos 

& Draper, 2015, p. 266). Thus, intensive longitudinal data is particularly useful to capture such 
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parenting moments as they build into distributions; and analyzing this data with multilevel 

VAR models can assess the parenting patterns that form over time in interaction with the 

family environment.  

Flaws of network models to assess family systems 

However, multilevel VAR models, as well as cross-sectional models, cannot assess how 

systems change over time. At most, one could compute networks at different stages of 

someone’s life or treatment and compare network structures (e.g., Hofmann et al., 2020). 

However, this would only provide static snapshots of a system (albeit snapshots potentially 

built on temporal data) before and after different events, but not examine how the system 

changes, which is essential to a systemic approach (Granic & Hollenstein, 2015). As Davies and 

colleagues put it (2004): “According to family systems theory, the family unit is an open system 

in which family perturbations and stressors (e.g., parent psychopathology, relationship 

disturbances, disruptive family events) may provoke subsequent reorganizations in family 

functioning and function as architects of interdependencies between family subsystems.” As 

such, parental burnout—both a form of parental dysfunction and a disruptive family event—

should alter the structure of the family system; but the network models used in this dissertation 

cannot directly capture such change. Indeed, although the temporal network analyses can 

demonstrate patterns occurring within parents’ experiences, they do not on their own provide 

robust evidence to implicate exhaustion in the development of parental burnout, nor distance 

in its maintenance (see Chapter 7 and Chapter 8). This is because VAR models can only show 

which patterns reliably occur and re-occur over time, but not how systems change.   

Another (although more general) limitation of network analyses: the many variables and 

interactions modeled render it difficult to form confirmatory hypotheses unless they involve 

the whole network. One could easily hypothesize and then assess the density of a network, for 

example (especially if comparing multiple networks), but to hypothesize about two specific 

variables diminishes the reason behind a network approach, as well as faces increasing 

difficulty in specific predictions as the number of nodes increases. Although hypotheses about 

which nodes most influence the network should be straightforward, the many complications 

of applying centrality measures to psychological networks (see Section on Reassessing 

Centrality on page 179) render this challenging as well. For example, I theorized the emotional 

distance would be structurally important in the network representing experiences of parents 

in burnout—but without a reliable centrality metric, translating this hypothesis into a concrete 

prediction proved difficult. My strategy was to assume distance should be strongly related to 

the other parental burnout variables (which was not the case), but the final network (see Figure 

19) did contain emotional distance possessing the strongest autoregressive loop as well as a 

strong reciprocal connection to “sharing positive moments with children.” Combined with 

other findings (e.g., inertia of emotional distance from Chapter 9), I concluded that emotional 

distance likely does play an important role in the maintenance of parental burnout. But is the 

network analysis in Figure 19 sufficient on its own to conclude that emotional distance plays 

an important structural role in the parents’ network? Currently, without having robust 
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objective centrality metrics, the answer is no, as researchers can subjectively interpret and 

explain many nodes in a network as particularly structurally important.  

Moreover, multilevel VAR models come with particular flaws impacting their suitability 

for examining family systems. First, when modeling many variables, they can result in 

overfitting (i.e., the coefficients capturing not only the effects of interest but also part of the 

error) due to too little data for the number of variables (Bulteel et al., 2018). This can be 

addressed in future research by either using regularization (e.g., setting some edges to zero such 

as with LASSO shrinkage) or reducing variables to fewer dimensions (e.g., with principal 

component analysis), both of which can lead to better predictions (Bulteel et al., 2018). Second, 

VAR models assume a discrete flow of time—that is, that variables change from one timepoint 

to the next in distinct steps—and do not reflect how time continues flowing between separate 

timepoints (Ryan et al., 2018). This means that results from VAR models are dependent on the 

time interval. As an example, consider taking medication for a headache: there is little effect 

right away, a small effect after some minutes, a larger effect after a few hours, and no effect a 

day later (Ryan et al., 2018). Although this leads to a curved effect evolving over time, a VAR 

model would show different edges depending on time interval: no association when looking 

at the level of seconds, a small association for minutes, a large association for hours, and no 

association for days. In other words, coefficients change size, sign and relative ordering based 

on the time interval, and so results do not typically generalize to other time intervals (Ryan et 

al., 2018). Thus, discrete time models such as VAR models should ideally only be used if there 

is only one relevant time interval, and only that interval is measured and modeled. Although 

this can be argued for parenting (i.e., childrearing routines revolve around daily routines, and 

so likely parenting experiences follow as well), it is still a strong assumption that no other time 

intervals matter for assessing how parental experiences embed within the family system.  

In light of these general flaws in using a network approach to assess family systems, as 

well as the specific limitations of VAR models, I will discuss a number of alternative models 

that could be used for future research.  

Alternative statistical models 

Time-varying models 

To allow models to assess change over time, a crucial facet of dynamic systems, future 

research can use newly developed time-varying VAR models, which allow parameters to vary 

over time. Multiple model types exist. First, time-varying VAR models can allow parameters to 

gradually shift over time based on a generalized additive model (GAM) framework using non-

parametric smoothing functions (Bringmann et al., 2017). Second, they can allow sudden shifts 

between two states, otherwise known as regime shifts. This could be done, for example, via 

models using kernel change point (KCP) detection (Cabrieto et al., 2021). Investigating sudden 

shifts between two stable states is an important aspect of family systems theory (Granic & 

Hollenstein, 2015). In addition, psychopathology researchers have previously examined the 

clinical usefulness of detecting an impending shift from a stable “healthy” state to a stable 
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“disordered” state (i.e., early warning signals; van de Leemput et al., 2014; Wichers et al., 2016), 

although such signals are likely not generic or independent of models, but instead specific to 

the system in question (Dablander et al., 2022). Time-varying models also exist that combine 

both methods, and so can assess both sudden and gradual changes in parameters (Albers & 

Bringmann, 2020). Moreover, detailed tutorials explaining time-varying models and how to 

use them (including descriptions of R packages and example data) are available (e.g., Haslbeck 

et al., 2020). 

Continuous time models 

To address how VAR models depend on the specific time-interval chosen, researchers can 

use continuous time models instead of discrete time ones. These models are similar (and in 

some cases, mathematically equivalent to) discrete time models, but use differential equations 

to model time as continuously flowing instead of separated into distinct timepoints (Ryan et 

al., 2018). This not only solves the problem of time interval dependency, but also allows 

simultaneous modeling of variables that fluctuate on different timeframes (e.g., sleep and 

mood), which can be more complicated for discrete time models (Bringmann et al., 2022). 

Discrete time models can be more difficult to implement and interpret, but tutorials and R 

packages (at least concerning simple models) already exist (e.g., Ryan & Hamaker, 2022). 

Moreover, researchers have proposed centrality measures specifically for continuous time 

networks, to examine how an increase in a specific variable (either at a specific timepoint or 

over an interval of time) impacts the rest of the system (Ryan & Hamaker, 2022). Extending 

continuous time models to allow a multilevel framework, regime-switching, non-linear 

dynamics, and higher order models are all possible, although most extensions are not yet easily 

implemented in accessible ways (e.g., via open-source R packages).  

State-space models 

State space models originate from engineering and economics with historically little carry 

over into behavioral sciences; their main goal was to “track changes in dynamic systems and to 

implement diverse time series models” (Chow et al., 2010, p. 306). These models describe 

temporary stable states as attractors (working to ‘attract’ the system from other nearby 

temporary states) in the state space of a system, which encompasses all possible states of a system 

(Lewis et al., 1999). An offshoot of this approach is typical within the field of developmental 

psychopathology research, particularly to examine dyadic interactions between parent and 

child through state-space grids (Granic & Hollenstein, 2015). Using these visual 

representations of state-space grids, behavioral habits are operationalized as attractor states, and 

all possible behaviors (typically coded by researchers) form two ordinal variables which make 

up the axes of the grid (Lewis et al., 1999). However, the general class of state-space models are 

much broader (Slipetz et al., 2023) but rarely used in psychology research (with some notable 

exceptions, such as to examine affective dynamics; Oravecz et al., 2011).  

Slipetz and colleagues (2023, p. 4) define the state-space modeling framework as “a 

general framework that represents the observed time-varying variables as measurements of a 
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set of underlying, unobserved state variables.” Because this framework involves underlying 

(i.e., latent4) variables, it can model measurement error; it also allows for non-linear and time-

varying relations as well as continuous time models (Slipetz et al., 2023). However, as these 

models come from engineering where most parameters are known, it can be finicky to estimate 

parameters as required for psychology models (Slipetz et al., 2023). Relatedly, state-space 

models are currently optimal for analyzing continuous data (or at most, data collected on a 0-

100 scale) from single participants, as they are not yet suitable for ordinal data or multilevel 

extensions (Slipetz et al., 2023). Thus, most applications currently feasible for psychology 

research involve linear models for one participant; such straightforward forms are already 

easily applicable via the dynr (Ou et al., 2019) or dlm (Petris, 2010) R packages. Nonetheless, 

state-space models hold important potential, particularly as further extensions become 

possible, since they are “particularly conducive for representing intensive within-person 

changes” (Chow et al., 2010, p. 326). 

Are these models ready for psychological applications yet? 

Applying models from other fields to psychology means that we do not have to reinvent 

the wheel: we can use tools already developed in other fields and apply them to psychological 

constructs. This not without difficulties, of course. First, not all models and tools apply easily 

or make sense with psychological constructs (as discussed above for propagation processes in 

social networks vs. psychological networks and implications for centrality; see Discussion 

section on Centrality). Moreover, when adapting from other fields, psychology researchers do 

not have all the context and expertise from that field, which can lead to improper usage (e.g., 

see discussion by Brown et al., 2013). Nonetheless, the ability for methodological advances to 

easily permeate from one field to another based on the shared concepts of a systems approach 

has long been viewed as one of the major benefits of a general systems theory (von Bertalanffy, 

1950). As such, systemic approaches in psychology can undoubtedly benefit from models 

adapted from other fields: “Our standard models for multivariate timeseries (i.e., ones with 

linear dynamics) are not capable of capturing any complex system behaviors. Non-linear 

models allow for complex systems behavior, but require careful specification and construction” 

(Slipetz et al., 2023, p. 26).  

However, in many respects these models from other fields are promising but not yet ready 

for widespread use within psychology research. They currently can be applied relatively easily 

(e.g., with accessible tutorials and R packages or other open-source analysis software) only in 

simplistic forms, often suitable for analyzing data from one participant in a linear fashion. 

However, extending these models to multilevel forms (i.e., examining multiple participants at 

once while allowing some parameter heterogeneity between participants) is often not yet 

(easily) possible (Chow et al., 2010; Ryan & Hamaker, 2022). Moreover, most of the models 

 
4 A latent approach and a network approach are not as diametrically opposed as sometimes asserted by 
researchers, and can be combined (Bringmann & Eronen, 2018). But in any case, a family systems 
approach is not theoretically opposed to modeling latent variables, particularly if this allows for 
modeling of measurement error.  
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require many more timepoints, particularly when examining time as continuous or including 

time-varying parameters (Haslbeck et al., 2020; Ryan & Hamaker, 2022; Slipetz et al., 2023). In 

sum, these models present key pathways for future research—modeling how systems change 

over (continuously flowing) time—but their full potential is not yet accessible to the average 

psychology researcher. Nonetheless, many researchers are currently actively developing these 

models and adapting them for accessible use in psychology research (Albers & Bringmann, 

2020; Bringmann et al., 2017; Haslbeck et al., 2020; Ryan & Hamaker, 2022; Slipetz et al., 

2023). With such advances, these models should be well suited to investigating family systems.  

Computational models and formal theories 

Further methodological advances for family systems theory and parental burnout could 

take the form of more precise models and theories. If a model exactly defines the system it 

investigates, articulating its separate components and how they interact—not in a vague verbal 

way, but via mathematical formulas or other formal language—then more precise findings can 

follow (Smaldino, 2017). This is because formal models constrain possible options, and so it is 

easier to rule out some of these options (Newell, 1973). In addition, formal models make 

assumptions explicit. Some assumptions will always be incorrect—because models attempt to 

simplify the world and therefore can never perfectly capture it—but formal models allow us 

to examine which assumptions cannot be true, as well as what would happen if all assumptions 

would be true (Smaldino, 2017). In other words: the purpose of a (formal) model is to be 

wrong, as it presents a simple explanation of a complex phenomenon, and thereby allows 

researchers to closely examine what the model captures accurately and what it ignominiously 

fails to.  

Such formal models would be relevant in two ways for concepts covered in this 

dissertation. First, although the concept of family systems comes with a number of agreed upon 

aspects (e.g., reciprocal interactions, change over time; see Discussion section above on 

Evaluating network models for a family systems approach), it still is a relatively vague concept, 

as is the case for most conceptualizations of psychological systems. Further work is required to 

more precisely specify what is actually meant by the phrase “psychological systems are complex 

systems,” at both the level of psychological theory and the level of quantitative models (Slipetz 

et al., 2023, p. 26). Second, a computational model representing parental burnout could strictly 

articulate a theorized pathway for how parental burnout develops. Such a model could for 

example include a parent in a stable “healthy” state that experiences a fast-moving process (e.g., 

stressors that pile up) that eventually “turns on” a slower-moving process (e.g., emotional 

exhaustion and then emotional distance) which leads to the parent entering a second stable 

state: a “burned out” state. One possibility to represent the two stable states is via a regime-

switch (Dablander et al., 2022). A similar model has been described (although only verbally, 

not formally) for occupational burnout, based on allostatic load theory: that stressful situations 

eventually disrupt the stable state of physiological systems, causing an alternative equilibrium 

of physiological states in the form of burnout (Grave et al., 2022). If such a model were formally 

specified for parental burnout (as has been done for panic disorders; see for example 
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Robinaugh, Haslbeck, et al., 2019), the specific predictions could be further investigated via 

simulations as well as empirical data, to determine which aspects hold up to investigation and 

which do not.  

Formal models also have their limitations, however, particularly for psychological 

constructs: they require particularly well-defined constructs as well as valid ways of measuring 

these constructs, which is notoriously difficult and controversial across all subfields of 

psychology research (Eronen & Bringmann, 2021). Moreover, even formalizing theories into 

mathematical models cannot escape the vagueness of psychology concepts—or so argue 

Hutmacher and Franz (2024). Indeed, Hutmacher and Franz (2004) assert that since 

psychological constructs irrevocably entwine with people’s everyday lives, including “the way 

we talk about and the way we experience our human mental reality” (pg. 12), psychological 

constructs change and shift along with how people experience and discuss them, unlike 

technical constructs in other fields such as physics that are independent from lived experience. 

Thus, psychological constructs are dependent and shifting depending on their temporal, 

geographic, and cultural context, and so they cannot be defined as immutably and technically 

as would be optimal for formal mathematical models.  

With this framework of formal theories, and how they are useful in their shortcomings 

(Smaldino, 2017), it becomes clear that none of the statistical models (used in this thesis, or 

proposed as future directions) can fully capture the intricacies of the family system. This is 

because even when allowing complexity, quantitative research must always simplify to some 

extent. The hope is that even though these models are doubtless wrong in some crucial ways, 

they yield sufficient information to further advance research, including about what the model 

can accurately capture and what it cannot.  

10.5 Broader methodological considerations 

To further discuss what this dissertation managed to capture and what it failed to, I now 

discuss some broader methodological considerations.  

Group versus individual 

In this dissertation, I focus especially on group-level results. This was a deliberate choice 

to look for common patterns amongst different families, in an attempt to improve general 

understanding of how the family context interacts with parental burnout. However, this means 

that this dissertation does not examine each parent’s individual patterns (with a partial 

exception for the study of parental affective dynamics in Chapter 9), even though we know 

that substantial variation exist between parents, including in the samples recruited for this 

dissertation (as can be seen when looking at the random effects in Figure 20). This tension 

between commonality (i.e., what patterns and experiences different families share) and 

uniqueness (i.e., each family’s idiosyncrasies) can often be found in family systems therapy 

(Dallos & Draper, 2015, p. 203). This tension also reverberates throughout psychology research 
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generally, and particularly research on systems: can we assume that in specific circumstances 

(e.g., parental burnout), there are patterns and structures in a family system that reliably occur 

across families (or at least families in a specific culture)? When again looking at the random 

effects for parents in burnout in Figure 20, some similar edges can be found (e.g., the three 

autoregressive coefficients, as well as the edge connecting positive moments with kids toward 

distance). On the one hand, this supports that common patterns occur across families 

experiencing parental burnout—but on the other hand, these associations were estimated via 

a multilevel model which shrinks estimates toward one another to some degree.  

Idiographic analyses (i.e., investigating just one person’s symptoms or emotions over 

time) are possible, with potential clinical utility in tracking processes of change during times 

of transition5 (e.g., treatment; Hofmann et al., 2020). Researchers propose that such 

idiographic networks focusing on symptoms or emotions could be used for individualized 

interventions (e.g., Bak et al., 2016). In practice, however, no consensus exists on how to 

interpret network structure and node centrality, as demonstrated by the study which sent the 

same data from one patient to multiple research groups, none of whom identified a common 

treatment target or process (Bastiaansen et al., 2020). Thus, using idiographic networks in 

clinical practice to identify specific treatment cannot (yet) be implemented. In any case, 

however, this dissertation did not aim for such family-specific idiographic insights, instead 

seeking to examine common patterns across families to deepen understanding of parental 

burnout—at least as it occurs within (Belgian) family systems.  

Within family systems theory, this tension between group patterns versus individual ones 

reflects a tension between expert truths and uncertainty. Here, expert truths can be understood 

as viewing systemic structures and patterns as rules that are “truth” and can be identified, such 

as was proposed by early systemic thinkers (Dallos & Draper, 2015, p. 203). Uncertainty, 

meanwhile, involves viewing family systems as built by the families themselves, when they 

form meanings and identities via interaction. This latter concept of families brings with it not 

only astounding variation between families (constrained mainly by cultural narratives about 

families and gender and parenting), but also uncertainty about how much commonality exists 

across families (Dallos & Draper, 2015). The studies in this dissertation mainly veer on the side 

of “commonality,” searching for patterns that can be found again and again across (Belgian) 

families. However, I want to—at least in this discussion—allow a “space where uncertainty 

about the truth [can] be tolerated” (Dallos & Draper, 2015, p. 182). Indeed, research, 

particularly on human beings, cannot contain strict certainty. Moreover, uncertainty is critical 

for systemic theory, as open systems (and especially human systems) are relentlessly complex 

and can always expand outwards as they interact with other systems. We cannot thus designate 

one pattern that always occurs even in one family, let alone across all families; but we can seek 

patterns that are likely to occur and re-occur across certain types of families that are 

experiencing specific problems, even while acknowledging and accepting that there will always 

 
5 Although note that most idiographic network analyses use VAR models and assume stationarity, and 
therefore are only able to examine network structures before and after transitions, as done by Hofmann 
and colleagues (2020). 
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be idiosyncrasies and individual variations. In other words, the uncertainty in this dissertation 

reflects an inability to dive into each individual’s context and family structure in sufficient 

depth to fully understand each specific family. This therefore reflects not only the tension 

between group and individual, but also the constraints of quantitative methods, which do not 

allow the nuanced insight into meaning and identity that qualitative methods can more easily 

pursue. 

Reflections on measurement  

Hollenstein (2021) presents a useful metaphor to describe experience sampling 

methodology: instead of watching a full movie, we see a series of screenshots. In other words, 

these screenshots show glimpses of the movie over time, but do not shed much light on the 

continuity of the movie or its broader context. The quest for complexity at the heart of this 

dissertation is thus limited by its data: brief snapshots that do not contain the full meaning or 

trajectory of parents’ experiences. This reduction of the rich lived experience of a person to 

small snapshots is part of all quantitative research:  “Quantitative methods [are] reductionist, 

in that attempts are made to reduce the phenomena to small, focused, and manageable 

components” (Dallos & Draper, 2015, p. 238). Moreover, the precise method we used to assess 

parents’ affect also constrained their responses: we asked parents to reduce their parenting 

experience to a number, thus masking meaning and nuance. For example, when a parent feels 

emotionally distant from their child, that might relate to the situation at that moment (e.g., a 

temper tantrum), the rest of their day (e.g., they just got laid off work), their general mood 

(e.g., overwhelmed and angry), their amount of sleep the night before, and so on. In addition, 

feeling emotionally distant likely involves other emotions (perhaps shame, as discussed by 

Hubert & Aujoulat, 2018), but this was not captured by one sole numerical rating. Although 

we attempted to capture some of this context with additional questions (e.g., interactions with 

children and co-parent; see Table 5 in Chapter 5), the parent was not able to communicate 

much of the nuance of their affective experience or environment. However, there was at least 

high between-participant reliability for the three parental burnout items, as well as substantial 

within-participant reliability (see the Results section from Chapter 5). This indicates that 

different parents showed distinct patterns of responses, but also that each parent showed 

relative consistency in their own responses, as expected for experience sampling data.   

The quantitative data collection for much of this thesis involved parents translating their 

experiences into a number on a scale from 0 to 100. This comes with a number of assumptions. 

For example: can we actually translate our subjective experience into a number on a large scale, 

in a way that easily distinguishes between the different assessed constructs (Gray & Watson, 

2007)? Are we able to accurately judge our own internal states, let alone quantify them? One 

answer focuses on how affect is a subjective experience, and so the only way to accurately assess 

it is by asking participants to report it. “One could argue with some justification that measures 

of current affect are valid as long as participants are not deliberately distorting their assessment. 

Put differently, the respondents’ ongoing synthesis of physiological, situational, and cognitive 

information is their current mood” (Gray & Watson, 2007, p. 178). For the purposes of this 
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dissertation, therefore, we assume that participants can interpret their internal state and 

represent it with a point on a scale in a relatively consistent manner.  

Considering the process of translating affect into a number, Teoh and colleagues (2023) 

propose that we can think of this as a decision process: interpreting signals from our body and 

context, and then choosing from constrained options (i.e., point on a scale) to represent it. 

Future research could directly use such a framework to investigate affect ratings via decision-

making frameworks, to more precisely investigate how participants decide on a specific 

number. Such a decision is not easy (as reported by participants in this dissertation; see 

Appendix C). One method to ease such a decision for participants is to frame it as a comparison 

with their previous answer, such as via a visual marker placed on the scale indicating their last 

response (Dejonckheere & Mestdagh, 2023). In this case, their decision does not involve each 

time repeatedly translating their experience into a number, but instead to decide whether their 

current experience is more or less intense than their past report. Participants reported that such 

a reference point helped them more easily and accurately rate their emotions in experience 

sampling prompts (Dejonckheere & Mestdagh, 2023). 

That does not mean, however, that participants’ responses do not contain measurement 

error or other important flaws—far from it. For example, in-the-moment ratings of affect are 

most accurate, as they do not involve retrospective biases such as duration neglect (i.e., focusing 

on most intense experiences but forgetting the length of these) or recency effects (i.e., 

remembering best what just occurred; Gray & Watson, 2007). However, in-the-moment ratings 

(often assessed multiple times a day) are problematic when assessing parenting affect, as most 

parents do not spend all moments with their children, and parenting-related interactions often 

follow a daily routine organized around work/school (see Daily Interval section in Appendix 

C). We thus made a considered trade-off, prioritizing an intuitive sampling schedule following 

the daily rhythms of parenting instead of a more frequent schedule less suitable for capturing 

parenting affect and parent-child dynamics. Moreover, the signal-to-noise ratio (i.e., if a signal 

captured in data is substantial enough to outweigh measurement noise) of emotional time-

series data is often particularly poor (Dejonckheere & Mestdagh, 2021). One way to improve 

this is to assess affective reactions to specific stimuli rather than global ones (Dejonckheere & 

Mestdagh, 2021; Lapate & Heller, 2020), which was done in this thesis: rather than assessing 

global affect, data collections focused on stimuli anchored in the context of parenting.  

Culture and parenting 

Although the goals of this thesis did not involve examining culture, “virtually all aspects 

of parenting children are informed by culture” (Bornstein & Cheah, 2006, p. 7); findings 

should thus be grounded in their cultural context, and the role of culture discussed. To grasp 

just how much of parenting is conditioned by culture, consider this statement by Bornstein 

and Cheah (2006, p. 7): “Culture influences when and how parents care for children, the extent 

to which parents permit children freedom to explore, how nurturant or restrictive parents are, 

which behaviors parents emphasize, and so forth…” In other words, culture influences not 

only how parents interact with their children, but also what they consider appropriate or 
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maladaptive behavior and activities for their children, and appropriate or maladaptive behavior 

for themselves when encouraging or disciplining their children. As such, parenting cannot be 

understood apart from its cultural context; when research attempts to do so, it accepts variables 

as natural and immutable when they actually range considerably across cultures (Bornstein & 

Cheah, 2006). This is still too often the case, as most research on parenting and child 

development still stems from North America and Europe, and so what is all-too-often 

considered universally “typical” parenting and child-rearing practices are actually culturally 

specific to these regions (Bornstein & Cheah, 2006). Since all parents recruited for this 

dissertation were living in Belgium, it is particularly important to ground findings in their 

Western European cultural context, involving intensifying parenting norms centering parental 

closeness and warmth (Dupont et al., 2022; Hays, 1996). As such, findings likely do not 

generalize to cultures with different parenting and child-rearing norms.  

Parental burnout also inextricably intertwines with culture: It involves a preponderance 

of parenting stressors with too few parenting resources to compensate (Mikolajczak & 

Roskam, 2018), and culture impacts what parents consider to be stressful or revitalizing. In 

addition, parents often experience cultural expectations and norms about parenting—and in 

particular, the resulting feeling that they are not able to meet those expectations or adhere to 

those norms—as stressful and shameful. Even the suffering related to parental burnout, which 

many parents link with shame and isolation from feeling distant toward their children (Hubert 

& Aujoulat, 2018), likely varies depending on cultural norms around parental warmth and 

closeness, as discussed above regarding varying interpretations on “distanced mothering” 

(Lubiewska et al., 2023).  

The potential for family stress exists “in most if not all culturally structured family 

environments” (Super & Harkness, 2020, p. 191), so the question then becomes: when might 

this family stress turn into parental burnout? And since what constitutes stress relates to the 

environment and cultural norms and interpretations of behavior, what might contribute to 

parental burnout in different cultures? From the prior discussion based on results in this thesis, 

limited help available to parents beginning to feel exhausted likely contributes to the 

development of parental burnout, and cultural norms around distanced parenting likely 

contribute to the suffering experienced in severe parental burnout. However, these aspects are 

specific to the culture of the parents recruited for this thesis. Might other aspects be involved 

in parental burnout in other cultures with other parental norms? Could parental burnout still 

appear in cultures without such intensive parenting norms that center warmth and closeness? 

If yes, would it still be recognizable as parental burnout—as parental suffering in such contexts 

would likely not revolve around the discrepancy between cultural norms of parental warmth 

and lived experience of emotional distance, as it seems to for Belgian parents (see Discussion 

section on Emotional distance)? Such questions on the role of culture in parental burnout 

require further research. 

Furthermore, much research on parental burnout has focused on middle-class or highly-

educated parents, particularly amongst populations not typically represented in research (e.g., 

South American, African; see Super & Harkness, 2020). Moreover, nuances on specific cultural 
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milieus were not collected, and so understanding particularities amongst results (e.g., why 

parental burnout related to high income for mothers in some countries but not others; Super 

& Harkness, 2020) was not possible without more detailed contextual information. Moreover, 

many countries have experienced an “emergence of distinctive lifestyles accompanying 

urbanization, as well as the increase in women’s education and employment options” (Super 

& Harkness, 2020, p. 189). This signals that in some cultural milieus (e.g., likely middle-class) 

across countries, shifting norms likely bring additional pressures on parents, who potentially 

have to balance between multiple and conflicting parenting norms. This highlights that 

variability in parenting norms occurs not only between cultures, but also within cultures, and 

research should investigate parental burnout not only cross-culturally, but also within specific 

cultural milieus within one culture.  

As Super and Harkness (2020) assert, to understand how parental burnout relates to 

culture requires details of a parent’s context and their interactions with family members. This 

could be examined through qualitative research, but also through methodological tools such 

as experience sampling and network analyses. In particular, future research could use similar 

analyses as used in this thesis (i.e., investigating daily experiences of parenting and parental 

burnout grounded in the family system) but in cultures with marked variations in parenting 

norms and expectations, to examine how interactions between family members would vary. 

Even more informative would be to complement such quantitative research with qualitative 

methods on how parents and family members interpret their family dynamics and parental 

stress and exhaustion, to provide qualitative nuance and meaning to quantitative complexity.  

10.6 Limitations and future directions 

In addition to limitations and future directions already discussed, a number of additional 

limitations merit particular attention. 

First, the samples in this dissertation mostly comprise of mothers, with only few fathers 

participating. This gave us valuable information on the parenting experiences of mothers, but 

possibly does not generalize to how fathers experience parenting. This is because cultural 

parenting norms differ for fathers compared to mothers, relating to gender norms within each 

culture. This leads to differences in how fathers and mothers parent and engage with their 

children: “Mothers and fathers interact with and care for children in complementary ways; 

that is, they tend to divide the labors of caregiving and engage children emphasizing different 

types of interactions…” (Bornstein & Cheah, 2006, p. 16). Moreover, in most cultures mothers 

spend on average more time with their children than fathers do, including in “Western 

industrialized nations [that] have witnessed relative increases in the amount of time fathers 

spend with their children” (Bornstein & Cheah, 2006, p. 16). Thus, when compared to 

mothers, fathers tend to spend less time with their children, interact with them in distinct 

ways, and engage with different parenting expectations and norms. It is thus possible—even 

likely—that fathers experience parenting, parental burnout, and their family system, in a 

different manner than mothers. Although some results in this thesis show no differentiations 
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between fathers and mothers, too few fathers participated in intensive longitudinal data 

collections for robust conclusions regarding their experiences of parental burnout and the 

family system.  

Secondly, this dissertation does not account for developmental shift. Across studies, 

parents were all bundled together regardless of the ages of their children. Although this 

approach of assuming common family processes across developmental stages is typical in 

research relating to family systems theory, family dynamics and interactions vary intensively 

within a family depending on the age of the children (Dallos & Draper, 2015). Moreover, it 

ignores how family systems can and should change over time: processes that are197daptivee at 

one stage (e.g., close monitoring of infants) can be maladaptive at later stages (e.g., late 

adolescence). However, this dissertation does not directly focus on the type of interactions 

between parents and children, but instead on the affective experiences of the parent and how 

they interpret their interactions with their children (e.g., as “difficult”). This focus on parental 

experiences across developmental stages of children was purposeful when creating the 

experience sampling items (see Chapter 5): we aimed to develop items applicable to parents of 

both infants and teenagers. This was because we sought patterns of parenting experience 

common across different types of families and interactions. Nonetheless, this deliberate 

grouping together of families means that this dissertation cannot offer nuanced findings about 

how the developmental stage of the child might impact parenting affect.  

Thirdly, this dissertation focused on parental experiences only; we thus did not assess how 

the other family members interpreted interactions. This could be done in future research via 

observational coding of interactions (as commonly done in developmental psychopathology 

research; Granic & Hollenstein, 2015) or by having multiple family members answer daily 

questions about their interactions with one another. This last would also allow insight into 

how much parents’ interpretations depend on their context. For example, when a parent in a 

state of burnout rated how “difficult to manage” they found their child that day, would this be 

similar the experience of their co-parent or their child?  

Lastly, the methods we used imposed normative definitions of what constitutes a family. 

In our statistical models, we assumed one or maximum two parenting figures (they did not 

have to be married or partners, but did have to be living together, based on recruitment 

criteria). This ignores the multiplicity of family configurations: in many families, grandparents 

take on a major share of childrearing work, as might close family friends in some situations. 

Where parenting support could come from in families was also defined in constraining ways: 

multiple questions assessed support (or lack thereof) from the coparent, while all other 

support—from friends, family, neighbors—was lumped under “social support.” This 

categorizing of support implies that the main source of help for a parent is their coparent, 

while all help from other people can be seen grouped as “other.” This exemplifies how 

normative assumptions on family creep into and constrain research (Dallos & Draper, 2015). 

Thus, even when using tools to allow as much complexity as possible, research always involve 

narrowing, defining, and simplifying of concepts.  
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10.7 Conclusion 

From this discussion, we can derive some closing thoughts and general conclusions:  

First, future research should examine parental burnout via its separate components, 

as each component has distinct associations and interactions with the family context. 

Moreover, from the findings in this thesis supplemented by additional research, I propose that 

emotional exhaustion kickstarts the development of parental burnout, while emotional 

distance works to maintain it. This should be the case particularly when cultural norms on 

parenting prioritize emotional warmth, as parents who feel distant from their children likely 

experience intense shame and suffering from the discrepancy between cultural expectations of 

emotional warmth but a lived experience of emotional distance.  

Second, parental burnout should be investigated within its family context. We 

embraced a family systems approach to parenting, which asserts that to understand parenting 

means to situate it within the family. Even for researchers not explicitly using a family systems 

approach, however, all of our findings highlight that parental burnout interacts with different 

aspects of the family environment in different ways during the course of burnout. As such, all 

research on parental burnout should explicitly attempt to assess the parent’s family context and 

include it in conceptualizations and analyses. Although we endeavored to examine parents’ 

experiences and their contexts while avoiding reductionism, this was still a quantitative thesis 

that comes with the associated drawbacks: we did not assess the meaning behind participants’ 

numerical answers. Further insight and nuances into how experiences of parental burnout 

interact with the family context—and how these depend on cultural norms of parenting and 

gender—requires additional qualitative as well as quantitative research, to form a more well-

rounded picture.  

Third, although network analyses seem well suited to examining family systems, 

they are not quite ready yet. They do allow an intuitive conceptualization of the family as a 

system, and easily model interactions between components and (at least some aspects of the) 

context. However, none of the network models currently used can show how a system changes 

over time, and many statistical and conceptual limitations hinder commonly used models. The 

promise of a general systems theory—that models can easily be exchanged between 

disciplines—has not yet fully borne out, as adapting statistical models from other fields to 

psychology requires intensive conceptual and statistical work. However, many researchers are 

doing this work, and accessible network analyses that can examine how systems change over 

time appear just over the horizon.    

As this thesis made clear when discussing the substantial impact of culture on parenting 

and parental burnout, however, context includes many expanding layers, and to fully 

understand a system requires understanding how it interacts with all these layers. Although 

the ideal approach to investigate family systems involves a multi-tiered analysis that can take 

into account all different levels from biology to culture, this might never be possible—

particularly as we still face key problems when modeling even just one level. However, 
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reaching for complexity—while clearly acknowledging where we fall short—is a worthwhile 

goal, and I hope future research on parenting, families, and, more globally, psychology, 

pursues it. 
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Appendix A: 
Kalkan et al. (2023) 

Emotional Exhaustion and Feeling Fed Up as the Driving Forces of Parental 
Burnout and its Consequences on Children: Insights from A Network Approach 

 

Parental burnout results from chronic stress in parenting, and it can be 
accompanied by harmful behaviors such as parental neglect and violence 
(Mikolajczak & Roskam, 2018). Network analysis examines psychological 
phenomena within a system of its constituents, and thus it is promising for 
understanding the distinct features of parental burnout and behaviors related to it. 
Recently, Blanchard et al. (2021) conducted the first network analysis of parental 
burnout and related harmful behaviors in the family context, but did so using an 
outdated measure and conceptualization of parental burnout. In the present study, 
in a sample of French-speaking parents (N = 3144, from five different previous 
studies), we aimed to investigate how each of the four features in the new 
conceptualization of parental burnout (i.e., emotional exhaustion, feeling fed up, 
emotional distance, and contrast with the previous parental self) interact with one 
another and with parental neglect and violence in a network system. In this 
preregistered reanalysis, we generated two network models commonly used with 
cross-sectional data: a Graphical Gaussian Model and a Directed Acyclic Graph. Our 
results point to emotional exhaustion and feeling fed up as key driving forces of the 
network structure, while emotional distance appears as a critical feature tying 
parental burnout with parental neglect and violence.  

 
 
 
 
 
 
 
Reference: 
 
Kalkan, R.B.*, Blanchard, M.A.*, Mikolajczak, M., & Heeren, A. (2023). Emotional 
exhaustion and feeling fed up as the driving forces of parental burnout and its 
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A.1 Introduction  

Parental burnout is a clinically significant condition arising from a long-term imbalance 

between parental stressors and parental resources (Mikolajczak & Roskam, 2018; Roskam et 

al., 2021). Parents experiencing parental burnout feel emotionally exhausted, distant from their 

children, fed up with being a parent, and a sense of contrast with the parent they were 

beforehand. Its prevalence estimates are considerably high worldwide, rising to 7 to 8% in 

countries with the highest rates (e.g., Belgium, Poland, the USA; Roskam et al., 2021) 

Investigating parental burnout is especially important as it can be damaging for all 

individuals in the family system. Most crucially, parental burnout strongly increases parental 

neglect and violence towards children. This effect appears causal, supported by cross-lagged 

results from two independent samples (both reported in Mikolajczak et al., 2019) and a recent 

experimental intervention study (Brianda et al., 2020). When parental burnout is treated, child 

neglect and violence decrease proportionally to the decrease in parental burnout symptoms. 

The effect of parental burnout on parental behaviors requires special attention, as neglect and 

violence have widespread, long-term outcomes on children’s development (Delima & 

Vimpani, 2021; National Scientific Council on the Developing Child, 2010). However, most 

of these previous parental burnout studies relied on a unitary approach by tallying the different 

constitutive features of parental burnout into one sum-score, thus ignoring any possibility that 

these distinct features could interact differently with child neglect and violence. 

Recently, however, an approach focusing specifically on the interactions between 

variables has arisen: a network approach to psychopathology that conceptualizes mental 

disorders as network systems of interacting symptoms (Borsboom, 2017). From this 

perspective, instead of investigating mental disorders as reflecting a single, unitary construct, 

one can examine the structure of, and associations between, the symptoms themselves. 

Studying a mental disorder's network structure can thus grant new insight into its symptom-

to-symptom associations and topology. Though only recently pioneered by Borsboom and 

colleagues (Borsboom, 2017; Borsboom et al., 2011; Borsboom & Cramer, 2013), this approach 

has quickly grown prevalent in contemporary clinical psychological sciences. Many studies are 

now using this framework to investigate the interrelations between systems of symptoms and 

to speculate as to the clinical implications (for a general overview, see Blanchard & Heeren, 

2022; for systematic reviews, see Contreras et al., 2019; Robinaugh et al., 2020) 

Moreover, using a network approach to model psychopathology allows the adoption of 

network tools and graph theory concepts to understand mental disorders. One of these 

network concepts is node centrality, a tenet which posits that some nodes (here, symptoms) in 

the network are more important to the network structure than others (e.g., Blanchard & 

Heeren, 2022; McNally, 2016). Nodes are viewed as more central if they are especially 

connected to the rest of the network (i.e., sharing many strong connections with other nodes), 

because they can then influence the entire network. In network models, highly central nodes 

are thought to maintain the network structure since, once activated, they can quickly spread 

that activation to the entire system (e.g., Barabási & Albert, 1999; Borgatti, 2005). Within the 
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network approach to psychopathology, central nodes have accordingly been theoretically 

(Borsboom & Cramer, 2013) and empirically (e.g., Elliott et al., 2019; Papini et al., 2019) linked 

to the prognosis of a disorder, although statisticians also advise caution when interpreting what 

exactly central nodes signify (Bringmann et al., 2019).  

Analyzing network structures can also give insight into whether nodes form into 

communities (i.e., clusters of nodes that are more connected to each other than other nodes) 

and whether any specific nodes act as bridges to connect these communities. According to the 

network theory, these ‘bridge’ nodes could, for example, trigger a transition from a cluster of 

specific psychopathology features to related harmful behaviors (Jones et al., 2019). Identifying 

communities and the nodes that connect them thus helps researchers understand how specific 

symptoms influence the network system.  

A network approach is especially suitable for investigating parental burnout and its 

relationship to parental neglect and violence (Blanchard & Heeren, 2020). A network approach 

views a psychological phenomenon as a dynamic system of interacting components (Borsboom 

& Cramer, 2013), and parental burnout does not exist in isolation but instead arises through 

the interactions of many variables relating to the entire family. Indeed, parental burnout has 

been conceptualized as an imbalance of parental stressors (e.g., conflict with the spouse, family 

disorganization, inconsistent childrearing practices) as compared to parental resources (e.g., 

support from the spouse, consistent childrearing practices; Mikolajczak & Roskam, 2018), 

highlighting that parental burnout is embedded within the family system. A network approach 

thus enables us to investigate the features of parental burnout and their associations with 

maladaptive behaviors in the family by visualizing these variables as a system of interacting 

nodes.  

Recently, in a large cross-sectional network study (n = 1551), Blanchard et al. (2021) 

conducted the first network analysis to examine how the hallmark features of parental burnout 

interact with one another and with parental behaviors related to the partner and the child(ren). 

They used two distinct computational network approaches: a Graphical Gaussian Model 

(GGM), which is an undirected network in which nodes represent variables and edges signify 

the partial correlations between each pair of nodes (Epskamp & Fried, 2018), and a Bayesian 

network method to estimate a directed acyclic graph (DAG), which encodes the conditional 

independence relationships between the variables of interest and wherein each edge has an 

arrow tip on one end, indicating the direction of probabilistic dependence between them 

(Heeren et al., 2020; McNally, 2016; McNally et al., 2017; Scutari, 2010). In the GGM, 

emotional distance was highly central, and strongly connected with the other parental burnout 

features and with neglectful and violent behaviors toward children. Moreover, a community 

detection analysis (implemented via the Spinglass algorithm) identified emotional distance 

forming a subcommunity with parental neglect and violence. These observations all proposed 

emotional distance as a key variable that may maintain parental burnout within the family 

system, and that specifically relates to parental neglect and violence. And these observations 

were echoed in the DAG, wherein emotional distance emerged as a probabilistic driving force 

of the entire network structure.  
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Yet, although Blanchard et al. (2021) offered insight into the interactions of parental 

burnout features and related harmful behaviors, extensive research has recently suggested a 

new conceptualization of parental burnout, which was not considered in Blanchard et al. 

(2021), nor in other recent network approaches to parental burnout that did not focus on 

behaviors toward children (i.e., Le Vigouroux et al., 2022). The original conceptualization of 

parental burnout arose from the job burnout literature, and focused on exhaustion, distance, 

and inefficacy as a parent. However, a new theoretical approach has focused on building a 

conceptualization of parental burnout directly from the qualitative experiences of burned-out 

parents (Hubert & Aujoulat, 2018). This new framework pivoted from inefficacy as a parent 

(relating to the output of work) toward feeling fed up (relating more directly to parents’ 

emotional experiences). Crucially, this new framework also adds a new feature to parental 

burnout: parents report feeling a sense of contrast with their previous parental selves; they 

previously felt happy and invested in parenting, and now experience shame and guilt that they 

have lost that investment in their parenting role (Roskam et al., 2018). Many studies have 

provided support for this new framework of parental burnout (Aunola et al., 2020; Furutani et 

al., 2020; Matias et al., 2020; Sodi et al., 2020). In line with this new conceptualization, a new 

measurement (i.e., the Parental Burnout Assessment, PBA) has been developed and validated 

in many languages and cultures (e.g., Arikan et al., 2020; Gannagé et al., 2020; Szczygieł et al., 

2020). Thus, understanding this new conceptualization and its relationship with parental 

neglect and violence through the lens of a network approach might set the scene for novel 

conceptual and translational avenues.  

Considering that this new conceptualization has significant conceptual and translational 

value, we aimed to examine in an exploratory and data-driven way how these four features of 

parental burnout (i.e., exhaustion, emotional distance, feeling fed up, and contrast with the 

previous parental self) relate to neglectful and violent behavior towards the child(ren). With 

the new conceptualization of parental burnout, which pulls from parents’ qualitative 

experiences with burnout and which has been validated in many cultures, does emotional 

distance still play a central role in maintaining the network, as it did in Blanchard et al. (2021)? 

Does emotional distance still connect strongly with parental neglect and violence? How do 

contrast with the previous parental self (an additional feature) and feeling fed up (an updated 

feature focusing on parents’ emotional experience vs. their concrete parenting ability), both of 

which refer more to affective aspects of parental burnout, interact with the other parental 

burnout features? Crucially, how do all of these features interact with parental neglect and 

violence? We use two different network methods to answer all of these questions, so as to build 

a better understanding of this new conceptualization of parental burnout and how it relates to 

child maltreatment.   

A.2 Method 

This study was an exploratory reanalysis of secondary data. We preregistered the analysis plan, 

methodology, and prior knowledge of the dataset following the guidelines of Weston et al. 
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(2019) at https://osf.io/vqmzb. Anonymized data and the R code can be accessed at 

https://osf.io/a89sd/. There were no deviations from the preregistration. 

Participants 

The data came from five different previous studies (Brianda et al., 2020) wherein four 

features of parental burnout (i.e., exhaustion, feeling fed up, emotional distance, and contrast 

with previous parental self) were assessed along with neglect and violence towards children 

(see Table S1). One of these studies is further detailed in Brianda et al. (2020), another in Bayot 

et al. (under review), and the remaining three are unpublished master’s theses. The total dataset 

included 3144 French-speaking parents (86.7% women) who had at least one child living with 

them. The participants were recruited through internet advertisements, social media, online 

forums, and word of mouth. Further information about the data collection of the unpublished 

master’s theses can be found in the online Supplementary Materials (https://osf.io/n74ah). 

Readers can refer to Brianda et al. (2020) and Bayot et al. (under review) for detailed data 

collection procedures for those specific studies.  

Table S1. Data Collection: Data Sources, Sample Size, and Percentage of Female 
Participants 

Study Source N % Women Mean Age (SD) 

1 
Data collected for master's thesis (2021), 

not published 
1003 90.42 38.37 (8.64) 

2 
Data collected for master's thesis (2021), 

not published 
1538 84 42.99 (8.31) 

3 Brianda et al. (2020) 148 87.83 * 

4 
Data collected for master's thesis (2021), 

not published 
381 86.87 38.90 (7.48) 

5 Bayot et al. (under review) 74 87.84 * 

Note. * = Not able to calculate mean ages or standard deviations; since these two studies were 
intervention studies with smaller samples, the authors decided to ensure the anonymity of participants 
by not collecting their exact age information, but instead age ranges. We therefore were unable to 
report the exact mean age and standard deviation for participants in these two studies, but interested 
readers can find the reported age ranges in the original manuscripts.   

Measurements 

Parental Burnout 

The four features of parental burnout were assessed using the Parental Burnout 

Assessment (PBA; Roskam et al., 2018). The PBA has four subscales, each referring to one of 

the four features of parental burnout: emotional exhaustion (9 items; e.g. I find it exhausting 

just thinking of everything I have to do for my children), emotional distance towards child(ren) (3 

items; e.g. I do what I’m supposed to do for my child(ren), but nothing more), feelings of being fed 

up (5 items; e.g.  I don’t enjoy being with my children), and contrast with the previous parental 

self (6 items; e.g. I tell myself that I’m no longer the parent I used to be). Participants rated items 

https://osf.io/vqmzb
https://osf.io/a89sd/
https://osf.io/n74ah
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on a 7-point Likert frequency scale, from never (0) to always (6). In this dataset, reliability 

estimates of the global score and each subscale were good: the Cronbach’s alpha for the global 

score was .97 (.95 for emotional exhaustion, .81 for emotional distance, .93 for feelings of being 

fed up, and .93 for contrast with the previous parental self). For our analyses, we calculated the 

mean1 of each subscale separately as we were interested in the four features of parental burnout. 

This meant that the scores for each subscale ranged from 0 to 6, with higher scores indicating 

higher levels of parental burnout.  

Parental Neglect  

Parental neglect was measured with the Parental Neglect Scale (17 items; Mikolajczak, 

Brianda, et al., 2018), which measures physical, educational, and emotional neglect. All items 

assessing parental neglect were rated on an 8-point frequency scale, from never (0) to several 

times a day (7). Two of the studies in this dataset (studies #2 and #4) assessed parental neglect 

with a three-item short form of this questionnaire which involved one representative item from 

each category of neglect. The other three studies (studies #1, #3, and #5) assessed the full 

versions of the scale; we used only items corresponding to the short form from these studies 

(for more details, see the online supplementary materials at https://osf.io/n74ah). The 

Cronbach’s alpha for the neglect scale of three items was .62.  

Parental Violence  

Parental violence was measured with the Parental Violence Scale (15 items; Mikolajczak, 

Brianda, et al., 2018) encompassing verbal, physical, and psychological violence. Items were 

rated on an 8-point frequency scale, never (0) to several times a day (7). As in parental neglect, 

two studies (studies #2 and #4) used the three-item questionnaire of parental violence and three 

studies (studies #1, #3, and #5) used the full version, although we only used the items 

corresponding to the short scale from these. The Cronbach’s alpha value for the violence scale 

of three items was .57. For further information on how the short and long form questionnaires 

of parental neglect and violence were combined to form the nodes for “Neglect” and 

“Violence”, see the supplementary materials.  

Network Analysis  

Data Preparation  

Our analysis included six nodes, each representing a different variable: the four main 

features of parental burnout (i.e., emotional exhaustion, emotional distance, feeling fed-up, 

and contrast), as well as parental violence and parental neglect. We nonparanormally 

 
1 When administering the PBA, a global score is calculated by summing all items. However, we were interested 

in the subscale scores, and for the purposes of our network analyses we wanted all subscale scores to be on the 

scale, and so we calculated the mean of each subscale. In doing so, we followed our preregistration.  
 

https://osf.io/n74ah
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transformed all variables using the R package huge (Jiang et al., 2019). This ensured that the 

data met the assumption of multivariate normality required by the GGM, as well as ensured 

that each node had the same distribution, since different nodes were assessed with different 

scales. Because non-positive definite matrices can result in densely connected networks that 

may include false positives and unexpected negative edges (Epskamp & Fried, 2018), we 

verified that our correlation matrix was positive definite, thereby confirming that nodes were 

not a linear combination of one another. Finally, we investigated whether any of the nodes 

were redundant or highly overlapping in content: we sought whether any nodes had high 

intercollinearity (i.e., r > .50) and similar correlations with other variables (i.e., only 25% of 

correlations significantly differing for a specific pair of nodes). To this end, we followed 

previous research (e.g., Bernstein, Heeren, et al., 2019) and implemented the Hittner method 

for comparing dependent correlations (Hittner et al., 2003) via the goldbricker function from 

the networktools package (Jones, 2018). We did not identify any redundant nodes.  

Graphical Gaussian Model  

We used the Graphical Gaussian Model (GGM) to investigate how the features of parental 

burnout and parental violence and neglect interact in a network system. We regularized the 

GGM via the LASSO (Least Absolute Shrinkage and Selection Operator) algorithm. The 

LASSO algorithm computes regularized partial correlations between each pair of nodes and 

thus limits the number of spurious edges due to associations with other nodes. It also shrinks 

small trivial associations (edges) to zero, thereby minimizing false positive edges and leaving a 

network with only strong edges (Friedman, Hastie, & Tibshirani, 2014). 

We used the qgraph package to implement LASSO regularization together with the 

Extended Bayesian Information Criterion (EBIC) model selection (Foygel & Drton, 2011), 

which together have been shown to result in networks with high specificity (Epskamp & Fried, 

2018). This procedure generates 100 models with varying degrees of sparsity, and the model 

with the lowest EBIC value is selected as the final model, given a specific hyperparameter (). 

This hyperparameter  determines the balance between including false-positive edges and 

excluding true edges. The hyperparameter  is typically set between 0 and 0.5: a hyperparameter 

closer to 0.5 results in the EBIC favoring a simpler model with fewer edges, while setting the 

value for  closer to 0 leads the EBIC to favor models with more edges. To ensure that the edges 

in our network are true, we set this hyperparameter () to 0.5, as recommended by simulation 

(Epskamp & Fried, 2018). We estimated the stability of the edges using bootstrapped 

confidence intervals for each edge by generating 1,000 bootstrapped samples via the bootnet 

package (Epskamp & Fried, 2018). 

To assess the importance of each node to the network, we computed the expected 

influence centrality of each node. Expected influence is the absolute sum of negative and 

positive edge weights connected to a particular node. Higher expected influence values signify 

greater centrality and importance in the network. We used the case-dropping subset bootstrap 

framework (Epskamp, Borsboom, et al., 2018) to evaluate the stability of centrality estimates. 

In this framework, the centrality estimates are assumed to be stable if they remain the same or 
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highly similar even after dropping a certain number of cases or nodes (Costenbader & Valente, 

2003). We measured the central stability coefficient (CS-coefficient) to quantify the centrality 

stability (Epskamp, Borsboom, et al., 2018).  

Lastly, we investigated whether the features of parental burnout and parental neglect and 

violence cohere as a network system, or whether they cluster within subnetworks (e.g., one 

community with parental burnout features and another community with parental neglect and 

violence). Following previous research, we implemented the spinglass algorithm (Reichardt & 

Bornholdt, 2006), a community detection procedure suited for relatively small networks with 

positive and negative edge-weight values (e.g., Traag & Bruggeman, 2009). We used the 

spinglass.community function of igraph to run the algorithm (Csardi & Nepusz, 2006). We also 

investigated the presence of bridge nodes, or nodes that connect one community to another. 

We did so by computing the bridge expected influence of each node, that is, the absolute sum 

of positive and negative edge weights connecting a given node to all nodes in the other 

community or communities. These ‘bridge’ nodes are theorized to have clinical significance 

(Jones et al., 2019), since they could, for example, trigger an activation from one cluster of 

nodes (e.g., of parental features) to another cluster of nodes (e.g., of parental neglect and 

violence). 

Directed Acyclic Graph  

Finally, we computed the DAG by implementing the Bayesian hill-climbing algorithm 

via the bnlearn package (Scutari, 2010). This algorithm computes different combinations of 

edges (i.e., adding, removing, and reversing their direction) and finds the best fitting model 

according to a goodness-of-fit target score (i.e., the Bayesian Information Criterion, or BIC). 

This iterative procedure is randomly restarted with different possible edges and node pairs, 

random restarts (to avoid local maxima), and system perturbations (i.e., adding, removing, or 

reversing an edge), and eventually yields the best fitting network according to this iterative 

process. We set the parameters to 50 random restarts and 100 perturbations, following previous 

research (Bernstein, Heeren, et al., 2019; McNally, Heeren, et al., 2017).  

To check the stability of the DAG, we bootstrapped 10,000 samples (with replacement) 

and averaged across the networks resulting from these bootstrapped samples. In a first step, 

represented in one figure, we determined the frequency of a particular edge’s presence in the 

bootstrapped networks. Then we set a criterion according to the optimal cut-point method of 

Scutari and Nagajaran (2013) for edge retention. In the second step, represented in a second 

figure, we ensured that the directions of each remaining edge were reliable in the 10,000 

bootstrapped networks. Following the recommendations of Scutari and Nagajaran (2013), if 

an edge pointed from one node to another in 51% of the bootstrapped networks at minimum, 

we included that directed edge in the final network. Of note, very thin edges (closer to 50%) 

were nearly equally likely to point in either direction, and so they might represent bidirectional 

processes (McNally, Heeren, et al., 2017). 



 Appendix A | 245 

A.3 Results 

Descriptive statistics (i.e., mean, standard deviation, skewness, and kurtosis) of the four 

features of parental burnout and parental neglect and violence (before the nonparanormal 

transformation) can be found in the supplementary materials. Pearson product-moment 

correlations between parental burnout and parental neglect and violence variables after the 

variables were nonparanormally transformed were comparable in size to the previous studies 

by Blanchard et al. (2021), varying between .37 and .47 depending on the parental burnout 

subscale considered (see Figure S1 in the online supplementary materials: https://osf.io/n74ah).  

 

Figure S1. Pearson Product-moment Correlation Plot for All Variables after 
Nonparanormal Transformation 

Note: Exhaustion = Emotional Exhaustion; FedUp = Feelings of being fed up; Distance = Emotional 
Distance; Contrast = Contrast with the previous parental self; Neglect = Parental neglect toward 
child(ren); Violence = Parental violence toward child(ren). 

Graphical Gaussian Model  

The resulting GGM network (regularized with graphical LASSO) is represented in Figure 

S2. Each node represents a variable, and the edges between nodes represent the regularized 

partial correlations between variables. There were no negative correlations, as all edges are 

colored in green. Several aspects of the network stand out. First, the largest edge weight 

connects exhaustion and feeling fed up, with an edge weight of r = .62. Second, all other edges 

are much smaller, with the second-largest edge weight, connecting contrast and emotional 

distance, having an edge weight of only r =.27. We conducted nonparametric bootstrapping 

and edge-weight difference tests to assess the stability and accuracy of each edge (see the online 

supplementary materials: https://osf.io/n74ah) and we concluded that the edge weights are 

stable: confidence intervals around each edge were small, and large edges significantly differed 

from smaller ones.   

https://osf.io/n74ah
https://osf.io/n74ah
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Figure S2. Graphical Gaussian Model structured with Graphical LASSO Algorithm 

Note: The edge thickness represents the magnitude of regularized partial correlations, thicker edge 
implying higher partial correlation. Green edges denote positive regularized partial correlations. The 
different shades/colors represent different communities, as determined by the Spinglass algorithm. 
Exhaustion = Emotional Exhaustion; FedUp = Feelings of being fed up; Distance = Emotional Distance; 
Contrast = Contrast with the previous parental self; Neglect = Parental neglect toward child(ren); 
Violence = Parental violence toward child(ren) 

Next, we computed expected influence centrality. As can be seen in Figure S3A, feeling 

fed up had the highest expected influence, followed by exhaustion, and then by emotional 

distance and contrast with the previous parental self. 

To determine the subcommunities within the network, we used the Spinglass algorithm. 

The algorithm detected two subcommunities: a first community including the four parental 

burnout features (i.e., exhaustion, feeling fed up, emotional distance, and contrast with the 

previous parental self), and a second community encompassing parental neglect and parental 

violence toward the child(ren). Nodes with the highest bridge expected influence were 

parental violence and parental neglect as well as emotional distance (see Figure S3B). Both 

expected influence and bridge expected influence values were considerably stable, according 

to the case-dropping bootstrapping method (see online supplementary materials: 

https://osf.io/n74ah).  

https://osf.io/n74ah
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Figure S3. Expected Influence and Bridge Expected Influence of Each Node 

Note: Exhaustion = Emotional Exhaustion; FedUp = Feelings of being fed up; Distance = Emotional 
Distance; Contrast = Contrast with the previous parental self; Neglect = Parental neglect toward 
child(ren); Violence = Parental violence toward child(ren) 

Directed Acyclic Graph 

The DAGs that result from the average of 10,000 bootstrapped networks can be seen in 

Figure S4A and S4B, each representing one step in generating the DAG (first, in Figure S4A, 

the presence of edges; second, in Figure S4B, their direction). Figure S4A thus reveals the 

importance of each edge to the network system, illustrating which edges are most likely to 

connect the different nodes. Thicker edges are more important for model fit (McNally, 2016), 

as edge thickness specifically represents the change in Bayesian Information Criterion (BIC, 

measuring a model’s relative goodness-of-fit to the data) when that edge is taken out of the 

model. The edge connecting exhaustion and feeling fed up is the thickest, and thus the most 

important edge. The edges that connect exhaustion to contrast as well as feeling fed up to 

contrast also appear crucial for the network structure.  

The edges in Figure S4B illustrate directional probabilities: a thicker edge represents an 

edge that was directed from node X to node Y in a greater proportion of the 10,000 

bootstrapped networks. All of the edges in Figure S4B have similar low directional 

probabilities (see online supplementary materials: https://osf.io/n74ah). The two thickest edges 

are pointed from exhaustion to distance with a directional probability of .58 (i.e., in 5,800 of 

the 10,000 bootstrapped networks, the edge pointed in this direction) and from feeling fed up 

to violence.  

 

https://osf.io/n74ah
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Figure S4. Directed Acyclic Graphs 

Note: Panel A (presence of edges): the thickness of the edges denotes the importance of the edge for 
the model fit, specifically, high edge thickness implies bigger change in the Bayesian Information 
Criterion (a model’s relative goodness-of-fit for the data) when the edge is excluded from the model. 
Panel B (direction of edges): demonstrates directional probabilities of the edges, a thicker edge 
implying that it was directed in the represented fashion in a greater proportion of the 10,000 
bootstrapped networks. Exhaustion = Emotional Exhaustion; FedUp = Feelings of being fed up; 
Distance = Emotional Distance; Contrast = Contrast with the previous parental self; Neglect = Parental 
neglect toward child(ren); Violence = Parental violence toward child(ren) 

As for the DAG’s structure, exhaustion appears at the top of the network and directly 

influences the other features of parental burnout. Together with exhaustion, feelings of being 

fed up contributes to contrast with the previous parental self; and contrast directly influences 

emotional distance. Regarding parents’ detrimental behaviors, violence is influenced by 

contrast, feeling fed up, and neglect. Interestingly, the R package bnlearn prompted a warning 

that there is likely an edge pointing from distance to parental neglect; however, it was not 

included in the graph as it would introduce a feedback loop.  

Complementary Analyses  

We wanted to see whether there were differences between mothers and fathers in terms 

of how parental burnout features interact with one another and with parental neglect and 

violence. To do so, we compared the GGM network structure of mothers (N = 2725) and fathers 

(N = 416), using the Network Comparison Test (van Borkulo et al., 2017). We found no 

significant differences in the connectivity, structure, or edge weights of these two networks.  

In addition, since commentators have argued that conclusions about node centrality 

might be distorted when variables have drastically different variances (i.e., differential 
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variability; Terluin et al., 2016), we computed the correlations between the standard deviation 

and the centrality estimates of each variable. Standard deviations were correlated with both 

expected influence, r = .91, t(4) = 4.54, p = 0.01, as well as with bridge expected influence, r = -

.89, t(4) = -5.06, p = 0.015.   

A.4 Discussion 

In this study, we aimed to investigate how the features of parental burnout in its new 

conceptualization interact with each other and with parental neglect and violence through the 

lens of network analysis. To this end, we used undirected and directed network models: a GGM 

and a DAG.  

Considering the results of both network models, exhaustion and feeling fed up and their 

relationship appear crucial for propagating activation in the network structure since 1) in both 

the GGM and the DAG, the strongest link is between these two variables, 2) feeling fed up has 

the strongest expected influence estimate (i.e., is most strongly connected to other nodes in the 

network), followed by exhaustion. The exhaustion component refers to being overwhelmed 

and fatigued by parenting-related tasks (e.g., I find it exhausting just thinking of everything I have 

to do for my child(ren)), while feeling fed up can be conceptualized as a reflection of high levels 

of exhaustion on parents’ general affective experiences when parenting (e.g., I can’t take being 

a parent anymore). Thus, it theoretically makes sense that being exhausted is often accompanied 

by feeling fed up.  

In line with their theoretical distinction, parental burnout features and parents’ harmful 

behaviors formed two distinct communities. The nodes that potentially connect these two 

communities, as indicated by high bridge expected influence values, are emotional distance 

and parental neglect and violence; these nodes, therefore, are likely to shift activation from one 

community (i.e., parental burnout) to another (i.e., parental maltreatment). This finding also 

aligns with the fact that emotional distance is the only node that has direct connections to all 

other nodes in the GGM.  

Regarding the DAG representing the directional probabilities, the thickest edges pointed 

from exhaustion to distance and from feeling fed up to parental violence. However, the 

directional probabilities were all quite low (ranging between .59 to .51; see online 

supplementary materials: https://osf.io/n74ah), thus likely indicating bidirectionality—that is, 

the edges could be pointing from either node to the other. For instance, the directional 

probability of the edge directed from contrast to distance was .52, suggesting that emotional 

distance towards one’s child(ren) can lead to a sense of contrast with the previous parental self 

as well as vice versa. Moreover, when computing the DAG, the R package bnlearn generated a 

message that an edge from emotional distance to parental neglect was also likely but not 

included in the graph, as it would introduce feedback loops to the DAG, which is constrained 

(as its name indicates) to be acyclic. This implies that parental neglect and emotional distancing 

might be reinforcing each other. These results together appear to be in line with family systems 

https://osf.io/n74ah
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theory, which holds that an individual’s cognitions and behaviors are embedded within a 

family context with all individuals influencing one another (Bavelas & Segal, 1982). If a parent 

feels emotionally distant from their children, this can feed into a vicious circle that involves 

neglect or violence towards children. Indeed, between the likely bidirectionality of most edges 

in the DAG and the likely presence of feedback loops, it appears that for this specific dataset, a 

DAG is not optimal to model the relationship between variables. Instead, to be able to model 

and disentangle the bidirectional relationships between variables, other methods, such as 

measuring the variables over time and visualizing their connections in a temporal network, are 

necessary next steps.  

Interestingly, these findings do not overall align with the results of the previous network 

analysis (Blanchard et al., 2021). In Blanchard et al. (2021), the driving force of the network 

was emotional distance in both the GGM and DAG models; here, however, feeling fed up and 

exhaustion seem to be the most important nodes for driving the system. This could be due to 

the differences in the conceptualization and measurement of parental burnout, as Blanchard 

et al. (2021) used the previous conceptualization of parental burnout, the Parental Burnout 

Inventory (Roskam et al., 2017). In the new conceptualization of parental burnout, the PBA 

(which was developed through an inductive qualitative approach from the experiences of 

parents), “feeling fed up” emphasizes the emotional component as opposed to the functional 

aspects of parental burnout (i.e., inefficacy in parenting) in the previous conceptualization. 

Contrast with the previous parental self is also a new addition focusing on the affective 

experiences of parents – that is, feelings of guilt and shame that arise from parents’ discrepancy 

between previous and current parental self. Our results, which highlight the key role of 

emotional exhaustion, support the Risks and Resources Theory of parental burnout which 

considers exhaustion as the starting point and a very important feature of parental burnout 

(Mikolajczak & Roskam, 2018). According to this framework, a chronic imbalance between 

parenting risks (e.g., lack of partner support, poor coping strategies) and parenting resources 

gives rise to emotional and physical exhaustion which, in turn, initializes a cascade of negative 

thoughts and feelings towards one’s self as a parent and one’s child(ren). Both the results from 

this article and the theoretical framework for parental burnout therefore pinpoint emotional 

exhaustion as key to the development of parental burnout. Moreover, our results draw 

attention to the strong connection between exhaustion and lack of joy and fulfillment in 

parenting (i.e., feeling fed up) as central to the burnout experience. When viewed from a 

network perspective, which assumes that turning off a central node via targeted treatments can 

downgrade activation throughout the network (McNally, 2016), a critical next step should be 

to examine whether efforts to lessen parents’ emotional exhaustion, perhaps via identifying 

and eliminating parenting risks and increasing internal and external resources, could lead to 

improvements in the entire parenting network system.  

Although emotional exhaustion was central to the network system in the present article, 

a divergence from the only previous network study of parental burnout (Blanchard et al., 

2021), there are also several aspects that overlap with this previous network study. Of note, 

emotional distance still seems to be a key feature that connects parental burnout with parental 
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neglect and violence. Indeed, emotional distance had the highest bridge expected influence 

estimate among parental burnout features. Nodes with high bridge centrality are thought to 

shift activation from one community (here: parental burnout features) to another (parental 

maltreatment), increasing the likelihood of the latter occurring (Jones et al., 2019). Better 

understanding the role emotional distance plays within the parental burnout system, and 

potentially targeting it in interventions, therefore seems critical for preventing or eliminating 

parental neglect and violence.  

Despite its strengths, this study had several limitations. First, our sample consisted of only 

French-speaking parents, which restricts the generalizability of the results, especially as there 

are different parenting styles typical to different cultures (Bornstein, 2012). For example, 

parents in Euro-American countries have intensifying parenting norms (Roskam et al., 2021), 

with representations of a “good parent” involving parents who are always warm and positive 

(with less focus placed on parenting discipline, firmness, or rules; Dupont et al., 2022). These 

high societal standards for parenting can pressure parents to reach for difficult or unattainable 

goals, which can lead to parental exhaustion (Kawamoto et al., 2018; Sorkkila & Aunola, 2020). 

Other cultures that have different representations of a “good parent,” or indeed different goals 

when raising a child, might exert less pressure on parents, and thereby less exhaustion 

(Bornstein, 2012). This could, for example, lead to a different relationship between parenting 

exhaustion and feeling fed up (currently the thickest edge in both networks). In addition, 

recent studies indicate that the rates of parental burnout vary significantly between cultures, 

particularly relating to individualism (Roskam et al., 2021). In addition, recent studies indicate 

that parenting and parental burnout vary significantly between cultures, particularly relating 

to individualism (Roskam et al., 2021). However, the effect-size of parental burnout on 

parental violence and neglect appears quite consistent across countries (see Mikolajczak et al., 

2019 [Study 1, Study 2], and Szczygieł et al., 2020 for correlations in Belgium, the UK, and 

Poland, respectively). Nonetheless, we encourage future studies to investigate the interactions 

between parental burnout features and related harmful behaviors in different cultures. Second, 

as in most research on parental burnout, our sample mainly included mothers (86.7%). 

Although we did not find any differences between the network structure of mothers versus 

fathers, it would nonetheless be useful for future research to also investigate these questions 

with samples focusing on fathers. Third, the Cronbach’s alphas of the short forms of the 

parental neglect and parental violence questionnaires were low (0.62 and 0.57, respectively). 

Thus, future research should consider using other measures with higher reliability for parental 

neglect and violence, or at least the longer forms of these questionnaires. Fourth, we found 

that both the expected influence and bridge expected influence of nodes were correlated with 

the standard deviations of nodes. This implies that these estimates of node centrality could be 

distorted by the variables having differential variability (although the variables do not have 

drastically different standard deviations; see online supplementary materials: 

https://osf.io/n74ah). Of note, since parental neglect and parental violence had high kurtosis 

values (see online supplementary materials: https://osf.io/n74ah), these two variables might be 

driving this differential variability issue. On the other hand, it is not surprising that these 

variables are highly skewed in a large, unselected sample. The interpretation of node centrality 

https://osf.io/n74ah
https://osf.io/n74ah
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is generally under scrutiny with the psychological network literature (Bringmann et al., 2019) 

and as such the discussion of centrality for the GGM presented in this manuscript must 

therefore also be understood with caution.  

Conclusion 

The findings of this cross-sectional study pinpoint emotional exhaustion as the driving 

force of the network structure of parental burnout and parental neglect and violence, with 

feeling fed up also playing an influential role. This result aligns with the Risks and Resources 

theory of parental burnout (Mikolajczak & Roskam, 2018), which considers exhaustion as the 

feature that first arises as the risks outweigh the resources of the parent. Emotional distance, 

on the other hand, emerges as a critical feature of parental burnout which is closely linked to 

parental neglect and violence, thus requiring special attention for preventing and intervening 

on these detrimental behaviors. As our results suggest, parental burnout and related harmful 

behaviors seem to occur in a vicious circle with potential bidirectional associations between 

many variables.  Thus, future research on the temporal dynamics of these relationships is going 

to be a critical next step.



 

Appendix B: 
Supplementary Materials from Chapter 4 

These supplementary materials can also be found at: https://osf.io/q56sn. 

Further participant information 

In the initial study (Mikolajczak, Brianda, et al., 2018), parents were informed about the 

questionnaire through social media, websites, schools, pediatricians, and word of mouth. To 

avoid (self-)selection bias, the questionnaire was presented as a study regarding “parental well-

being and exhaustion,” and not parental burnout. The initial study (i.e., Mikolajczak, Brianda, 

et al., 2018) concerned how individual parents perceived their own parenting, their 

relationship with their co-parent, and their behavior toward their children and was not 

designed as a dyadic study.   

Sample size, power, and network analyses 

Methods to estimate power a priori for a network analysis are largely unknown (especially 

when there is no knowledge regarding the likely structure of the network; Epskamp, 

Borsboom, et al., 2017). However, a general rule of thumb adopted from structural equation 

modeling is to include at least 10 participants per free parameter (Schreiber et al., 2006). Our 

eight-node network includes 36 parameters estimating (Epskamp, Kruis, et al., 2017), yielding 

a minimum sample size of 360, which our study far surpasses with a sample size of 1551. In 

addition, post-hoc estimations of stability are possible, including building bootstrapped 

confidence intervals around edge-weights and case-dropping bootstraps to assess the stability 

of centrality estimates. As we discuss below, these post-hoc stability assessments support that 

our edge-weights and centrality estimates are stable. 

Use of nonparanormal transformed variables (vs. raw data) for 
correlation matrix 

We present the correlation table of nonparanormal-transformed variables and not of the 

original raw data, since the raw data is non-normal, skewed and kurtotic, making it 

inappropriate for use with Pearson correlations. Since we present the correlation table to 

complement the Gaussian graphical model (based on linear relationships), we also did not 

want to use Spearman correlations with the raw data, since even though they are appropriate 

with non-normal data, they are based on monotonic relationships which are not relevant to 

network analyses. However, the Spearman correlation matrix of raw data is very similar to the 

one presented here. 

https://osf.io/q56sn
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Edge weights accuracy 

To estimate the accuracy of the edges in the Graphical Gaussian Model (GGM), we used 

the R bootnet package (Epskamp, Borsboom, et al., 2017) to compute the bootstrapped 

confidence intervals for each edge. This was done using a non-parametric approach, with 1000 

bootstrapped samples sampled with replacement. Figure S5 shows that the edges appear stable, 

with relatively small confidence intervals. Figure S6 portrays the results of the bootstrapped 

difference test, which suggests that the strongest edges are significantly different from weaker 

edges.  

 

Figure S5. Bootstrapped Confidence Intervals of Estimated Weights for the 
Graphical Gaussian Model 

Note. The red line indicates the values from the original sample, while the dark line indicates the mean 
bootstrapped values. The gray area indicates the 95% confidence intervals.  

 

Figure S6. Bootstrapped Difference Tests (α = 0.05) Between Non-zero Edge 
Weights in the Estimated Network   

Note. Black boxes denote edges that significantly differ from one another, while gray boxes indicate 
edges that do not. Colored boxes indicate the weight of that edge, with a darker color indicating a 

edge
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larger weight. Exhaustion = Emotional exhaustion; Distance = Emotional distance; Inefficacy = Loss of 
parental accomplishment and efficacy; Neglect = Neglectful behaviors toward children; Violence = 
Violent behaviors toward children; PartEstrang = Partner estrangement; PartConfl = Conflicts with 
partner.  

Stability of centrality and bridge centrality metrics 

To assess the stability of the centrality and bridge centrality metrics, we implemented a 

person-dropping subset bootstrap procedure (Costenbader & Valente, 2003). This involves 

computing centrality metrics for the original dataset and correlating these to centrality indices 

from bootstrapped subset datasets; if dropping a few cases leads to much lower correlations, 

then the centrality metrics are likely not stable (Epskamp, Borsboom, et al., 2017). Figure S7 

reveals that the centrality metrics for the present study are stable.  

We also quantified the stability of centrality metrics using the centrality stability 

correlation coefficient (CS-coefficient), which represents the maximum proportion of 

participants that can be dropped while maintaining 95% probability that the correlation 

between centrality metrics from the original dataset and the subset data set equal at least .70. 

CS-coefficients above .25, and preferably above .50, are recommended, based on simulations 

(Epskamp, Borsboom, et al., 2017). For the present study, the CS-coefficient for expected 

influence was 0.75, while the CS-coefficient for bridge expected influence was 0.67, meaning 

that we can be confident in our interpretations of these centrality metrics.  

 

Figure S7. Average Correlations Between Centrality Indices (i.e., Expected Influence 
and Bridge Expected Influence) of the Original Network and Network with Persons 

Dropped 

We also conducted a bootstrap difference test to investigate whether nodes significantly 

differ from one another between one another in terms of expected influence (see Figure S8) 

and bridge expected influence values (see Figure S9). 
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Figure S8. Bootstrapped Difference Tests Between the Expected Influence of Nodes 

Note. Black boxes denote edges that significantly differ from one another, while gray boxes indicate 
edges that do not. Exhaustion = Emotional exhaustion; Distance = Emotional distance; Inefficacy = Loss 
of parental accomplishment and efficacy; Neglect = Neglectful behaviors toward children; Violence = 
Violent behaviors toward children; PartEstrang = Partner estrangement; PartConfl = Conflicts with 
partner.  

 
Figure S9. Bootstrapped Difference Tests Between the Bridge Expected Influence of 

Nodes 

Note. Black boxes denote edges that significantly differ from one another, while gray boxes indicate 
edges that do not. Exhaustion = Emotional exhaustion; Distance = Emotional distance; Inefficacy = Loss 
of parental accomplishment and efficacy; Neglect = Neglectful behaviors toward children; Violence = 
Violent behaviors toward children; PartEstrang = Partner estrangement; PartConfl = Conflicts with 
partner.  
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Differential variability 

Recent commentators have argued that differential variability—that is, the phenomenon 

that variables have drastically different variances—may distort conclusions about node 

centrality (e.g., Fried, 2016; Terluin et al., 2016). We therefore computed the correlations 

between the standard deviation and the centrality estimate for each variable, to test whether 

there is an association between a node’s importance within the network and its variability. 

Both the two-tailed Pearson correlations between standard deviation and expected influence, 

r(5) = .35, p = .45, as well as with bridge expected influence, r(5) = .13, p = .77, were non-

significant. This suggests that in the present study, differential variability does not influence 

the interpretation of expected influence and bridge expected influence.  

Exact edge weight values for the DAGs in Figure 5 

The exact values that determine edge thickness in Figure 8 (in Chapter 4) can be found in 

Table S2. This include change-in-BIC (i.e., how the model fit criterion changes if the specified 

edge is removed) for Figure 8A and directional probability (i.e. the frequency the edge was 

present in its current direction in the 10,000 bootstrapped networks) in Figure 8B. 

Table S2. Edge Weight Values in the Directed Acyclic Graphs 

Edge in Directed Acyclic Graph  Value determining edge thickness 

From To  BIC 
Directional 

Probability 

Exhaustion Violence  -29.57 0.81 

Exhaustion Partner Conflict  -24.10 0.70 

Distance Exhaustion  -338.29 0.53 

Distance Inefficacy  -140.54 0.69 

Distance Neglect  -167.37 0.74 

Distance Violence  -44.45 0.82 

Inefficacy Violence  -31.50 0.507 

Neglect Partner Estrangement  -47.85 0.67 

Violence Neglect  -120.07 0.54 

Violence Partner Conflict  -38.21 0.54 

Partner Conflict Partner Estrangement  -140.15 0.70 

Note. BIC = change in Bayesian Information Criterion when that edge is removed from the network. BIC 
values determine edge thickness in Figure 8A (reflecting the importance of that edge to the network 
structure). For the BIC values, negative values correspond to decreases in the network score that would 
be caused by the edge’s removal, whereas positive values correspond to increases in the network score 
that would be caused by the edge’s removal. In other words, negative scores mean that model fit 
improves with the presence of that edge. Directional probability values determine edge thickness in 
Figure 8B (reflecting the frequency that edge was present in that direction in the 10,000 bootstrapped 
networks).  
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Comparing networks based on parents’ gender and number of 
children 

Theoretically, it is possible that network structure and strength differ based on the gender 

of the parent or family composition. We thus followed previous studies in the field and tested 

whether our results depended on the gender of the parent (father vs. mother) or the number 

of children (one, two, or three or more children). To do so, we used the Network Comparison 

Test (van Borkulo et al., 2023)—i.e., a permutation test assessing the difference between 

networks based on three invariance measures (i.e., network structure invariance, global 

strength invariance, edge invariance). For a more detailed explanation and example of how the 

network comparison test operates, see van Borkulo et al. (2023). When testing for differences 

between edges, we corrected for multiple comparisons within each network comparison test 

using Bonferroni corrections. When comparing the global strength and network structure 

having one, two or three and up children, we corrected for multiple comparisons using 

Bonferroni corrections.  We only used network comparison tests to compare GGMs, as this 

test is suitable for GGMs but not for Bayesian networks.  

There was no evidence for a difference in the global strength (p = .77), network structure 

(p = .47) or edges (see Table S2) of the networks of mothers compared to fathers. There was 

also no difference in global strength or network structure when comparing one vs. two 

children (strength: p = .84; structure: p = .051), two vs. three and up children (strength: p = 1.0; 

structure: p = .23), or one vs. three and up children (strength: p = .33; structure: p = 1.0). There 

was no evidence of a significant difference between edges of compared networks, with the 

exception of the node connecting neglect and partner estrangement for parents with one child 

vs. parents with two children (see Table S3). The network for parents with one child does not 

include an edge between neglect and partner estrangement, whereas the network for parents 

with two children, as well as the network for parents with three or more children, but do 

include this edge. One potential explanation for this could have to do with the length of time 

the parents have been together (with neglect more likely to be associated with partner 

estrangement the longer the parents had been together), but the original dataset did not 

include data on this variable so we cannot investigate further.  
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Table S3. Multiple-Comparison-Adjusted P-values of the Tests for the Presence of 
Every Edge in the Networks Compared Between Sub-samples of Mothers vs. Fathers 

and Being a Parent of One vs. Two vs. Three and More Children 

Edges p 

Node 1 Node 2 
Mothers 

vs Fathers 

1 vs 2 

children 

2 vs 3+ 

children 

1 vs 3+ 

children 

Exhaustion Distance 1 1 1 1 

Exhaustion Inefficacy 1 1 1 1 

Distance Inefficacy 1 1 1 1 

Exhaustion Neglect 1 1 1 1 

Distance Neglect 1 1 1 1 

Inefficacy Neglect 1 0.82 0.58 1 

Exhaustion Violence 1 1 1 1 

Distance Violence 1 1 1 1 

Inefficacy Violence 1 1 0.60 1 

Neglect Violence 1 1 0.16 1 

Exhaustion Partner Estrangement 1 1 1 1 

Distance Partner Estrangement 1 1 1 1 

Inefficacy Partner Estrangement 1 1 1 1 

Neglect Partner Estrangement 1 0.02 1 1 

Violence Partner Estrangement 1 1 1 0.61 

Exhaustion Partner Conflict 1 1 1 1 

Distance Partner Conflict 1 1 1 1 

Inefficacy Partner Conflict 1 1 1 1 

Neglect Partner Conflict 1 1 1 1 

Violence Partner Conflict 0.68 1 1 1 

Partner 

Estrangement 
Partner Conflict 1 1 1 1 





 

Appendix C: 
Supplementary Materials from Chapter 5 

These supplementary materials can also be found at: https://osf.io/gswq7. 

C.1 Rationale for Technical Details of ESM 

 Single-Item Measure  

ESM questionnaires need to be exceptionally brief to reduce the burden on participants 

as much as possible and limit their fatigue (Myin‐Germeys et al., 2018; Robins et al., 2001; 

Varese et al., 2019). Single-item measures are one way to help limit the length of ESM 

questionnaires, while also reducing redundancy between items, which often leads to boredom 

and annoyance among participants (Robins et al., 2001; Wanous et al., 1997). Measuring a 

construct with multiple items is meant to help minimize measurement error, but it will only 

reduce random measurement error, while asking iterations of the same item will likely 

compound any systematic errors (Robins et al., 2001). Although it is more difficult to estimate 

the reliability of single-item measures, they have been recommended for use when studying a 

straightforward unidimensional construct, such as job satisfaction (Wanous et al., 1997), life 

satisfaction (Jovanović & Lazić, 2020), relationship satisfaction (Fülöp et al., 2022) subjective 

well-being, self-esteem, and relationships (Robins et al., 2001). They are particularly beneficial 

when situational constraints or practical considerations limit the use of longer scales, as with 

ESM measures (Fülöp et al., 2022; Gabriel et al., 2019; Wanous et al., 1997). This is especially 

true when asking busy parents to fill out ESM measures over a long period of time, and even 

more so for exhausted parents experiencing parental burnout. 

Daily Interval  

We chose to assess ESM items daily, as one previous study found that parenting 

exhaustion fluctuated on a daily basis (Gillis & Roskam, 2020). Moreover, a daily time frame 

seems correct to assess fluctuations in parenting behavior and family context. Parenting-related 

variables likely follow a daily routine, and assessing behaviors more commonly would be 

difficult for parents (especially as many parents, due to schooling or work obligations, do not 

see their children throughout the day, but only in the morning and evening). On the other 

hand, a more infrequent sampling period (e.g., on a two-day or weekly basis) would likely miss 

essential fluctuations. Moreover, a daily sampling frame has been reported as highly intuitive 

and easy to implement for participants (Zimmermann et al., 2019). 

Continuous Scale   

https://osf.io/gswq7
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Following previous research (e.g., Aalbers et al., 2019), and to allow participant responses 

to have sufficient variability, we assessed each ESM item with a slider scale ranging from 0 (not 

at all) to 100 (absolutely). 

C.2 ESM question development 

Examples of item changes 

First, when we asked parents for their comments on item phrasing during the 

development of the items, parents gave useful feedback. For example, to assess children’s 

behavior in a manner that was generally applicable to any child, one item read: “Today, my 

child(ren) were noisy.” A parent noted that children could engage in behaviors that were 

difficult for the parent but not necessarily noisy, or that children could be mute or quiet and 

not often make noise.  We adapted this item to read: “Today, my children were wound up.” 

After further discussion, we later further changed this item to be more general: “My children 

were agitated, noisy, or needed a lot of attention.” Based on feedback from parental burnout 

experts, we then changed it to be more applicable to all children (e.g., teenagers can be 

withdrawn and quiet in a way that is difficult for parents): “My children were difficult to 

manage.” 

Second, based on parents' feedback during the pilot, we made a few small wording 

changes to items. For example, the item measuring time spent with kids was originally phrased: 

“Around how many hours did you spend with your children today.” Parents asked whether 

any time spent together counted, or just time spent doing activities, etc. We altered the item 

to be clearer, specifying the hours the parent was close by their child, not counting sleeping 

hours: this would be relatively easy to estimate (unlike hours spent doing activities together), 

and we would also be able to know if, for example, parents and children were both at home 

all day or not. 

Thirdly, the English translations of a few phrases used more precise language than their 

original French formulations, and so we adapted the French items to reflect the clearer 

phrasing. For example, we used the word “entourage”—referring to those around or close to 

you— in the French ‘Social Support’ item, but in English, the closest commonly used 

translation of that term is “family and friends.” Since we wanted to ensure that parents did not 

include support they received from hired help (e.g., housekeepers, nannies, paid tutors) in their 

response, and since parents had commented that they were unsure of the exact definition of 

‘entourage’ in the second phase of the data collection, we decided to use the phrase “family 

and friends” in both English and French versions of the Social Support item. We also 

considered that if parents received help from neighbors or others around them in taking care 

of their children, then these people would likely fall within the category “family and friends.” 

These are a few small examples of changes we made to items during the development 

process. To see the full list of changes, see Table online: https://osf.io/46z8x/. 

https://osf.io/46z8x/
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Additional Information about the Back-translation Process 

Two bilingual translators (who were both native American English speakers) 

independently translated from French to English and then discussed the differences to come 

to an agreed-upon English version (with a focus on clarity, unambiguous language and 

terminology used by the targeted population; Myin‐Germeys et al., 2018; Varese et al., 2019). 

A third independent translator (native Belgian French speaker) translated the English items 

back to French. The original and back-translated French items were compared, and were found 

to have no substantive differences in content or meaning. 

C.3 Software: formr 

The researcher can schedule notifications containing the participant’s link to the 

questionnaire via email within formr, or via text messages by connecting to an outside SMS 

gateway or server (formr provides instructions with an example SMS provider here: 

https://github.com/rubenarslan/formr.org/wiki/How-to-send-text-messages-(SMS). The formr 

software views a study as a ‘run’ containing specific modules with different functions (sending 

notifications, administering a questionnaire, skipping forward or backward to a different 

module; for an overview on how formr operates, see https://formr.org/documentation). An 

example of how the (beginning of the) run page looks from a formr administrator account can 

be seen in Figure S10. Questionnaires (or “surveys” in formr terminology) are embedded 

within runs, and they are created and managed through online spreadsheets, rendering them 

easy to share and fostering collaborative work. Surveys and runs in formr are also extensively 

customizable through R code. Although there is a small learning curve to understanding the 

logic of formr (and a larger learning curve when learning to incorporate R code), we found 

that its open-access format and customizability render it worth the effort. We share formr 

templates for our ESM studies (French-language version: https://osf.io/c492m/, and English-

language version: https://osf.io/p95zs/). These are slightly cleaned up versions (code more 

straightforward, etc.); for interested readers, the template for the exact version of the run used 

in the second phase of data collection can be found here: https://osf.io/mjb29/. 

C.4 Additional Information about Data Collections & 
Samples 

There was no overlap between any of the groups of participants (i.e., the group that only 

provided feedback on the phrasing and content of items and the four groups that participated 

in data collection). There were two sets of couples within the seven participants that provided 

phrasing feedback, and one couple that participated in the French-language two-week data 

collection. However, since our focus was not on statistical analyses (other than to examine the 

variance and ICCs of items), but instead on participants’ experience and feedback of the ESM 

study, we do not expect this to affect any of our results or conclusions.  

https://github.com/rubenarslan/formr.org/wiki/How-to-send-text-messages-(SMS)
https://formr.org/documentation
https://osf.io/c492m/
https://osf.io/p95zs/
https://osf.io/mjb29/
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Figure S10. Example of formr study (‘run’) page (Administrator view) 

 

Note. This is the editing screen for a formr run. Further information can be found on formr’s 
documentation page: https://formr.org/documentation 

Pilot sample (n=5, 23 questions, 7 days) 

• This was a first phase of data collection to assess which items yielded insufficient 

variation in participant responses, as well as how parents felt answering the 

items on a daily basis and whether they judged the items as clear, unambiguous, 

and easy to answer.  

• Five parents (three women) were recruited from among the authors’ 

acquaintances to participate; these parents had a mean age of 42.2 (SD = 5.64) 

and a mean of 1.8 children (ages ranging from 1 year to 18 years old). 

• The pilot included 23 questions (3-4 items for each category) because we were 

testing multiple questions per category to narrow them down and see which 

parents thought were good daily questions and which weren’t (see Table S1 for 

the full list of questions: https://osf.io/46z8x/). 

• Administered via Qualtrics, with parents receiving the notifications at 6 PM 

every evening  

https://formr.org/documentation
https://osf.io/46z8x/
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• Did not receive any compensation 

French-language two-week data collection (n=9) 

• These parents had children ranging from 2 to 19, and 11% of parents had at least 

one child under the age of 5 living with them, 56% had at least one child under 

the age of 10  

• We set the ESM survey to expire after five hours; this was done in the settings of 

that specific survey in formr (this was also the case for the later two data 

collections, which were also conducted through formr) 

• Did not receive any compensation 

English-language two-week data collection (n = 23) 

• All participants live in Belgium but their nationality varies (Belgian, American, 

Belgian-American, Canadian, Mexican, etc) 

• 18 of the parents work full-time, 4 work part-time, 2 are on parental leave 

• Everyone has at least a B2 level of English fluency (1 person had a B2 level, 

everyone else has a native or fluent level) 

• Received compensation (15 euros) 

French-language eight-week data collection (n = 50): Briefing 

• With each parent, a researcher (MAB) had a video call briefing session to 

introduce the study, explain how participants would be notified, show how the 

surveys would appear on their phone, etc. Most importantly, the researcher 

when over the ESM item themselves one by one, emphasizing that all responses 

are subjective and pertain specifically to the participant’s daily life; if the parent 

had difficulties answering an item, the researcher would go over their current 

day (or yesterday, if early int the morning) together so that the parent could have 

an in-depth understanding of each item. To this end, we created a formr survey 

with just the ESM questions, to introduce participants during the introductory 

briefing session to how the software operates, as well as for interested readers to 

take a look: https://exempleparent.formr.org/. 

• Received compensation (10 euros if they participated in the study, and an 

additional 25 euros if they completed at least 80% of ESM prompts) 

  

https://exempleparent.formr.org/
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C.5 French-language ESM items 

Table S4. French-language items 

Category Item (version française) 

Emotional Exhaustion Je me suis senti épuisé lorsque je me suis occupé de mes 

enfants. 

Emotional Distance Je me suis senti proche de mes enfants dans 

les bonnes comme les mauvaises circonstances. 

Feeling Fed Up J’ai été dépassé par la gestion de mes enfants. 

Partner Support J’ai reçu de l’aide de mon conjoint dans la gestion de mes 

enfants. 

Partner Conflict Il y a eu des mésententes, des tensions, des disputes dans 

mon couple.  

Kids’ Behavior Mes enfants ont été difficiles à gérer. 

Behavior towards Kids (+) J’ai partagé des moments positifs avec mes enfants.  

Behavior towards Kids (-) J’ai été en colère envers mes enfants. 

Resources J’ai manqué de moyens (par exemple, temps, énergie, 

ressources matérielles) pour m’occuper de mes enfants. 

Social Support J’ai reçu de l’aide de mes amis et de ma famille (autre que 

mon conjoint) pour m’occuper de mes enfants. 

Time with Kids Environ combien d'heures avez-vous passées (en dehors des 

heures du sommeil) à proximité avec vos enfants aujourd'hui 

? 

C.6 More information on Qualitative Participant Feedback 

Initial Piloting during Item Development 

Several parents found it difficult to answer the questionnaire between 6 PM and 8 PM, 

since this was the busiest time of their day with their children. Parents reported that the 

questionnaire was not at all a burden, especially if they would have been able to respond when 

they were getting ready for bed instead of earlier in the evening. They found no difficulties 

balancing their family or work life with participating in the study, and they appreciated the 

notifications to send out the questionnaires. Notifications for this pilot were sent out by email, 

and half the parents preferred email, while the other half said they would have preferred text 

message notifications. Parents reported that they appreciated participating in the study, 

especially as it allowed them to evaluate their emotional state and their day with the children 

each evening; one parent specifically wrote that the items allowed her to give more attention 

to the quality of time they spent with their children. Parents found it straightforward to 

mentally relive their day in order to respond to the questions. Multiple parents reported that 

the questions were redundant and repetitive (this data collection contained 3-4 items per 

category). 
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French-language Two-week Data Collection 

Three parents mentioned that some of the questions might not be optimally suited for 

parents with older children who were more independent, since the parents would do less active 

caretaking. Parents did not report any emotional difficulties, annoyance, or burden in 

answering the daily questions; the one exception was a parent with a son in university, who 

felt the questionnaire was not applicable to her life. Two parents asked for definitions for 

specific terms (e.g., “difficult to manage” or “getting angry”), as they said these terms could 

vastly differ from family to family (we later included explanations in the briefing; either a 

recorded video briefing as in the English-language two-week data collection, or a face-to-face 

video call briefing in the French-language eight-week data collection). Some parents suggested 

slight changes to the phrasing of a few items to improve their clarity; we incorporated some of 

these to arrive at the final iteration of the items as reported in Table 5 (for details on changes, 

see https://osf.io/46z8x/). 

English-language Two-week Data Collection 

One parent mentioned they had older children and so the question about outside help 

was less relevant. Another mentioned the questions were quite focused on negative 

experiences. 

https://osf.io/46z8x/
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C.7 Mean daily response and standard deviation for each 
sample (figures) 

 

Figure S11. Mean Daily Responses for Each ESM Item (Pilot, with 23 questions) with 
SD Error Bars 

Note. The ESM items were assessed with a slider from 0 to 100; the light gray space in each figure 
represents numbers not included in the responses but included to show the full range of each 
response’s standard deviation. The items assessed can be found here: https://osf.io/46z8x/. ESM = 
experience sampling methodology; exh = emotional exhaustion; dis = distance; Fed = feeling fed up; 
copar = partner relationship; kid = children’s behavior; bx = behavior toward children; res = resources.  

https://osf.io/46z8x/
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Figure S12. Mean Daily Responses for Each ESM Item (French-language Two-week 
Data Collection) with SD Error Bars 

Note. The ESM items were assessed with a slider from 0 to 100; the light gray space in each figure 
represents numbers not included in the responses but included to show the full range of each 
response’s standard deviation. The X-axis includes 15 days because two participants started the study 
on Day 2, so finished on Day 15. ESM = experience sampling methodology; Bx = Behavior. 

 

 

 

Figure S13. Mean Daily Responses for Each ESM Item (English-language Two-week 
Data Collection) with SD Error Bars 

Note. The ESM items were assessed with a slider from 0 to 100; the light gray space in each figure 
represents numbers not included in the responses but included to show the full range of each 
response’s standard deviation. ESM = experience sampling methodology; Bx = Behavior. 
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Figure S14. Mean Daily Responses for Each ESM Item (French-language Eight-week 
Data Collection) with SD Error Bars 

Note. The ESM items were assessed with a slider from 0 to 100; the light gray space in each figure 
represents numbers not included in the responses but included to show the full range of each 
response’s standard deviation. ESM = experience sampling methodology; Bx = Behavior.  
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C.8 Sensitivity analyses for ICC values (removing 
participants with low variation in English-language 
sample) 

ESM item ICC (original) ICC (no SD = 0)a ICC (SD < 4.19)b 

Emotional Exhaustion 0.51 0.48 0.35 

Emotional Distance 0.62 0.59 0.44 

Feeling Fed Up 0.40 0.41 0.32 

Partner Support 0.57 0.55 0.51 

Partner Conflict 0.31 0.32 0.29 

Kids’ Behavior 0.24 0.25 0.15 

Behavior toward Kids (+) 0.36 0.37 0.31 

Behavior toward Kids (-) 0.25 0.28 0.22 

Resources 0.33 0.32 0.16 

Social Support 0.46 0.51 0.54 

Time Spent with Kids 0.39 0.37 0.37 

Note. When removing participants for having no or low variation in their responses, we did not include 
low variation for the following items, since these might objectively not change over a two-week period: 
partner support (e.g., if partner is gone or does not help at all for two weeks), social support (e.g., 
parents might not have anyone other than themselves and/or their partner helping with childcare) and 
time with kids.  

a When we removed participants who had responses over the 14 days with a SD = 0 (e.g., they answered 
exactly the same every day), this affected two participants only (from Belgium and Canada, both with 
high levels of English).  

b When we removed participants who had responses with a SD in the lowest 5% (e.g., they showed very 
little variance in their responses, this specifically affected Belgian, Belgian-American, American and 
Canadian participants. These participants had a high level of English (one participant had a B-2 level, all 
other were fluent or native).



 

Appendix D: 
Supplementary Materials from Chapter 6 

These supplementary materials can also be found at: https://osf.io/tua9f. 

D.1 Article Selection 

Our inclusion criteria did lead to some articles that were ambiguous on whether or not they 

should be included in the review. For example, here are some examples of articles we did not 

include, although we did debate their inclusion:  

• Savelieva et al. (2021) and Komulainen et al. (2020) specifically modeled change 

scores/improvement,  

• Spanakis and colleagues (2016) did not publish their temporal network in a peer-

reviewed journal, and  

• Wichers (2014) focused on illustrating the temporal network approach, without 

the goal of providing an empirical contribution to the literature.  

D.2 Data Charting Process 

Following the PRISMA guidelines (Tricco et al., 2018), we report specific data items collected 

for our scoping that involve interpretation and how we defined these items. Here is the full list 

of questions used to extract data: https://osf.io/mpj89/. 

Items that involved interpretation and further specification:  

• Q15 Sample size rationale: Do the authors provide a sample size rationale 

specifically for the temporal network analyses (not for analyses for a larger 

project/etc) 

• Q59 Other networks: this question specifically involves if authors estimate a 

different type of network, not if they divided their sample into groups/etc 

(which is assessed by Q65) 

• Q75 Preregistration: has to specifically be preregistration for the temporal 

network analysis (not for a previous project) 

• Q76 Code Available: has to specifically include the temporal network estimation 

code  

Iterative Charting Process: 

https://osf.io/tua9f
https://osf.io/mpj89/
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We also added items during the scoping review (listed in our updated preregistration in blue, 

https://osf.io/hz9ev/):  

• Q14a. If the authors compute multiple versions of the same network with 

different samples, what is the sample size for each network (i.e., if they compute 

one network for clinical participants and another for control participants)? 

o Justification: Many authors computed multiple networks, and we wanted to 

know the sample size per network, not the sample size overall  

• Q38a. If the authors compute multiple networks from the same dataset and 

change the number of nodes (not to assess sensitivity but for theoretical reasons), 

specify how the authors changed the number of nodes (i.e., removed or added 

one node, etc) 

o Justification: Some authors computed multiple networks but the networks 

had different numbers of nodes (took one away, added one, etc). Since we 

were also recording number of nodes, we needed to report if this number 

changed.  

• Q51a. How did they estimate networks? Check all that apply:  

o Sequential univariate estimation of a multilevel VAR model 

o Multivariate estimation of a multilevel VAR model 

o GIMME model 

o Other type of VAR model (specify) 

o Other: _________ 

o Justification: We wanted a standardized question about the method authors 

used to estimate networks so that there would be consistency in reviewer 

responses (e.g., not just VAR models, but what type of VAR model) 

• Q65a. Do the authors perform any other comparison (including visual) between 

networks (i.e., to compare subgroups, or different networks from the same 

dataset with the inclusion/removal of one node)? Check all that apply: Yes / No 

/ Other: _________ 

o Justification: We wanted a question to categorically address whether there 

was any type of comparison between networks, include visual comparisons 

• Q72b. What do the authors do regarding missing data? 

o Justification: Since a number of authors reported this, it was worth reporting 

in its own column (for just under Q72 Additional analyses) 

 

Organizing Charted Data:  

We also organized the final spreadsheet, such as categorizing data and or combining columns. 

Here are further details:  

• Combined questions 9 (larger project) and 10 (reanalysis) into one question 

(answered ‘yes’ if the project is part of either a larger project or reanalysis) 

https://osf.io/hz9ev/
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o Justification: Often no distinction between the two 

• Added column Q51b (Model specifications), to put all information about model 

specifications 

o Justification: reviewers reported this information but in various columns; this 

reunited the information in one central place 

• Categorized information from free response columns (specifically, Q64b and 

66b, to categorize information about comparing centrality, topology, etc) 

o Justification: since there were so many comparisons, it was useful to categorize 

the methods authors used to conduct them 

 

D.3 Rater Agreement for Data Extraction 

The unweighted Cronbach’s kappa values for all categorical variables (independent from 

previous responses) are in Table S5.  

Table S5. Interrater reliability: Cronbach’s Kappa Values for All Categorical 
Variables 

Question Kappa p 

Q39.VariableType 0.082 0.52 

Q10.Reanalysis 0.291 0.033 

Q65a.ComparisonOther 0.3 0.047 

Q24.DataCollectionDesign 0.318 0 

Q40.VariableDefined 0.34 0 

Q32.Exclusions 0.367 0.006 

Q73.Robustness_Temporal 0.38 0.012 

Q41.RedundancyCheck 0.404 0.005 

Q63.ComparisonCentrality 0.484 0.001 

Q15.SampleRationale 0.534 0 

Q65.ComparisonTopology 0.551 0 

Q75.Preregistration 0.557 0 

Q51b.NetworkType_BS 0.575 0 

Q73.Robustness_Contemp 0.645 0 

Q12.Replication 0.656 0 

Q13.Hypothesis 0.658 0 

Q9.LargerProject 0.658 0 

Q30.Compensation 0.672 0 

Q77.SharedData 0.719 0 

Q43.NormalityCheck 0.739 0 

Q46.StationarityCheck 0.766 0 

Q11.LinktoProject 0.769 0 

Q70.AndOrRule 0.775 0 

Q20.SampleType 0.78 0 
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Q52.CentralityTemporal 0.796 0 

Q51b.NetworkType_Contemp 0.83 0 

Q57.CentralityBetweenSubj 0.941 0 

Q76.SharedCode 0.946 0 

Q55.CentralityContemp 0.947 0 

Q51.BetweenSubjNetwork 0.951 0 

Q51.ContempNetwork 0.953 0 

Q51.TemporalNetwork 1 NA 

Q54.Lag 1 NA 

Q7.Published 1 NA 

Q73.Robustness_BetweenSubj 1 0 

Some low kappa values are due to lack of clarity in how articles reported the relevant 

information. For example, Question 34 in the data extraction form (link here: 

https://osf.io/mpj89/), ‘variable definition’ (k = .34), involved how variables were combined 

into nodes; this was often not directly reported in the text but could be pieced together based 

on the number of items reported to assess a specific variable, and the number of nodes reported 

to assess that same variable. Another example: the variable ‘hypothesis’ (k = .66; Question 13) 

assessed whether articles included a clearly stated hypothesis; a number of articles stated that 

their analyses were fully exploratory but also included clear and specific predictions. This led 

to disagreement between the two raters, and upon discussion with the third reviewer, we 

decided to rate as ‘yes’ any article that stated clear and specific predictions, even if they also 

said their analyses were exploratory. A third example: the variable with the second smallest 

kappa (k = .29) was whether articles reanalyzed previously collected data (Question 10). Many 

articles seemed to analyze data that was not collected for the purpose of a temporal network 

analysis (either specified in the article itself or apparent from details in their methods 

procedures, such as if they included very strict inclusion criteria that were not relevant to the 

temporal network analysis) but did not clearly specify whether they were reanalyzing other 

data, part of a larger project, or something else.  

Other low kappa values reflected insufficient specificity in the data extraction form, 

despite extensive discussion and testing of this form beforehand. For example, “Variable type” 

(k =.08; Question 39) assessed whether the items assessed in the temporal network articles were 

continuous, ordinal, binary, etc. The two reviewers had different definitions of ordinal and 

continuous (one based on the number of points in the scale; the other based on whether the 

type of scale was defined as Likert or not), which led to many inconsistencies for Likert scales 

(the most common assessment method among the 43 included articles). Upon discussion with 

the third reviewer, the reviewers changed an answer option to Ordinal (Likert scale), which 

solved all disagreements.  

D.4 Data Collection 

The assessment schedule of each article is reported in Table S6.  

https://osf.io/mpj89/
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Table S6. Assessment Schedule 

First Author Number of Assessments/Time  

Aalbers 7 per day/ 14 (days) 

Bos 10 per day/5  (days) 

Bringmann (2016) 10 per day/ 7-14  (days) 

Bringmann (2015) 1 per week/ 3-20 (weeks) 

Bringmann (2013) 10-11 per day/ 7-12  (days) 

Curtiss 1 per day/ 56  (days) 

de Vos 3 per day / 30 (days) 

Ellison 6 per day/ 21 (days) 

Greene (2019) 2 per day/ 30 (days) 

Greene (2018) 2 per day/ 30 (days)  

Groen (2019) 3 per week/6 (weeks) 

Hasmi 10 per day/ 6 (days) 

Hoorelbeke 6 per day/7 (days) 

Johnson 1 per week/ 9,4 (weeks) 

Jongeneel 10 per day/ 6 (days) 

Kaiser 1 per day/ 24-63 (days) 

Klippel 10 per day/ 5-6 (days) 

Levinson (2018) 4 per day/7 (days) 

Lutz 4 per day/14 (days) 

Oreel 9 per day/ 7 days  

Pavani 5 per day/14 days 

Pe 8 per day/ 7 (days) 

Rath 10 per day/ 6 (days) 

Snippe 10 per day/ 6 (days) 

van Roekel 3 per day / 30 (days) 

Wigman 10 per day/ 5-6 (days) 

Contreras 10 per day/ 7 (days) 

Drukker 10 per day/ 7(days)  

Elovainio 3 per day (7-20 (days) 

Faelens 6 per day/ 14 (days) 

Geraets 10 per day/ 6-10 (days) 

Groen (2020) 5 per day/ 14 (days) 

Hoffart 1 per week / 10 (weeks) 

Huckins 1 per week/ 40 (weeks)  

Kreiter 10 per day/ 7 (days) at three times: baseline, 3 and 6 months 

Kuranova 10 per day/ 6 (days) 

Lazarus 4 per day/ 15 (days) 

Levinson (2020) 1 per month/48 (months) 

Martín-Brufau 1 per day/14-20 (days) 

Meng 5 per day/13 (days) 

Pannicke 4 per day /14 (days) 

Thonon 5 per day/14 (days) 

McCuish 1 per year/7 (years) 
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Device & Platform 

Regarding the device and platform used to collect the intensive data, we found that 33 

articles relied on an electronic device (i.e., 19 used smartphones; 1 used a wristwatch/actigraph; 

9 used Psymate/personal pocket computer; 2 used an iPod and 2 relied on a computer), 4 

research used a combination of both, an electronic device and paper and pencil, while 6 did 

not specified the device used to collect the data. Among those investigations using an electronic 

device, 26 articles reported the platform used to send the questionnaire notification to the 

electronic device (68.4%), 2 sent notifications via text messages (5.3%), while the remaining 

(26.3%) did not specify the method used to send the assessments. 

Data Collection Design 

Our results also yield information related to the data collection design, categorized 

following the time-series data collection descriptions provided by Myin-Germeys et al. (2018) 

to better describe the wide range of designs. Accordingly, our results indicated that 42 out of 

the 43 researchers used time as a sampling unit, while only one did not specify the design used. 

Among those 42, we found differences in the sampling schedule. For instance, 14 used a fixed 

sampling (where questionnaires are completed at equal time intervals); 3 used a random 

sampling schedule (where questionnaires are completed at random intervals); 19 followed a 

pseudo-random sampling schedule (where questionnaires are completed randomly within a 

specific time interval), and 6 did not specify the details.  

Compensation 

Almost half of the articles compensated participants for their time. In particular, 15 

articles (34.9%) used financial compensation or gift cards, 2 (4.7%) used course credit, 1(2.3%) 

reward the compliance by providing feedback or personalized report about participant’s 

performances and 3 (7%) provided a combination of the aforementioned types of 

compensation (i.e., financial compensation and personalized feedback). 

D.5 Data Preprocessing 

Node Redundancy 

Among articles that assessed for redundancy through statistical methods (n = 10), six 

articles did so by looking for multicollinearity or high correlations between variables, two did 

so via factor analysis, and two did so by testing whether the matrix used as input for the 

network was positive definite and then used the goldbricker function in R from the networktools 

package to identify nodes that likely measured the same construct.  
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Statistical Software and Packages 

Almost all authors report using R for network estimation or visualization, but some 

authors also used other software types (mainly Stata and MPlus; see Figure S15). The specific 

packages authors reported using are listed in Table S7.   

 

Figure S15. Software used (for network estimation or visualization) 

 

Table S7. Reported Packages Used for Temporal Network Analyses  

Software Temporal network 
Contemporaneous 

network 

Between-subjects 

network 

R mIVAR (n = 21) 

lm4 (n = 4) 

nlme (n = 4) 

graphicalVAR (n =2) 

qgraph (n = 2) 

Gimme (n = 1) 

ImerTEST (n = 1) 

Bootnet (n =1) 

Networktools (n = 1) 

mIVAR (n = 18) 

graphicalVAR (n = 2) 

networktools (n = 2) 

qgraph (n = 1) 

nlme (n = 1) 

Bootnet (n = 1) 

lme4 (n = 1) 

 

mIVAR (n = 14) 

graphicalVAR (n = 1) 

Bootnet (n = 1) 

lme4 (n = 1) 

qgraph (n = 1) 

networktools (n = 1) 

 

Mplus DSEM (Dynamic Structural 

Equation Modeling 

Package) (n = 1) 

  

Python Tigramite (n = 1) Tigramite (n = 1)  

Variable Type and Node Construction 

Thirty-four articles report measuring ordinal (i.e., Likert scale variables), while 29 articles 

report measuring continuous variables (see Figure S16). Only 1 article reported assessing a 

binary variable; they report multiple ordinal variables and one binary variable, and used 

univariate estimation of mlVAR models to estimate their network; they used logistic mixed-

effect regression models when the binary variable was the outcome variable, and standard 

linear mixed-effect models for the other variables. 
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Figure S16. Variable Type 

Almost all articles report constructing a node using only 1 item, while only 16% of articles 

report averaging multiple items to form a node, and a few articles report using multiple items 

to form a node, but not how they combine these items (see Figure S17).  

 
Figure S17. Node Construction 

Among articles that calculated centrality indices for any of their estimated networks (n = 

30 articles), 87% (n = 26) estimated strength centrality, 33% (n = 10) estimated betweenness 

centrality, 23% (n = 7) estimated closeness centrality, and 10% (n = 3) estimated expected 

influence centrality (see Figure S18).  

 

Figure S18. Centrality Indices (For Any Network Type) 

Missing Data 

To see all details about how authors performed specific actions or justified a lack of action 

regarding missing data, as well as specific references, see here: 

https://airtable.com/shrR0Fk8PA7YbGffL. 

D.6 Assumptions: Additional Details and Links to 
References  

Here we list all methods used to assess and correct assumptions, when the full list of methods 

was not reported in the results section of the manuscript (due to space constraints).  

https://airtable.com/shrR0Fk8PA7YbGffL
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Normality (Assessing and Correcting) 

The full list of articles that assessed and corrected normality (as well as their detailed methods) 

can be found here: https://airtable.com/shrxWbMJdPhbPMjAF. 

Stationarity (Assessing and Correcting) 

The full list of articles that assessed and corrected stationarity (as well as their detailed methods) 

can be found here:  https://airtable.com/shrqq9nnRO5O98ez2. 

In addition, here are more details on the methods used to correct for stationarity:  

Eighteen articles corrected for stationarity (this was sometimes related to if they had found a 

violation of the assumption of stationarity, but often times without first assessing stationarity 

as well) using the following methods: 

• Detrend data (n = 10)  

o Some do not specify their methods (n = 2) 

o One article specifies they do this by fitting a nonparametric smoothing 

spline to the univariate time series of each item & then subtracting this 

curve from the original time series (n = 1) 

o Most articles do some version of this: subtract both the person mean & 

linear trend from the data by regressing each symptom separately on a 

linear function of time and using the residuals as the predictor variable 

(this is the procedure of Curran & Bauer, 2011) (n = 8) 

• Include a linear trend (n = 8)  

Redundancy  

The full list of articles that assessed node redundancy, along with details about their 

methods, can be found here: https://airtable.com/shrzyUXhkhdRKNBYP.  

D.7 Data Analysis 

Centrality Estimates for Different Network Types 

Seventy percent of articles (n = 30 out of 43) estimated centrality indices for their temporal 

networks, while 59% (n = 13 of 21) did so for contemporaneous networks and 71% (n = 5 of 

17) for between subject networks; information on which centrality indices are used can be 

found in the supplementary materials.  

Additional Info About Comparisons 

Twenty-four articles compared at least two networks, using the following methods:  

• Compare centrality: 

https://airtable.com/shrxWbMJdPhbPMjAF
https://airtable.com/shrqq9nnRO5O98ez2
https://airtable.com/shrzyUXhkhdRKNBYP
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o Correlate centrality indices of two networks (to compare similarity 
between networks, here to compare to a validation dataset) (n = 1) 

o Permutation tests (n = 4) 

o Bayesian model so can use point estimates & credible estimates (e.g., if 
95% credible interval includes 0 or not) (n = 1) 

• Formal test to compare topology:  

o Correlating edge strengths (to compare similarity between networks, 
here to compare to a validation dataset) (n = 1) 

o Permutation tests (to compare network density and/or connectivity, or 
to compare specific edges) (n = 10) 

o t-tests (to compare regression weights/edges or overall connectivity) (n 
= 3) 

o Compare models using a fit index (e.g., Akaike information criterion) 
(n = 1) 

• Compare visually (n=11) 

The full list of articles that statistically comparing centrality indices can be found here: 

https://airtable.com/shrLRzHxgSm7rusqo while those that statistically compared topology can 

be found here: https://airtable.com/shrmxgJN8ZonB6GcV. 

Visualization Adjustments 

 When computing networks, one can implement visualization adjustments for interpretation 

purposes. Of the articles reviewed, 25 (58%) made visualization adjustments based on the 

significance of edges, with only significant edges are represented on the network. Six (14%) 

articles made adjustments based on the significance of edges as well as adjustments to allow 

comparisons between networks (e.g., scaling the edges of all models in relation to the highest 

value detected for each type of model).1 One article (2%) made adjustments based on the 

strength of nodes, with the size of the nodes representing the strength of each variable. Fifteen 

articles (35%) did not make any visualization adjustments. 

Visualization Algorithms 

The placement of nodes in the network can be in a predetermined shape (e.g., circle) or 

computed by using visualization algorithms. Ten (23.3%) articles used the Fruchterman-

Reingold algorithm where the centrality index determines the place of the node (i.e., the higher 

the centrality index, the more central the node is in the network graph). Twenty-nine (67.4%) 

articles did not specify the algorithms used.  

 
1 Note: some articles combined multiple methods 

https://airtable.com/shrLRzHxgSm7rusqo
https://airtable.com/shrmxgJN8ZonB6GcV
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Additional Information on Robustness 

Table S8 provides information on the six articles that assessed the robustness and/or 

stability of the centrality or edge-weights estimates (and for which networks). This information 

can also be found here: https://airtable.com/shr033LmROeB3keiD. 

Table S8. Methods Used to Assess Robustness  

Article Method to assess robustness Model type 

Bringmann 

(2013) 

Bootstrap CIs of centrality estimates - 

See correction (https://doi.org/10.1371/journal.pone.0096588) - to take 

the time dependency into account when calculating bootstrap 

confidence intervals for their betweenness centrality estimates, they use 

nonparametric bootstrapping directly on the multilevel model - they 

report this is very computationally intense & the R code cannot be run 

on a standard computer. They share their updated code as Appendix S1 

in the correction.  

Sequential 

univariate 

estimation of 

a multilevel 

VAR model 

Geraets 

(2020) 

Stability (dropping one of five predictors) - 

They performed post-hoc checks for coefficient stability by omitting 

one of the five predictors (results showed similar coefficients, and so 

stable coefficients). They do not provide further information on their 

methods or results and do not share their R code. 

Sequential 

univariate 

estimation of 

a multilevel 

VAR model 

Groen (2020) Bayesian credible intervals (e.g., uncertainty estimate for each 

parameter); (the authors do not explicitly call this assessing network 

stability or robustness and they mostly use it to compare groups, but it 

nonetheless gives information on the stability/robustness of the 

network estimates) 

Multivariate 

estimation of 

a multilevel 

VAR model  

Jongeneel 

(2020) 

Stability (dropping participants) - 

They estimated 100 networks that included a randomly selected 80% of 

participants, then they calculated Spearman rank correlation between 

the centrality measures of the main model and the 100 new networks, 

then plotted the 100 correlations in a histogram (correlations above .7 

were interpreted as similar to the main model). They share this R code 

in the online supplementary materials (included in the MainAnalysis R 

code file) 

Sequential 

univariate 

estimation of 

a multilevel 

VAR model 

Lazarus 

(2020) 

Accuracy (non-parametric bootstrap CI around edges) -  

They check the accuracy of the networks by performing non-parametric 

bootstrap confidence intervals around the edge-weights of all 

networks, using the bootnet package and following the Epskamp et al. 

(2018) method; the authors' full explanations are here: 

https://osf.io/ju5yk/. They also perform case-dropping bootstraps to 

assess the stability of the centrality indices, also using the bootnet 

package. They do share their code for their main analyses but not for 

these bootstrap networks.  

Pooled VAR 

McCuish 

(2020) 

Stability of centrality (bootnet package) -  

They used the bootnet package in R to measure the correlation stability 

(CS) coefficient for each of the centrality indices they used (although 

they only report doing so for the between-subjects network, not the 

contemporaneous or temporal networks estimated), citing Epskamp et 

Pooled VAR 

https://airtable.com/shr033LmROeB3keiD
https://doi.org/10.1371/journal.pone.0096588
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al. (2018). Although they do not link to their code in their article, they 

do share their code for these analyses on the first author’s Github page: 

https://github.com/EvanMcCuish/YPI-Network-

Analysis/blob/master/PPD%20L%20Net%20-

%20Bootnet%20(Subscales).R.  

 

Additional Information on Sensitivity Analyses 

The full list of articles that conducted sensitivity analyses, as well as the information on what 

they focused on in their sensitivity analyses, can be found here: 

https://airtable.com/shrEY8xEAcXCRgpLg.

https://github.com/EvanMcCuish/YPI-Network-Analysis/blob/master/PPD%20L%20Net%20-%20Bootnet%20(Subscales).R
https://github.com/EvanMcCuish/YPI-Network-Analysis/blob/master/PPD%20L%20Net%20-%20Bootnet%20(Subscales).R
https://github.com/EvanMcCuish/YPI-Network-Analysis/blob/master/PPD%20L%20Net%20-%20Bootnet%20(Subscales).R
https://airtable.com/shrEY8xEAcXCRgpLg
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Supplementary Materials from Chapter 7 

These supplementary materials can also be found at: https://osf.io/g5t7h. 

E.1 Additional Information on Data Collection & ESM 
Items 

Sample Size & Participant Information 

We preregistered recruiting a minimum of 40 participants with 80% compliance. 

However, since it took at least 45 days to determine if participants had answered at least 80% 

of the daily diary surveys (e.g., minimum 45 prompts), we would not know how many of our 

participants had completed 80% completion until near the end of our data collection period. 

We therefore decided to continue enrolling participants until we had reached 50 parents.  

We had preregistered that we would exclude participants from analyses if they answered 

less than 30% of daily diary prompts (following Aalbers et al., 2019), since these participants 

would have very few timepoints (e.g., less than 17). However, all participants but two answered 

at least 85% of daily diary surveys. One participant answered 70% of surveys, and another 

participant dropped out of the study due to incompatibility with their work schedule, but they 

had already completed 34 daily diary surveys (61%) by then, so their data are still included in 

the analyses. 

Regarding participants’ income, 1 participant (2%) reported a net monthly income of 

€1500-€2500; 18 participants (38.3%) reported €2500-€4500; 26 participants (55.3%) reported 

more than €4500; and two participants preferred not to specify. The average Belgian net 

income for 2019 was of 19,105€ per person, or 1592€ per month (Statbel: 2019 Average Belgian 

Income, 2021). Therefore, the average monthly income for two people (as the 47 participants 

in the main sample were all co-parents) was of 3184€. Participants included in the study thus 

mostly reported average-to-high net monthly incomes for Belgian families.  

Nineteen participants (47.5%) answered that they were currently following a 

psychological treatment, which fits the sample not only due to its clinical nature but also since 

recruitment took part largely through clinicians of various types. Among these participants, 

the length of treatment was mostly under a year but varied from 1 month to 15 years. 

https://osf.io/g5t7h
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Further Information on ESM Procedure 

Participants answered all questionnaires via a formr webpage and were prompted to 

answer daily diary surveys with either an email or a text message, depending on their 

preference. Parents received a reminder notification two hours later if they had not yet filled 

in the survey, and the daily diary survey expired after five hours. After the final daily diary 

survey, participants had the opportunity to answer a very brief feedback survey, and then a 

debriefing video-call with the experimenter if they wished.  

Because of an issue with formr and their servers in Germany midway through the study 

(causing timing issues), some participants were able to answer a daily diary questionnaire twice 

in one evening, which normally would not have been possible. We therefore decided to only 

keep the first response anytime this occurred (as if the participant had only had one chance to 

respond, like in the normal procedure).  

E.2 Additional Information on Preprocessing Decisions 
and Results 

Missing Data 

Since we had limited amounts of missing data (6% overall), we decided to not take any 

specific actions (e.g., imputation). The mlVAR package does not take any specific action with 

missing data and so automatically deals with missing data using listwise deletion (Jordan et al., 

2020).  

Descriptive Statistics: ESM items 

For each participant, we calculated the within-person mean and standard deviation for 

each variable; we then averaged these values to produce group-level intra-individual means and 

standard deviations for each variable (see Table S9). We also calculated the intraclass 

coefficients of each item to ensure there was sufficient within-person variance (e.g., an ICC 

under 0.5 indicates for an item indicate greater within-person than between-person variability; 

see Table S9).  

Table S9. Intra-individual Means, Standard Deviations, and ICCs for Each ESM Item 

Daily diary item iiMean iiSD ICC 

Emotional Exhaustion 29.06 24.85 0.23 

Emotional Distance 24.65 16.43 0.37 

Feeling Fed Up 22.34 22.33 0.16 

Partner Support 60.46 26.00 0.40 

Partner Conflict 18.87 23.05 0.20 

Kids’ Behavior 26.12 23.00 0.18 

Behavior toward Kids (+) 76.33 16.75 0.38 

Behavior toward Kids (-) 23.21 24.00 0.17 
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Resources 67.78 25.47 0.25 

Social Support 25.35 32.22 0.13 

Time Spent with Kids 8.02 3.63 0.23 

Note. ICC = intraclass correlations; iiMean = intraindividual Mean; iiSD = intraindividual standard 
deviation. 

E.3 Centrality Indices 

We calculated how connected each node is to the rest of the network by generating a 

centrality index for each node. We therefore computed the strength index for all networks, 

which measures the summed weight of a node’s edges (McNally, 2016). Since the temporal 

network includes directed edges, we calculated in- and out-strength. A node with high in-

strength is highly influenced by the other nodes in the network (i.e., has many edges pointing 

toward it); a node with high out-strength predicts many other nodes (i.e., has many edges 

pointing toward other nodes). 

 
Figure S19. Raw Strength Centrality Indices for all Networks 

Note. AngKids = getting angry toward children; DiffKids = finding children difficult to manage; Dist = 
emotional distance; Exh = emotional exhaustion; FedUp = feeling fed up; PartnerConf = partner 
conflict; PartnerSupp = partner support; PosMoKids = sharing positive moments with children; Res = 
resources; SocialSupp = social support. 

 

Stability Analyses for Centrality Indices 

Although not preregistered, we also wanted to assess the stability of our centrality 

analyses, following the method and code of Jongeneel et al. (2020). We calculated 200 networks 
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that included a randomly sampled 80% of participants (i.e., 38 participants) and computed 

centrality indices for these networks (strength for the contemporaneous and between-subject 

networks, and in- and out-strength for the temporal networks). We then correlated the 

centrality indices of the original model with the 100 randomly sampled models using 

Spearman rank correlations and plotted these correlations in a histogram (see Figure S20). 

 

Figure S20. Correlations between case-dropped network and original network 

E.4 Sensitivity Analyses 

We generated four additional mlVAR models as sensitivity analyses, to examine if they 

altered the pattern of results compared to the model in the main manuscript (which included 

raw data from all parents with a coparent, not including the variable ‘Time with Kids’).  

Model Estimated with Raw Data of All Parents with Coparents 
(n=47) 

The first sensitivity analysis includes the sample in the main manuscript (raw data of 

mothers with coparents, n=43), including the four fathers (n=47). Since our sample was 91% 

mothers, a reviewer suggested that our results might not fully represent or generalize to all 
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parents but be specific to mothers. We thus decided to only include mothers in the main 

analyses, but also examine a network with all parents with coparents, including the fathers, as 

a sensitivity analysis.   

 

 

Figure S21. Network Analyses for Raw Data of All Parents with Coparent (n=47), 
including Fathers  

When comparing this network (see Figure S21) with the network analysis in Chapter 7 

with raw data (see Figure 18), the contemporaneous networks are very similar (just one faint 

additional negative edge in Figure 18, connecting Social Support and Difficult to Manage – 

Kids) while the between subject networks are identical. The temporal networks have some 

small differences in edges: Figure 18 has a faint additional positive edge pointing from Getting 

Angry toward Children toward Resources, while Figure S21 has two additional edges: one 

pointing from Sharing Positive Moments with Children toward Resources, and another 
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connecting Feeling Fed Up with Emotional Exhaustion. All thick edges can be found in all 

networks, but the potential feedback loop between Exhaustion, Difficult to Manage – Kids, 

and Feeling Up is no longer present in the network with only mothers (Figure 18), as one edge 

is missing.   

Model Estimated with Transformed Data (Approximating a 
Normal Distribution) 

This sensitivity analysis includes transformed data since the raw data is not normally 

distributed (with all parents with coparents, n=47). We had preregistered that this 

transformation would be a log transformation, but this did not alter the variables’ distribution 

to be closer to a normal distribution (e.g., skew and kurtosis had larger values). We therefore 

used a Gaussianize transformation from the R package LambertW which transforms heavy 

tailed and skewed data (Goerg, 2015).   

 

Figure S22. Network Analyses for Gaussianized Transformed Data. 
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Note. Blue edges represent positive associations, while red edges represent negative associations. 
AngKids = getting angry toward children; DiffKids = finding children difficult to manage; Dist = 
emotional distance; Exh = emotional exhaustion; FedUp = feeling fed up; PartnerConf = partner 
conflict; PartnerSupp = partner support; PosMoKids = sharing positive moments with children; Res = 
resources; SocialSupp = social support. 

Model Estimated with “Time with Kids” Variable 

The second sensitivity analysis included the same 10 variables and raw data as in the 

network in the main manuscript (with all parents with coparents; n=47), with the addition of 

the variable “Time with Kids,” since it also had large within-person variability.   

 
Figure S23. Network Analyses for Variables with 11 Variables (Including ‘Time with 

Kids’) 

Note. Blue edges represent positive associations, while red edges represent negative associations. 
AngKids = getting angry toward children; DiffKids = finding children difficult to manage; Dist = 
emotional distance; Exh = emotional exhaustion; FedUp = feeling fed up; PartnerConf = partner 
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conflict; PartnerSupp = partner support; PosMoKids = sharing positive moments with children; Res = 
resources; SocialSupp = social support. 

When comparing this network (see Figure 23) with the network analysis in the main 

manuscript with 10 variables (see Figure 18), the networks are very similar overall. For the 

temporal network, Time with Kids has a few thin outgoing edges but most of the thicker edges 

from Figure 18 are still present in the network (with the exception of the edge point from 

Positive Moments - Kids to Resources). The contemporaneous network similarly is comparable 

to that in Chapter 7: although Time with Kids has many thin edges connecting it to other 

nodes, all thick edges in Figure 18 are also present in Figure 23. The only additional thicker 

edge links Time with Kids to Positive Moments - Kids. The between-subject networks are 

almost identical, as interestingly enough Time with Kids is not connected to any other node. 

However, there is an additional edge in Figure 23 between Feeling Fed Up and Partner 

Conflict. 

This model has interesting implications for time spent with kids: that although the time 

a parent spends with their children has a small impact on whether they feel distant with their 

children the next day, and is linked with exhaustion and sharing positive moments within the 

same day, it is not connected to any other node in the between-subjects network. This implies 

that when you zoom out from a daily perspective and look at the average-level, the time spent 

with children is not associated with the features of parental burnout or the interactions with 

the child, partner, or wider family context. This is, however, an exploratory sensitivity analysis, 

and so no firm conclusions can be drawn without substantial further research. However, these 

results do align with previous research suggesting that the overall quantity of time parents 

spend with kids is not as important as how they spend that time (Hsin, 2009). 

Model Estimated with All 50 Parents (Including Single 
Parents), Without Partner Variables 

The third sensitivity analysis includes all 50 parents who participated in the data 

collection process, including single parents (n=3); it therefore does not include the two partner-

related variables: Partner Support and Partner Conflict.  

Overall, these networks (see Figure S24) are relatively similar to the networks in Chapter 

7 with 47 parents and the partner variables (see Figure 18). In the temporal network, most of 

the edges are the same, with one thin edge missing in Figure S24 (pointing from Positive 

Moments with Kids to Resources) and a few additional edges in Figure S24 (from Exhaustion 

toward Angry with Kids, as well as additional autocorrelations for Feeling Fed Up and Angry 

with Kids).   

The contemporaneous networks were very similar, which is expected since the Partner 

Support and Partner Conflict variables in Figure 18 were only thinly connected to each other 

and not connected at all to any other nodes in the network. Lastly, the between-subjects 

networks are overall relatively similar. The main differences include a few additional edges in 

the network with all 50 parents in Figure S24 (specifically connecting Feeling Fed Up and 
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Social Support, Feeling Fed Up and Angry with Kids, and Difficult to Manage and Angry with 

Kids) and one edge missing (connecting Social Support and Angry with Kids).  

Figure S24. Network Analyses for Variables with 50 Participants (Including Single 
Parents), Without Partner-related Variables 

Note. Blue edges represent positive associations, while red edges represent negative associations. 
AngKids = getting angry toward children; DiffKids = finding children difficult to manage; Dist = 
emotional distance; Exh = emotional exhaustion; FedUp = feeling fed up; PartnerConf = partner 
conflict; PartnerSupp = partner support; PosMoKids = sharing positive moments with children; Res = 
resources; SocialSupp = social support. 
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E.5 Edge Values of All Networks in Manuscript (Mothers 
with Coparents, n=43) 

Table S10. Edge values of the temporal network (Figure 18) 

From To Edge value 

(fixed effects) 

SE p SD from random 

effects 

Exh Exh 0.085 0.028 0.002 0.036 

Exh Dist -0.04 0.026 0.117 0.051 

Exh FedUp 0.045 0.03 0.133 0.056 

Exh PartSup -0.016 0.027 0.542 0.077 

Exh PartConf 0.031 0.029 0.288 0.056 

Exh DiffKids 0.092 0.03 0.003 0.081 

Exh PosMoKids 0.028 0.027 0.305 0.08 

Exh AngKids 0.056 0.033 0.092 0.107 

Exh Res -0.089 0.027 0.001 0.005 

Exh SocSup -0.006 0.034 0.851 0.116 

Dist Exh -0.038 0.036 0.287 0.095 

Dist Dist 0.022 0.033 0.520 0.104 

Dist FedUp -0.037 0.037 0.315 0.09 

Dist PartSup -0.035 0.032 0.262 0.086 

Dist PartConf 0.000 0.033 0.990 0.063 

Dist DiffKids -0.068 0.04 0.086 0.135 

Dist PosMoKids -0.044 0.035 0.213 0.125 

Dist AngKids -0.031 0.035 0.376 0.064 

Dist Res 0.068 0.035 0.050 0.089 

Dist SocSup -0.033 0.039 0.399 0.12 

FedUp Exh 0.058 0.030 0.058 0.087 

FedUp Dist 0.023 0.026 0.376 0.07 

FedUp FedUp 0.046 0.031 0.143 0.084 

FedUp PartSup 0.012 0.029 0.678 0.103 

FedUp PartConf 0.027 0.032 0.410 0.107 

FedUp DiffKids 0.004 0.029 0.889 0.065 

FedUp PosMoKids -0.021 0.028 0.454 0.091 

FedUp AngKids -0.02 0.031 0.513 0.085 

FedUp Res -0.01 0.027 0.717 0.047 

FedUp SocSup 0.034 0.031 0.274 0.086 

PartSup Exh 0.05 0.027 0.068 0.071 

PartSup Dist -0.055 0.026 0.030 0.078 

PartSup FedUp 0.021 0.027 0.446 0.053 

PartSup PartSup 0.185 0.03 0.000 0.132 

PartSup PartConf -0.023 0.028 0.416 0.08 

PartSup DiffKids 0.025 0.027 0.341 0.057 

PartSup PosMoKids 0.013 0.026 0.614 0.092 

PartSup AngKids 0.001 0.032 0.971 0.124 

PartSup Res 0.001 0.027 0.975 0.068 

PartSup SocSup -0.027 0.034 0.431 0.142 

PartConf Exh 0.03 0.024 0.201 0.066 

PartConf Dist -0.037 0.022 0.092 0.068 

PartConf FedUp 0.023 0.024 0.334 0.052 

PartConf PartSup 0.034 0.021 0.100 0.059 
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From To Edge value 

(fixed effects) 

SE p SD from random 

effects 

PartConf PartConf 0.154 0.032 0.000 0.147 

PartConf DiffKids 0.017 0.028 0.546 0.105 

PartConf PosMoKids 0.010 0.020 0.630 0.052 

PartConf AngKids -0.009 0.026 0.738 0.085 

PartConf Res -0.01 0.022 0.669 0.049 

PartConf SocSup 0.056 0.026 0.031 0.085 

DiffKids Exh 0.049 0.033 0.133 0.111 

DiffKids Dist 0.027 0.028 0.329 0.081 

DiffKids FedUp 0.092 0.034 0.006 0.108 

DiffKids PartSup 0.018 0.024 0.448 0.027 

DiffKids PartConf -0.011 0.030 0.707 0.072 

DiffKids DiffKids 0.125 0.039 0.001 0.167 

DiffKids PosMoKids -0.008 0.026 0.753 0.064 

DiffKids AngKids 0.123 0.032 0.000 0.091 

DiffKids Res -0.040 0.030 0.182 0.086 

DiffKids SocSup -0.021 0.034 0.537 0.116 

PosMoKids Exh -0.044 0.039 0.266 0.135 

PosMoKids Dist -0.174 0.038 0.000 0.151 

PosMoKids FedUp -0.008 0.034 0.804 0.054 

PosMoKids PartSup -0.005 0.033 0.893 0.113 

PosMoKids PartConf 0.016 0.034 0.635 0.081 

PosMoKids DiffKids -0.028 0.037 0.439 0.106 

PosMoKids PosMoKids 0.177 0.039 0.000 0.161 

PosMoKids AngKids -0.031 0.037 0.400 0.109 

PosMoKids Res 0.065 0.040 0.104 0.147 

PosMoKids SocSup -0.064 0.037 0.085 0.108 

AngKids Exh 0.005 0.029 0.869 0.077 

AngKids Dist 0.004 0.025 0.866 0.056 

AngKids FedUp -0.007 0.028 0.796 0.037 

AngKids PartSup 0.029 0.029 0.307 0.108 

AngKids PartConf -0.025 0.028 0.365 0.069 

AngKids DiffKids 0.031 0.029 0.292 0.076 

AngKids PosMoKids 0.004 0.025 0.873 0.073 

AngKids AngKids 0.041 0.028 0.141 0.048 

AngKids Res 0.055 0.026 0.038 0.044 

AngKids SocSup -0.015 0.028 0.594 0.057 

Res Exh -0.013 0.027 0.642 0.069 

Res Dist -0.029 0.026 0.266 0.09 

Res FedUp 0.022 0.028 0.421 0.061 

Res PartSup -0.006 0.022 0.771 0.029 

Res PartConf 0.043 0.027 0.117 0.067 

Res DiffKids 0.023 0.028 0.406 0.074 

Res PosMoKids 0.019 0.025 0.446 0.074 

Res AngKids 0.000 0.028 0.988 0.07 

Res Res 0.096 0.03 0.001 0.108 

Res SocSup 0.026 0.031 0.407 0.113 

SocSup Exh 0.004 0.023 0.869 0.056 

SocSup Dist 0.015 0.021 0.494 0.067 

SocSup FedUp -0.004 0.024 0.881 0.06 
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From To Edge value 

(fixed effects) 

SE p SD from random 

effects 

SocSup PartSup -0.058 0.025 0.020 0.109 

SocSup PartConf 0.003 0.022 0.882 0.044 

SocSup DiffKids -0.012 0.023 0.607 0.054 

SocSup PosMoKids -0.003 0.022 0.885 0.083 

SocSup AngKids -0.02 0.026 0.444 0.094 

SocSup Res 0.011 0.022 0.603 0.049 

SocSup SocSup 0.142 0.032 0.000 0.146 

Note. AngKids = getting angry toward children; DiffKids = finding children difficult to manage; Dist = 
emotional distance; Exh = emotional exhaustion; FedUp = feeling fed up; PartnerConf = partner 
conflict; PartnerSupp = partner support; PosMoKids = sharing positive moments with children; Res = 
resources; SocialSupp = social support; SE = standard error. Bold text denotes an edge present in the 
temporal network (as the p-value < .05).  

 

Table S11. Edge values of the contemporaneous network (Figure 18) 

Node 1 Node 2 
p 

(Node 1>2) 

p 

(Node 2>1) 

Partial 

correlation 

SD (random 

effects) 

Dist Exh 0.852 0.896 -0.001 0.081 

FedUp Exh 0.000 0.000 0.259 0.079 

FedUp Dist 0.037 0.068 0.045 0.031 

PartSup Exh 0.095 0.110 -0.038 0.031 

PartSup Dist 0.410 0.721 0.016 0.071 

PartSup FedUp 0.081 0.041 -0.042 0.022 

PartConf Exh 0.211 0.18 0.031 0.042 

PartConf Dist 0.089 0.097 0.049 0.083 

PartConf FedUp 0.108 0.041 0.048 0.059 

PartConf PartSup 0.036 0.015 -0.067 0.088 

DiffKids Exh 0.000 0.000 0.171 0.043 

DiffKids Dist 0.043 0.017 0.050 0.038 

DiffKids FedUp 0.000 0.000 0.208 0.133 

DiffKids PartSup 0.302 0.249 0.024 0.019 

DiffKids PartConf 0.249 0.158 0.030 0.037 

PosMoKids Exh 0.261 0.141 -0.030 0.035 

PosMoKids Dist 0.000 0.000 -0.506 0.194 

PosMoKids FedUp 0.995 0.979 0.000 0.044 

PosMoKids PartSup 0.264 0.478 0.022 0.039 

PosMoKids PartConf 0.406 0.293 0.024 0.052 

PosMoKids DiffKids 0.679 0.826 0.008 0.045 

AngKids Exh 0.024 0.038 0.059 0.069 

AngKids Dist 0.000 0.000 0.114 0.085 

AngKids FedUp 0.000 0.000 0.173 0.088 

AngKids PartSup 0.351 0.674 -0.017 0.06 

AngKids PartConf 0.272 0.194 0.028 0.031 

AngKids DiffKids 0.000 0.000 0.346 0.161 

AngKids PosMoKids 0.820 0.639 0.01 0.083 

Res Exh 0.000 0.000 -0.231 0.138 

Res Dist 0.000 0.002 -0.087 0.057 

Res FedUp 0.000 0.000 -0.15 0.112 

Res PartSup 0.267 0.339 -0.028 0.063 
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Res PartConf 0.709 0.869 -0.008 0.086 

Res DiffKids 0.285 0.231 -0.03 0.064 

Res PosMoKids 0.034 0.012 0.084 0.141 

Res AngKids 0.695 0.598 -0.012 0.051 

SocSup Exh 0.161 0.171 -0.034 0.046 

SocSup Dist 0.405 0.116 0.027 0.023 

SocSup FedUp 0.200 0.344 0.028 0.043 

SocSup PartSup 0.096 0.025 -0.048 0.044 

SocSup PartConf 0.704 0.864 -0.009 0.102 

SocSup DiffKids 0.029 0.038 -0.055 0.053 

SocSup PosMoKids 0.970 0.761 -0.004 0.063 

SocSup AngKids 0.704 0.444 -0.015 0.060 

SocSup Res 0.136 0.040 0.042 0.043 

Note. AngKids = getting angry toward children; DiffKids = finding children difficult to manage; Dist = 
emotional distance; Exh = emotional exhaustion; FedUp = feeling fed up; PartnerConf = partner 
conflict; PartnerSupp = partner support; PosMoKids = sharing positive moments with children; Res = 
resources; SocialSupp = social support; SE = standard error. Bold text denotes an edge present in the 
contemporaneous network, using the and rule (i.e., p-values from both directions of prediction must be 
significant at p  < .05).  

Table S12. Edge values of the between subjects network (Figure 18) 

Node 1 Node 2 
p 

(Node 1>2) 

p 

(Node 2>1) 

Partial 

Correlation 

Dist Exh 0.596 0.380 -0.092 

FedUp Exh 0.000 0.000 0.623 

FedUp Dist 0.218 0.895 0.073 

PartSup Exh 0.367 0.001 0.222 

PartSup Dist 0.653 0.593 -0.059 

PartSup FedUp 0.026 0.026 -0.35 

PartConf Exh 0.016 0.013 -0.323 

PartConf Dist 0.161 0.634 -0.121 

PartConf FedUp 0.124 0.014 0.276 

PartConf PartSup 0.013 0.008 -0.301 

DiffKids Exh 0.512 0.083 0.158 

DiffKids Dist 0.200 0.385 0.139 

DiffKids FedUp 0.004 0.000 0.437 

DiffKids PartSup 0.190 0.002 0.308 

DiffKids PartConf 0.627 0.844 0.018 

PosMoKids Exh 0.726 0.653 -0.054 

PosMoKids Dist 0.000 0.000 -0.946 

PosMoKids FedUp 0.845 0.131 0.045 

PosMoKids PartSup 0.352 0.738 -0.073 

PosMoKids PartConf 0.956 0.997 -0.004 

PosMoKids DiffKids 0.948 0.907 0.012 

AngKids Exh 0.782 0.948 0.016 

AngKids Dist 0.764 0.825 0.035 

AngKids FedUp 0.387 0.829 0.106 

AngKids PartSup 0.101 0.000 0.333 

AngKids PartConf 0.000 0.000 0.533 

AngKids DiffKids 0.018 0.053 0.279 

AngKids PosMoKids 0.595 0.793 -0.014 

Res Exh 0.000 0.000 -0.459 
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Res Dist 0.707 0.107 0.128 

Res FedUp 0.881 0.373 -0.022 

Res PartSup 0.003 0.23 0.248 

Res PartConf 0.786 0.776 -0.002 

Res DiffKids 0.043 0.414 0.206 

Res PosMoKids 0.524 0.098 0.153 

Res AngKids 0.955 0.438 -0.044 

SocSup Exh 0.752 0.210 -0.037 

SocSup Dist 0.345 0.016 -0.197 

SocSup FedUp 0.157 0.167 0.227 

SocSup PartSup 0.793 0.232 0.084 

SocSup PartConf 0.001 0.000 0.422 

SocSup DiffKids 0.439 0.687 0.081 

SocSup PosMoKids 0.166 0.020 -0.229 

SocSup AngKids 0.000 0.000 -0.440 

SocSup Res 0.452 0.809 0.066 

Note. AngKids = getting angry toward children; DiffKids = finding children difficult to manage; Dist = 
emotional distance; Exh = emotional exhaustion; FedUp = feeling fed up; PartnerConf = partner 
conflict; PartnerSupp = partner support; PosMoKids = sharing positive moments with children; Res = 
resources; SocialSupp = social support; SE = standard error. Bold text denotes an edge present in the 
between subjects network, using the and rule (i.e., p-values from both directions of prediction must be 
significant at p  < .05). 





 

Appendix F: 
Supplementary Materials from Chapter 8 

These supplementary materials can also be found at: https://osf.io/5sgkr/. 

F.1 Further sample information 

Data Collection 

Dropout 

 One participant dropped out after completing the briefing interview and five daily 

surveys; thus, their responses were under the 30% threshold for participants to be included in 

data analyses, and so their information was not included in the demographic information. 

Almost all participants answered at least 80% of ESM items; only 1 participant answered less 

(specifically, 77% of items, equivalent to 43 timepoints).   

Compensation  

Participants were compensated a total (if they answered at least 80% of daily surveys) of 

50€. This is a larger maximum amount than the previous similar study (i.e., 35€; Blanchard et 

al., 2023), as we found out in the meantime that similar ESM studies in the area were 

compensating participants 50€ and we wanted to align with this amount. All participants in 

this study were paid at the same rate.  

Further Demographic Information 

Employment 

 In terms of employment, 21 participants (52.5%) worked full time, 10 parents (25%) 

worked part-time, 1 parent (2.5%) was unemployed, 2 parents (5%) were unable to work due 

to disability (although one parent noted this was actually a temporary pregnancy-related leave 

due to job requirements), 3 parents (7.5%) were on parental leave, and 3 parents (7.5%) were 

stay-at-home parents.  

Income  

In terms of income, participants reported their net household monthly income as follows: 

2 participants (5%) between 1€-1500€, 9 participants (22.5%) between 1500€-2500€, 8 

participants (20%) between 2500€-3500€, 11 participants (27.5%) between 3500€-4500€, 7 

participants (17.5%) greater than 4500€, and 3 participants (7.5%) preferred not to say. The 

https://osf.io/5sgkr/
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average net Belgian income for 2020 was of 19,671€ (Statbel: 2020 Average Belgian Income, 

2022), which comes to 1639.25 monthly (and 3278.5 for dual-income households). More than 

half (52.5%) of the present sample made above both these thresholds, but a substantial 

percentage was therefore also underneath these thresholds. Therefore, there is a wide range of 

incomes across participants, but at least half report average-to-high net monthly incomes for 

Belgian families.   

Education.  

In terms of education, participants answered with the number of years starting with 

secondary school (e.g., schooling after sixth grade, when children are around 12 years of age 

typically). Answered ranged from 0 to 16, with a mean of 10.28 (SD = 2.61) and a median of 

10, which corresponds in typical Belgian education to 6 years of secondary + 3 years of 

bachelors + 1 year of masters.   

F.2 Baseline measures: Further information 

Beck Depression Inventory-II (BDI-II)  

We assessed depression symptoms using the BDI-II (Beck et al., 1996). Participants 

answered 21 questions, each time choosing the one statement out of four that most described 

how they felt during the past two weeks regarding specific symptoms (e.g., I do not feel sad to I 

am so sad and unhappy that I can’t stand it) on a four-point scale from 0 to 3. Scores could range 

from 0 to 63. Within this sample, internal reliability was high, with a Cronbach’s α of .99.  

Generalized Anxiety Disorder Scale (GAD-7).  

We examined trait anxiety using the GAD-7 (Spitzer et al., 2006). Participants indicated 

their anxiety over the past two weeks on seven items (e.g., worrying too much about different 

things) using a four-point scale from 0 (Not at all) to 3 (Nearly every day). Scores could range 

from 0 to 21. Internal reliability was high within this sample, with a Cronbach’s α of .89. 

Balance of Risks and Resources (BR2) Questionnaire  

We examined participants’ parenting risks and resources using the BR2, including 

perfectionist personality traits, stress management capabilities, parenting practices, co-

parenting, etc. (Mikolajczak & Roskam, 2018). Each of the 39 items took a bipolar form, with 

a risk factor on the left side (e.g., I find it difficult to reconcile my family life and my professional 

life) and the corresponding resource on the right side (e.g., I can easily reconcile my family life 

and my professional life). Parents answered each item from -5 to 5, with a negative number 

indicating the risk factor statement more closely mirrored their experience, and a positive 

number indicating the resource statement more closely reflected their experience. A rating 

closer to |5| signifies a stronger endorsement of the (negative or positive) statement, while 0 

indicates that the parent possessed neither risk factor nor resource factor. Scores could range 
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from -195 to 195, with a negative score indicating parents have more risks than resources (and 

vice versa for a positive score).   

F.3 Preprocessing 

Normality 

When assessing normality of the residuals and of within-person centered raw data with 

Shapiro-Wilk tests, no variables were normally distributed. We attempted to correct data to 

align with a normal distribution. We had preregistered a first attempt to correct with log-

transformation, but within-person centered data had many negative values or values close to 

0. We then attempted our alternate preregistered transformation, using the automatic 

transformation “Gaussianize” from the LambertW package (Goerg, 2015), particularly useful 

for transforming data with heavy tails. However, the resulting corrected data also was not 

normally distributed according to Shapiro-Wilk tests, and the skew and kurtosis values were 

either very close to the raw (within-person-centered) data or worse (see Table S13). We 

therefore decided not to include a sensitivity analysis with corrected data, as we could not be 

confident the transformation was closer to a normal distribution then the raw (within-mean-

centered) data.   

Table S13. Skew and Kurtosis Values for Raw and Gaussianize-Corrected Data (Both 
Within-Person Mean-Centered) 

Variable 
Raw Data  Gaussianize-Corrected 

Skew Kurtosis  Skew Kurtosis 

Emotional Exhaustion 0.33 2.66  0.38 3.01 

Emotional Distance 1.01 4.42  1.2 4.92 

Feeling Fed Up 0.81 3.48  0.75 3.66 

Partner Support -0.24 2.54  -0.24 2.54 

Partner Conflict 1.65 4.97  1.65 4.97 

Difficulty Managing Kids 0.67 3.09  0.58 3.04 

Positive Moments with Kids -0.94 4.8  -1.18 5.86 

Anger Toward Kids 0.95 3.24  0.96 3.1 

Resources -0.37 2.9  -0.44 2.99 

Social Support 0.89 2.98  1.02 3.14 

Note. The raw data is within-person centered, and the gaussianize-centered data is therefore also (as it 
transforms that data). The Gaussianize transformation is an automatic transformation from the 
LambertW package especially suited for corrected heavily tailed data (Goerg, 2015). 

Stationarity 

No subjects had non-stationarity. Some participants had trends for specific variables (e.g., 

a linear relationship between the ESM responses and time), but when checking with a KPSS 

test for trend stationarity, the test did not reject the null hypothesis of stationarity. For variables 

that did not have a linear trend, we checked for level stationarity with the KPSS test.  
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F.4 Further Information on Group Comparisons for 
Participant SDs 

We performed one-tailed t-tests to compare the intraindividual standard deviation of daily 

parental burnout features between the sample in the main manuscript (i.e., parents who self-

reported as exhausted and overwhelmed by parenting, hereafter termed the “Parental Burnout 

Sample”) with a sample of unselected parents (from Blanchard et al., 2023). We used one-tailed 

tests as we had hypothesized that parental burnout symptoms would fluctuate less from day to 

day for the sample of parents in burnout, but we did not find support for this hypothesis (see 

Table S14).  

Table S14. Group Comparisons of Daily Fluctuations of Parental Burnout Features 

Variable (iiSD) Unselected Sample PB Sample t df p 

 M SD M SD    

Emotional Exhaustion 24.31 6.00 28.45 5.88 -3.29 84.43 0.999 

Emotional Distance 15.74 7.00 21.67 7.12 -3.95 83.12 0.999 

Feeling Fed Up 21.89 6.78 25.91 5.64 -3.08 87.85 0.999 

Note. iiSD = intraindividual standard deviation; PB = Parental Burnout. 

To ensure that the two samples differed in daily mean levels of parental burnout features, 

we also did one-tailed t-tests to compare samples. Results support that these groups did not 

indeed report different mean levels of daily parental burnout (see Table S15).  

Table S15. Group Comparisons of Daily Mean Levels of Parental Burnout Features 

Variable (iiMean) Unselected Sample PB Sample t df p 

 M SD M SD    

Emotional Exhaustion 29.20 14.2 41.61 19.2 -3.41 69.96 <0.001 

Emotional Distance 23.89 13.5 31.00 18.0 -2.08 70.85 0.021 

Feeling Fed Up 22.52 10.6 30.53 16.5 -2.66 63.49 0.005 

Note. iiMean = intraindividual mean; PB = Parental Burnout.  

F.5 Sensitivity Analyses   

Sensitivity Analysis #1: Model Estimated with Data from All 
Parents with Parental Burnout (n=40) 

The first sensitivity analysis included all mothers from analyses in main manuscript 

(n=36) as well as the four fathers who participated in the study (n=4). When comparing this 

network (Figure S25) with the main analysis (Figure 19), results are overall very similar—all 

thick edges are present in both figures.  
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Figure S25. Network Analyses for All Parents (n=40), including Fathers (n=4) 

Note. Solid blue edges represent positive associations, while dashed red lines represent negative 
associations. AngKids = getting angry toward children; DiffKids = finding children difficult to manage; 
Dist = emotional distance; Exh = emotional exhaustion; FedUp = feeling fed up; PosMoKids = sharing 
positive moments with children; Res = resources; SocialSupp = social support. 

The only difference in the temporal network is one edge present in the only-mothers 

network (Figure 19) but not present in the network of 40 parents (Figure S25): a missing 

positive edge from Positive Moments with Kids toward Resources. In the contemporaneous 

network, there are two small edges that are no longer present in the network with 40 parents 

(Figure S25): a very thin edge connecting Exhaustion to Distance, and a thin edge connecting 

Positive Moments with Kids toward Resources. The between-subjects networks are identical.  
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Sensitivity Analysis #2: Adding coparenting variables (and thus 
removing single parents) 

We wanted to include a network with the partner-related nodes (i.e., Partner Support and 

Partner Conflict), but to do this we had to remove single parents, reducing the sample size to 

30 (4 fathers and 26 mothers). The number of nodes for this network was therefore 10. The 

restricted sample size is why this network is included as a sensitivity analysis and not as the 

main analysis as was the case in Blanchard et al. (2023), which was an unselected sample (and 

therefore recruitment was easier and the study included more participants). Note that there 

were estimation issues when generating this network with correlated random effects (which 

was specified for all other networks), possibly due to convergence issues with a network with 

only 30 participants and additional nodes. Because of this, we estimated this network with 

orthogonal (non-correlated) random effects.  

For the temporal network, all edges are thinner in the network with partner-related effects 

(Figure S26) than in Figure 19; only the autoregressive effects for Partner Support and Partner 

Conflict are thick. This implies that for parents with coparents, the strongest effect is the self-

prediction for partner interactions which subsumes all other variable predictions. Adding these 

variables into the network also impacted how other variables interacted with Positive Moments 

with Kids and Resources. In Figure 19, Positive Moments with Kids had a strong autoregressive 

association and predicted Resources, as well as had a dampening cycle with Distance (e.g., both 

negatively predicting the other). In Figure S26 with coparents, meanwhile, the only edge 

relating to Positive Moments with Kids goes toward Distance. Moreover, Resources is 

positively predicted by Partner Support and positively predicts Distance in turn. These changes 

imply that adding partner-related variables into the network (and thus limiting our sample to 

parents with coparents) impacts how parents sharing Positive Moments with Kids interacts 

with the rest of the network—this variable becomes much less connected. There are also two 

(thin) edges that are counter-intuitive in Figure S26: Partner Conflict predicts feeling less 

Distance, while Resources predicts increased Distance. It is possible that when parents are 

feeling conflict with their partner they feel closer with their children (although this goes 

against hypotheses such as the spillover hypothesis, where marriage problems might spill over 

into parenting; Coiro & Emery, 1998), but it is particularly curious that Resources predicts 

increased Distance. Note, however, that Figure S26 has limited participants for many nodes 

and because of this likely had convergence issues, and so all results are very preliminary and 

exploratory. 
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Figure S26. Network Analyses Including Partner-Related Nodes (n=30 Parents with 
Coparent) 

Note. Solid blue edges represent positive associations, while dashed red lines represent negative 
associations. AngKids = getting angry toward children; DiffKids = finding children difficult to manage; 
Dist = emotional distance; Exh = emotional exhaustion; FedUp = feeling fed up; PartConf = partner 
conflict, PartSup = partner support, PosMoKids = sharing positive moments with children; Res = 
resources; SocialSupp = social support. 

For the contemporaneous network, all thick edges are the same between Figure 19 (all 

mothers) and Figure S26 (all coparents). There are some very thin edges that are different 

between these two networks, however: Resources is no longer positively connected with 

Positive Moments with Kids, but is now (very weakly) negatively connected to Partner 

Support, which in turn is weakly and negatively connected to Anger toward Kids. For the 

between-subjects network, all thick edges from Figure 19 are present in Figure S26. There are 

new edges present, however, some of which are not directly connected to partner-related 
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variables: Social Support is now positively connected to Positive Moments with Kids, which is 

positively connected to Resources, which is negatively connected to Social Support.   

Overall, adding in partner-related variables into the network analyses impacts the 

temporal and the between-subjects network, and in particular seems to impact how other 

variables interact with Resources and with Positive Moments with Kids. These changes could 

be due to taking into account partner conflict and partner support (i.e., these two variables 

explain additional variance), but also could be due to a limited sample and limited statistical 

power (which also meant the model was estimated differently, with orthogonal, or non-

correlated, random effects). Another explanation could also be related to the specificity of the 

coparenting relationships: each coparenting relationship will be distinct (potentially more so 

than each individual differences in how parents experience exhaustion, or how they interact 

with their children), and so perhaps 30 parents is too limited to capture group-level 

commonalities amongst how parents in burnout perceive support and conflict with their 

partner.  

Sensitivity Analysis #3: Adding variable “Time with Kids” to 
full sample 

We also wanted to examine how the network structure would change when including the 

variable “Time Spent with Kids” in the network (i.e., controlling for it). This network was 

constructed with all parents (n=40) and included 9 nodes (the 8 from the main network 

analysis in Figure 19 as well as Time with Kids; no partner-related variables were included as 

the sample for this network included single parents).  

Across all three networks (see Figure S27), adding Time with Kids did not lead to any 

major changes in the structure of the networks. For the temporal network, all edges were 

thinner and the autoregressive association for Time with Kids was the only very thick edge (i.e., 

the self-predicting effect for Time with Kids was the strongest predictor in the network). The 

only changes for the structure involved Positive Moments with Kids: Time with Kids positively 

predicted Positive Moments with Kids, while the autoregressive association on Positive 

Moments with Kids was now missing. This suggests that the amount of hours spent with kids 

does predict the amount of shared positive moments with their children the next day, but not 

any other variables (e.g., getting angry with children, finding children difficult to manage, 

feeling exhausted, distant, fed up).  

For the contemporaneous network, however, Time with Kids was associated with more 

variables in the network (while all thick edges from Figure 19 are still present in Figure S26): 

Time with Kids still strongly positive connected to Positive Moments with Kids, but also to 

Finding Kids Difficult to Manage, and thinly to Fed Up and Exhausted. This means that within 

one day, the more time parents spent with their children was associated with not only sharing 

positive moments with their children but also with finding children difficult to manage, 

feeling fed up, and feeling emotionally exhausted. 
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For the between-subjects network, the results in Figure S27 are almost identical to Figure 

19 in the main analyses, with the exception of a small negative edge between Time with Kids 

and Social Support. This implies that on average across the eight weeks, the time parents spent 

with their children did not impact their affective experience as a parent, nor their interactions 

with their children.  

 

 

Figure S27. Network Analyses including “Time with Kids” Variables (with n=40 
Parents) 

Note. Solid blue edges represent positive associations, while dashed red lines represent negative 
associations. AngKids = getting angry toward children; DiffKids = finding children difficult to manage; 
Dist = emotional distance; Exh = emotional exhaustion; FedUp = feeling fed up; PosMoKids = sharing 
positive moments with children; Res = resources; SocialSupp = social support, TimeKids = time spent 
with kids (in hours). 

Exh

Dist

FedUp

DiffKids

PosMoKidsAngKids

Res

SocSup

TimeKids

Temporal

Exh

Dist

FedUp

DiffKids

PosMoKidsAngKids

Res

SocSup

TimeKids

Contemporaneous

Exh

Dist

FedUp

DiffKids

PosMoKidsAngKids

Res

SocSup

TimeKids

Between-subjects



308 | The temporal dynamics of parental burnout 

F.6 Centrality Analyses 

We estimated strength centrality (i.e., an index of how connected each node is to other 

variables). There are general concerns with interpreting centrality indices for psychology 

networks (Bringmann et al., 2019), but many researchers still report and interpret centrality 

indices for symptoms networks, as symptoms that are highly connected to other symptoms are 

typically seen as maintaining the network (McNally, 2016).  The networks estimated in this 

study do not include only symptoms, however—indeed, they include mostly contextual 

variables, including some that are not always purely “negative” or “positive” but depend 

heavily on the context (e.g., getting angry at kids). As such, we estimated centrality indices just 

for the sake of completeness and only report them here in the supplementary materials. 

 

Figure S28. Raw Strength Centrality Indices for all Networks (n=36 mothers) 

Note. AngKids = getting angry toward children; DiffKids = finding children difficult to manage; Dist = 
emotional distance; Exh = emotional exhaustion; FedUp = feeling fed up; PosMoKids = sharing positive 
moments with children; Res = resources; SocialSupp = social support. 

Stability Analyses for Centrality Indices  

 As we estimated centrality indices, even if only in the supplementary materials (see 

Figure S28), we also wanted to assess the stability of these estimates (as we also did in Blanchard 

et al., 2023), following the method and code of Jongeneel et al. (2020).  We calculated 200 

networks that included a randomly sampled 80% of participants (i.e., 38 participants) and 

computed centrality indices for these networks (strength for the contemporaneous and 

between-subject networks, and in- and out-strength for the temporal networks). We then 

correlated the centrality indices of the original model with the 100 randomly sampled models 
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using Spearman rank correlations and plotted these correlations in a histogram (see Figure 

S29). 

Note that since this sample is already limited, we included all participants (including 

fathers and single parents, and so n=40). We estimated orthogonal random effects for these 200 

networks (and not correlated random effects, as in the main manuscript), both for time and 

due to the limited sample size. Even so, not all models converged (i.e., 2 out of the 200), likely 

due to the limited sample size (e.g., 80% of 40 so 32), and likely other networks in the estimated 

200 were not adequately powered.  

When examining Figure S29, we can conclude that centrality estimates were very stable 

for the contemporaneous network, relatively stable for the between-subjects network, and not 

very stable for the temporal network (although better for out-strength than in-strength 

centrality).  

 

Figure S29. Correlations between case-dropped network and original (n=40) 
network
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Appendix G: 
Supplementary Materials from Chapter 9 

These supplementary materials can also be found at: https://osf.io/xc5rd. 

Note that all R code and materials in this document (e.g., tables and figures) are shared on the 

Open Science Framework: https://osf.io/5nfbu/. 

G.1 Additional Information: Samples 

US Sample: Demographic Information 

All parents had at least some college education, and more particularly: 10 participants had 

some college education, 33 had a college degree, 47 a master’s degree, and 14 a doctoral degree. 

Regarding employment, 14 parents had no job, 12 had one part-time job, 71 had a full-time 

job, two parents were on parental leave, and five parents answered “other.” Regarding 

household income, 13 parents reported a household income below the US household median 

(i.e., 70,000 USD) while 88 reported a household income at or above the median; additionally, 

one parent’s income was unknown and two preferred not to answer. Regarding public 

assistance, ten parents received public assistance currently or had in the past year, eight parents 

had received public assistance in the past (over one year ago), and 86 parents had never received 

public assistance. Regarding ethnicity, four parents chose Hispanic/Latino, 99 chose not 

Hispanic/Latino, and one parent preferred not to answer. Lastly, regarding race, 101 parents 

chose a single race, and three parents chose more than one race. Across all options, two parents 

selected American Indian/Alaskan Native, 12 selected Asian/Pacific Islander, 9 selected 

Black/African American, 83 White, and 1 other (self-described as Middle Eastern).  

The two Belgian samples include demographic information relating to the age of parents 

and children in their associated articles (Blanchard, Hoebeke, et al., 2023b, 2023a), but so 

include similar information on the US sample included in this study here. Parents in the US 

sample had a mean age of 33.24 years (ranging from 24 to 45 years), while their children had a 

mean age of 16.79 months (ranging from 12 to 24 months). In addition, families in the study 

had an average of 1.62 children (ranging from one to five), and an average of 2.06 adults in the 

household (ranging from one to five, with a medium of two).   

 

https://osf.io/xc5rd
https://osf.io/5nfbu/
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US Sample: Inclusion into Present Study 

By the time data was downloaded for inclusion in this study, the team in the US had 

recruited 146 parents for their Baby EMU study, with data collection spanning from February 

2023 to July 2023. However, 24 of these participants were excluded as they did not finish the 

study, did not complete measures required for this study (i.e., PBA or daily questions) or failed 

the attention checks embedded in the PBA. An additional 18 participants were excluded 

because they answered less than 50% of daily items (i.e., fewer than 11 out of 21), as 

preregistered; this yielded 104 participants.  

G.2 Affective Indices: Distributions of Remaining Indices 

The distribution of the affective indices not included in the main manuscript (i.e., ICC 

and residual SD) can be found in Figure S30 Figure S31. As can be seen, the distributions for 

all indices vary by sample (US vs Belgium).  

 
Figure S30. Distribution of ICC (i.e., Covariation Index) by Sample 

Note. ICC = Intraclass correlation coefficient. 

 

 
Figure S31. Distribution of Residual Standard Deviation (i.e., Variation Index) by 

Sample 
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G.3 Affective Indices: Correlation Plots with Parental 
Burnout Assessment 

Correlation plots from all affective indices with parental burnout severity can be seen in 

Figure S32 - Figure S34. As can be seen in Figure S32, the mean levels and standard deviations 

of all three parental affect variables are significantly correlated with parental burnout severity 

(when examining with a simple bivariate correlation), while relative SD is not.  

 
Figure S32. Correlation of Mean, SD and Relative SD with Parental Burnout Severity 

When examining the correlation plots of all inertia (i.e., autoregressive) indices in Figure 

S33, all indices were significantly associated with Parental Burnout Assessment scores, apart 

from inertia estimates from the simple autoregressive model (specifically for Distance and 

Exhaustion). These plots also demonstrate how the distributions per sample are quite different 

(particularly for mlVAR indices). In Figure S34, ICC estimates are significantly correlated with 

parental burnout severity. 
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Figure S33. Correlation of all Inertia Indices with Parental Burnout Severity 

 

 
Figure S34.Correlation of ICC (Intraclass Correlation Coefficient) Estimates with 

Parental Burnout Severity 



Appendix G | 315 

G.4 Sensitivity Analyses: Further Information 

The full results tables for all sensitivity analyses—including the coefficient estimates and p-

values for all models—can be found in the online supplementary materials 

(https://osf.io/5nfbu/).  

 

A visual summary of all sensitivity analyses can be found in Figure S35.  

 

Figure S35. Summary of Significant Predictors Across Sensitivity Models with Raw 
Data and By Sample 

Note. Belgium (Dummy) = dummy predictor indicating sample (Belgium or US); Dist = emotional 
distance; Exh = emotional exhaustion; FedUp =feeling fed up; AR(1) = autoregressive model; rsd = 
relative SD; mlAR = autoregressive parameter from a multilevel AR(1) model; mlVAR = multilevel vector 
autoregressive model. 
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