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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

Etre parent peut &tre un plaisir, mais aussi une source de difficultés. Certains parents,
confrontés a un stress chronique persistant et a des ressources insuffisantes, tombent en burn-
out : contrairement a la passion qu'ils éprouvaient, ils se sentent désormais émotionnellement
épuisés, distants de leurs enfants, et frustrés dans leur réle de parents. Par définition, la
parentalité implique des interactions avec un contexte familial—alors pour comprendre le
burnout parental, il y est nécessaire de 1’étudier dans son contexte. Cette thése propose
d'utiliser une approche en réseau pour examiner le burnout parental et le systéme familial :
explorer comment les expériences parentales sont (réciproquement) liées aux interactions
avec les enfants, I'éventuel co-parent et I'environnement familial. En outre, le burnout
parental n'a été étudié que comme un concept unitaire, mais cette these examine les roles
distincts de chaque composante du burnout parental. Sur base de nos analyses de réseau
transversales et temporelles, il semblerait que I'épuisement émotionnel contribue au
développement du burnout parental, et la distance émotionnelle a son maintien. Je propose
que ces résultats refletent des normes parentales culturelles spécifiques, et je discute de
I’urgence d’un développement plus approfondi des modeles en réseaux, afin d'évaluer de
maniere plus appropriée la nature complexe et dynamique des systemes 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
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 (ie., feeling “emotionally
extended and exhausted by one’s work”), depersonalization (i.c., “unfeeling and impersonal
response towards recipients of one’s care or service”), and low personal accomplishment (i.c.,
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 context!). 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 (Szczygiet 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 (Stanculescu 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

! 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 Bertalanfty, 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 (Barabdsi, 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
(Barabdsi, 2016). This has evolved to many fields, including biology and medicine (Barabdsi et
al., 2011), economics and social interactions (Barabdsi, 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 §,
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.

Reference

Blanchard, M.A. & Heeren, A. (2022). Ongoing and future challenges of the network
approach to psychopathology: From theoretical conjectures to clinical translations. In G.J.G.
Asmundson (Ed.), Comprehensive Clinical Psychology (2nd ed., vol. 11, pp. 32-46).
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“I think the next [21%] 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 (Barabdsi, 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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A) Latent Perspective B) Network Perspective
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Figure 1. A latent vs. a network perspective of psychopathology

Psychopathology

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).
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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 Barabdsi, 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).

A A B A
E B E B

Nodes A B c D E Nodes A B c D E
A 0 1 0 1 1 A 0 022 0 045 0.62
B 1 0 0 1 0 B 059 0 0 098 0
c 0 0 0 1 0 c 0 0 0 057 0
D 1 1 1 0 1 D 067 0 0 0 0
E 1 0 0 1 0 E 0 0 0 029 0

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/njsfé/.

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 (Barabdsi & 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).

@® O
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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 (Barabasi & Albert, 1999) posits that when new nodes are activated, they
connectto 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
etal., 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 & Moftitt, 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
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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 (Barabdsi 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 (Barabdsi 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



40 | The temporal dynamics of parental burnout

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, LK. 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
Barabdsi, 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
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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 (Barabdsi, 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.
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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
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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 (Barabdsi, 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., Lindstrom 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 wvice 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 vzce 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.c., 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) 42.61 847 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

Conlflicts 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 bave 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/be 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/be 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 GGM:s 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 ggraph
(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 (y) which controls the trade-off between including false-positive edges and removing
true edges. The hyperparameter v 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 y 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 (y = 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 47 147 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 538 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).
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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.


https://osf.io/q56sn/
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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).
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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.
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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 1l-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.
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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 (Szczygiet et al., 2020), Romanian (Stanculescu 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 (z = 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/4628x/.

We then conducted a pilot phase of data collection with a small group of parents (# = §;
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

Sample N M:t(l:/:e)rs, Smg:’e (':/:;fnts' Dates collected # days Briefing type su:nv:;I:ir;-ne Con::lleance
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 Recordedvideo  1.39 min 87%
French 8-week 50 46 (92%) 4 (8%) April-June 2021 56 Video call 1.32 min 94%

Note. ®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
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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.
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Table 4. Demographic Information

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 393 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 0.22 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 0.01° 21.70

Parental Burnout Assessment (total score) 37.84 25.81 8 131

Generalized Anxiety Disorder-7 Questionnaire 5.58 535 1 20

Beck Depression Inventory 11.20 10.22 0 52

Note. DASS = Depression Anxiety Stress Scales.
2This refers to a child that was 3 months old at the start of the data collection
bThis 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
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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).

A ( @& parentings1.formr.org/ @ : B (+ @ parentings1.formr.org @ i

This graph shows your progress for this
week.

As a reminder, your participation is completely
anonymous. There are no good or bad

answers. Mon “

Please indicate how much you agree with the ;
following statements using the slider; to be Tue W
able to submit your responses, you must move

wea @

the slider for each item.
Today ... Thu
Fri

| felt exhausted while caring for my children.

50

= Sat
Not atall Absolutely
Sun
I felt close to my children in both good and You'll receive a new notification

tomorrow inviting you to fill out the
questionnaire again.

bad situations.

Thank you for your participation!

Not at all Absolutely

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,
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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 (Liidtke & Trautwein, 2007; Snijders & Bosker, 1999);
for example, an ICC of .40 indicates that 409 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).
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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 m/r 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 ggplor2 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 S.
Table 5. Parental Burnout and Family Context: ESM Items

Category Item (English version)

Emotional Exhaustion | felt exhausted while caring for my children.

Emotional Distance | felt close to my children in both good and bad situations.

Feeling Fed Up | felt overwhelmed caring for my children.

Partner Support | received help from my partner with caring for my children.

Partner Conflict | had some misunderstandings, tension, or arguments with my partner.
Kids’ Behavior @ My children were difficult to manage.

Behavior towards Kids (+)2 | shared positive moments with my children.

Behavior towards Kids (-)2 | got angry with my children.

| lacked the means (for example, time, energy, material resources) to take
care of my children.

| received help from friends or family (other than my partner) with caring
for my children.

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.

Resources
Social Support

Time with Kids

@ 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.
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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 ltem
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 2041  21.27 0.26 3331 19.01 0.51 29.2 2431 0.23
Emotional Distance 8757 1102 032 8502 9.09 062 76.11 1574 038
Feeling Fed Up 14.2 1734 015 2453 17.76 0.40 2252 2189 0.16
Partner Support 5279 2425 040 7196 185 0.57 62.51 2515 042
Partner Conflict 3049 2214 0.60 2178 191 0.31 18.97 2287 0.19
Kids' Behavior 20.19 19.72 028 2301 1797 024 26.18 2254 0.19

Behavior toward Kids (+) 82.35 14.98 037 8541 1198 0.36 76.82 1638 038
Behavior toward Kids (-) 22.7 2179 027 2405 2022 0.25 2292 2337 0.8

Resources 2262 2395 012 2493 191 033 3244 2484 026
Social Support 27.75 2791 028 1376 1372 0.46 2586 3202 0.14
Time Spent with Kids 6.09 2.60 047 743 278 039 8.01 362 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 (7 = 2), and afterward removed participants who showed very little
variation (z = 7), these ICCs did decrease (see Section 8 of the appendix)!. 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

! 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).
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