[bookmark: _Toc43458431]Abstract
This research investigated how word production is influenced by six feature-based semantic variables (number of semantic features, intercorrelational density, number of near semantic neighbours, semantic similarity, typicality, and distinctiveness). We simultaneously investigated effects of the six semantic variables on spoken picture naming in a large group of participants (n = 87), while controlling for other psycholinguistic variables. Across analyses, number of semantic features was the most consistent predictor with a facilitatory effect on naming latency and accuracy. In addition, inhibitory effects were found on naming accuracy for intercorrelational density and on naming latency for distinctiveness. The facilitatory effect of number of semantic features is suggested to stem from stronger semantic activation with an increasing number of semantic features, which results in facilitated selection of the word’s lexical representation. In contrast, the inhibitory effect of intercorrelational density is most easily accounted for by increased competition at the lexical level. The mechanism underlying the inhibitory effect of distinctiveness is unclear. These findings indicate that future research on factors affecting word retrieval should also control for effects of number of near semantic features, intercorrelational density, and distinctiveness. They also suggest that effects of the other semantic variables (e.g., semantic neighbours) reported in the literature were potentially overestimated due to insufficient control of other semantic and/or psycholinguistic variables. 
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Introduction
Decades of research targeted at understanding processes during word production have led to several theoretical accounts of word production (e.g., Abdel Rahman & Melinger, 2009, 2019; Dell, 1986; Howard et al., 2006; Levelt et al., 1999), which mostly agree about the general architecture of word production and there is a consensus that it is a semantically mediated process (e.g., Bock & Levelt, 1994; Vitkovitch & Humphreys, 1991; but see Kremin, 1986). The most common experimental paradigm for these investigations is picture naming. In this paradigm, following picture processing, the activation of word meaning at a semantic level leads to lexical level activation, where the target word’s lexical representation is selected among (possibly competing) alternatives. This is followed by activation of the target’s word form and then by further phonological and phonetic processes that lead to word production. However, there is disagreement about crucial details of the model. More specifically, it is, for example, still unclear how exactly information is processed at each level of the model and researchers disagree about whether there is competition between co-activated representations, the mechanism underlying any such competition, and the level(s) it might affect. 
Word production processes are often investigated by manipulating the context in which a target word appears (Picture Word Interference, e.g., Gauvin et al., 2018; Melinger & Rahman, 2013; Blocked-Cyclic Naming, e.g., Ewald et al., 2012; Python et al., 2018; Continuous Naming, e.g., Howard et al., 2006; Rose & Abdel Rahman, 2016). Rather than manipulating the context in which words occur, another approach to the investigation of processes in word production is to examine the effects of item-inherent characteristics that naturally differ from word to word (e.g., word frequency or imageability, e.g., Alario et al., 2004). The principle is that information processing at the different levels of word production may be affected in different ways by manipulations of, or naturally occurring variability in, these word characteristics. Hence, the effects of these word characteristics can in turn inform and advance our understanding of representation and processing in word production. One set of variables that attracts research attention are those that capture information about the semantic representation of a target word and its relationship to other words in the mental lexicon (e.g., Fieder et al., 2019; Rabovsky et al., 2016, 2020): semantic variables. It is the effects of these ‘semantic variables’ on spoken word production that are the focus of the research presented here. Semantic variables operationalise statistical or distributional facts about the presumed semantic representation of a target word and can capture a wide range of aspects of the meaning of single concepts or of its relationships to other words in the mental lexicon. They can, for example, describe the richness of the semantic representation of the target word or the number of words that are closely related in meaning. It is the effects of these semantic variables on spoken word production that are the focus of the research presented here.
Most of the previous research into effects of semantic variables was conducted to investigate the underlying semantic representations themselves and thus focused on word comprehension, using tasks like semantic categorisation and feature verification, or conducted computational modelling from this perspective (e.g., Fujihara et al., 1998; McRae et al., 1997; Mirman & Magnuson, 2008; Pexman et al., 2003; Randall et al., 2004). However, in word production, semantic processing precedes and therefore determines lexical processing. Consequently, semantic variables are hypothesised to not only have consequences for semantic processing but may also affect subsequent lexical processing. However, current theories of word production are underspecified with respect to effects of semantic variables and details of how they might affect processing are not clearly stated. This makes word production a particularly interesting and relevant modality to study effects of semantic variables.
Given the possibility of ir widespread influence on the word production process, it is important to establish which semantic variables reliably affect word production (as measured in picture naming) and to understand the mechanisms underlying these effects. Understanding the influence of these semantic variables will facilitate our understanding of how information is represented and processed at the different stages of word production and help us to better understand word production mechanisms. More specifically, studying semantic variables will shed light on the structure of semantic representations and their influence on retrieval and selection of words in the mental lexicon. This also allows us to evaluate the adequacy of current theories of word production, given that some theories may not include the architectural elements required to explain the effects observed. Moreover, knowledge of the semantic variables that influence word production is also of methodological importance, as it can, for example, be used to achieve improved matching and control of influential variables. 
Depending on the theory of semantic representation, that is, the nature of the semantic dimensions encoded in the human mind, various relationships are suggested to be important, each of which represents a different approach to specifying aspects of semantic representation. Semantic relationships can be described on the basis of participant-generated associations (e.g., De Deyne et al., 2019; Nelson et al., 2004), co-occurrence patterns in large text corpora (e.g., Latent Semantic Analysis,; Landauer et al., 1998;) Continuous bag-of-words model, (Mikolov et al., 2013), or participant-generated semantic features (e.g., Devereux et al., 2014; McRae et al., 2005; Vinson & Vigliocco, 2008).
 In this study, we focus on effects of semantic variables that can be operationalised based on semantic features, as provided in the feature norm database by McRae et al. (2005). Importantly, we believe that the use of feature-based semantic variables is not only compatible with semantic knowledge being decomposed into semantic features. In contrast, feature-based semantic variables could also be indicative of relations between holistic lexical concepts like, for example, the number or strength of connections between them (e.g., Abdel Rahman & Melinger, 2009; Collins & Loftus, 1975; Levelt et al., 1999). In our theoretical interpretations of the findings, we use a cascading, interactive model of word production that assumes lexical competition (Abdel Rahman & Melinger, 2009, 2019), however, we also assess the ability of other current theories of word production to account for the observed effects of semantic variables and consider both feature-based and holistic semantic representations. 
Previous research into effects of semantic variables was often inconclusive and subject to methodological flaws (discussed below). Consequently, here, we aimed to extend and improve the evidence base, by investigating the effects of these semantic variables on the word production process. 
[bookmark: _Toc43458433]Review of the previous literature on feature-based semantic variables 
Effects of semantic variables that can be operationalised based on semantic features were studied to varying degrees in previous research. Table 1 summarises effects of feature-based semantic variables from studies that used simple picture naming paradigms with neurotypical adults, and, as is apparent, both facilitatory and inhibitory effects have been observed. While facilitation in word production is usually attributed to spreading activation at the semantic level (e.g., Abdel Rahman & Melinger, 2009) or feedback from the lexical to the semantic level (e.g., Dell et al., 1986), inhibition has been linked to competitive processes at the lexical (e.g., Abdel Rahman & Melinger, 2009, 2019; Howard et al., 2006; Levelt et al., 1999) or post-lexical stages (Mahon et al., 2007), or to a non-competitive learning mechanism influencing the strength of connections between semantic and lexical units operating at the lexical level (Oppenheim et al., 2010). We now address each of these variables in turn. 
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[bookmark: _Ref36202357]Table 1
Effects of semantic variables on picture naming in neurotypical adults: previous research
	Study
	Participants (n)
	Items (n)
	Design/analyses
	Operationalisation
	RT
	Accuracy
	Semantic errors
	Omissions

	Number of semantic features 

	Rabovsky et al., 2016
	16
	541
	continuous, (g)lmer
	feature-norm database (McRae et al., 2005)
	↗
	↗
	
	

	Rabovsky et al., 2020
	31
	345
	continuous, lmer, Bayesian model 
	feature-norm database (McRae et al., 2005)
	↗
	↗
	 
	 

	Taylor et al., 2012
	20
	302
	continuous, (g)lmer
	feature-norm database (McRae et al., 2005)
	↗
	
	
	

	Intercorrelational density

	Rabovsky et al., 2016
	16
	541
	continuous, (g)lmer
	feature-norm database (McRae et al., 2005)
	↙
	↙
	 
	 

	Rabovsky et al., 2020
	31
	345
	continuous, lmer, Bayesian model
	feature-norm database (McRae et al., 2005)
	Ø a
	↙
	
	

	Taylor et al., 2012
	20
	302
	continuous, (g)lmer
	feature-norm database (McRae et al., 2005) b
	Ø
	
	
	

	Number of near semantic neighbours

	Fieder et al., 2019 c
	30
	180
	continuous, (g)lmer
	feature-norm database (Devereux et al., 2014)
	↙
	↙
	↗ (also for coordinate errors)
	↗

	Mirman, 2011 c
	35 older adults
	57
	matched sets 
	feature-norm database (McRae et al., 2005)
	Ø
	↙
	↗
	

	Hameau et al., 2019 
	40
	84
	continuous, (g)lmer
	feature-norm database (McRae et al., 2005) and rating; feature-based semantic neighbourhood factor:
 number of near semantic neighbours and rated competitors
	Ø d
	Ø d
	
	

	Lampe et al., 2017
	15 older adults
	44
	matched sets
	feature-norm database (McRae et al., 2005)
	Ø
	Ø
	
	

	Bormann, 2011
	18
	54
	matched sets, (g)lmer
	rated within category competitors e
	Ø
	
	
	

	Semantic similarity

	Fieder et al., 2019 c
	30
	180
	continuous, (g)lmer
	feature-norm database (Devereux et al., 2014)
	Ø
	↙
	↗
	↗

	Typicality

	Dell’Acqua et al., 2000
	84
	266
	continuous, 
multiple regression
	rating
	↗
	
	
	

	Grossman et al., 1998
	14 older adults
	72
	matched sets
	rating
	↗
	
	
	

	Holmes & Ellis, 2006 f
	25
	84
	matched sets 
	rating
	↗
	Ø
	
	

	Jolicoeur et al., 1984
	18
	48
	matched sets 
	rating
	↗
	
	
	

	Fieder et al., 2019 c
	30
	180
	continuous, (g)lmer
	rating
	Ø
	↗
	Ø (also for coordinate errors)
	↙

	Morrison et al., 1992 g
	20
	48
	continuous, multiple regression
	rating
	Ø
	
	
	

	Woollams, 2012 h
	16
	80
	matched sets 
	rating
	Ø
	Ø
	
	

	Rogers et al., 2015
	12 older adults
	48
	matched sets, no statistics reported
	rating
	
	↙
	
	

	Distinctiveness

	Rabovsky et al., 2016 
	16
	541
	continuous, (g)lmer
	feature-norm database (McRae et al., 2005)
	↗ i
	↗ i
	 
	 

	Taylor et al., 2012
	31
	345
	continuous, (g)lmer
	feature-norm database (McRae et al., 2005)
	↗ j
	
	 
	 

	Miozzo et al., 2015 k
	17
	146
	continuous, stepwise regression
	feature-norm database (McRae et al., 2005)
	
	Ø
	
	

	Humphreys et al., 1988
	20
	76
	matched sets
	category distinctiveness (“structural similarity”); rated features in common with exemplars of a category (control participants)
	↗
	
	
	

	Note. RT = response time, (g)lmer = (generalised) linear mixed effects model analyses, RTs and accuracy: ↙ = poorer performance – slower RTs and decreased accuracy with higher values of the measure, ↗ = improved performance – faster RTs with increased accuracy and higher accuracy with higher values of the variable, Semantic errors and omissions: ↙ = reduced numbers of errors of this type with higher values of the variable, ↗ = increased numbers of errors of this type with higher values of the variable, Ø = no effect, blank cells = not investigated. 
Participants - where not otherwise specified, young adults- typically undergraduate students.
a inhibitory effect on RT significant in a second round of naming.
b correlation measure based on ‘intercorrelational strength’ in Taylor et al. (2012).
c speeded naming paradigm (500ms deadline).
d results based on Holm-Bonferroni corrected p-values to account for testing for multiple variables of interest.
e Bormann's (2011) measure was based on ratings capturing the number of category coordinates of a target, which was then dichotomised into words with many and few competitors. 
f similar results in picture naming after familiarisation and a subsequent second round of naming.
g rated typicality in two categories: man-made versus naturally occurring objects.
h pre rTMS.
i distinctiveness added in additional analysis in discussion; non-significant when intercorrelational density was in the model at the same time.
j naming was also faster for concepts with more highly correlated distinctive features. 
k Miozzo et al.‘s (2015) Specific Semantic Features measure contained two measures grouped through Principal Component Analysis: number of distinctive features and number of encyclopaedic features.  


 

[bookmark: _Toc43458434]Number of semantic features
Number of semantic features, often referred to as semantic richness, is a simple count of the total number of features generated by participants in response to a target word, for example when producing features for a feature-norm database (e.g., McRae et al., 2005). A higher number of features has been consistently found to facilitate both response times in picture naming and, where investigated, naming accuracy (Rabovsky et al., 2016, 2020; Taylor et al., 2012). Looking at specific types of semantic features (e.g., distinctive perceptual or shared functional features) Rico Duarte and Robert (2014) also reported a facilitatory effect from a higher number of semantic features. 
[bookmark: _Toc43458435]Intercorrelational Density
Intercorrelational density captures the extent to which feature pairs of a concept co-occur across concepts. Rabovsky and colleagues (2016, 2020) reported lower naming accuracy for items with higher intercorrelational density. In contrast, there is inconsistent evidence regarding an effect on response latencies: While Rabovsky et al. (2016) found significantly slower latencies with increasing intercorrelational density, this effect only reached significance in a second repetition of the item set in Rabovsky et al., (2020), and was non-significant in Taylor et al. (2012). 
[bookmark: _Toc43458436]Number of near semantic neighbours 
Near semantic neighbours are defined as words that are semantically very similar to the target word and share many semantic features with it (e.g., a cosine similarity of at least 0.4 between feature vectors,; Mirman, 2011). Increased numbers of near semantic neighbours resulted in less accurate picture naming accuracy and lead to more semantic errors and omissions (versus correct responses) under special conditions in a speeded picture naming task (a variant of simple picture naming designed to increase naming errors,; Fieder et al., 2019; Mirman, 2011). Fieder et al. also found that a higher number of near semantic neighbours led to slower responses in speeded naming. However, Hameau et al. (2019), Lampe et al. (2017), and Bormann (2011, using a similar measure) found no significant effects in standard picture naming, on either errors or response latencies. 
[bookmark: _Toc43458437]Semantic similarity
Fieder et al.'s (2019) semantic neighbourhood similarity measure captured the average similarity of a target word and its semantic neighbours, based on the cosine similarity of their feature vectors (note that in other research the term semantic similarity is used to refer to the relationship between a target and a stimulus context (e.g., Rose et al., 2019) or the semantic overlap between two concepts in a particular context (e.g., Rose & Abdel Rahman, 2017)). Fieder et al. were the first to examine effects of semantic neighbourhood similarity on participants’ picture naming performance but did so using speeded picture naming. They found that naming accuracy in a speeded picture naming task was reduced for words with higher semantic neighbourhood similarity (i.e., semantically more similar neighbours) and participants were more likely to make a semantic error, coordinate error, or an omission over a correct response. In contrast, the effect of semantic neighbourhood similarity on naming latencies was not significant.
[bookmark: _Toc43458438]Typicality
Typicality captures the extent to which a target word is representative of its taxonomic category. Previous studies investigating typicality in word production used ratings to determine concept typicality (e.g., Dell’Acqua et al., 2000; Holmes & Ellis, 2006); however, it can also be obtained using feature norms (e.g., Rosch & Mervis, 1975). Compared to the other semantic variables, a relatively large body of literature has investigated effects of rated typicality on picture naming latency and accuracy. Where significant effects of typicality on response times were found (Dell’Acqua et al., 2000; Grossman et al., 1998; Holmes & Ellis, 2006; Jolicoeur et al., 1984), participants responded faster to words of higher typicality. However, note that significant effects on response latencies are not found consistently (see Fieder et al., 2019; Morrison et al., 1992; Woollams, 2012, for non-significant effects). For naming accuracy, Rogers et al. (2015) and Fieder et al. (speeded picture naming) reported conflicting results, while other studies reported non-significant results (Holmes & Ellis, 2006; Woollams, 2012). However, the higher statistical power of Fieder et al.'s speeded naming study, the alignment of their effect with the facilitatory effect of typicality on response times in other studies, as well as the lack of statistical analyses by Rogers et al. make a strong case for a generally facilitatory effect of typicality. 
[bookmark: _Toc43458439]Distinctiveness
[bookmark: _Hlk62744229]Distinctiveness indicates how special or unique the features of a concept are with regard to all other concepts of the database. Higher concept distinctiveness has been found to lead to faster (Rabovsky et al., 2016; Taylor et al., 2012) and more accurate responses (Rabovsky et al., 2016), although the effects in Rabovsky et al. were only significant once intercorrelational density was excluded from the analyses. Miozzo et al. (2015) investigated a similar measure, the number of distinctive features of a concept. The authors used Principal Component Analysis and found that this measure loaded on the same component, labelled Specific Semantic Features, as the number of encyclopaedic features. However, there was no evidence that this Specific Semantic Features component predicted naming latency in a stepwise regression analysis. Finally, also Humphreys et al. (1988) studied a related measure, structural similarity, which captures the extent to which a category is rated as having members which share their features. Participants were faster to name items from categories that were rated as having few shared features (the members of which were therefore presumably of higher average distinctiveness) in contrast to items from categories with many shared features (and therefore lower distinctiveness). While effects of distinctiveness were not assessed at the item level, the reported effect matches what Rabovsky et al. and Taylor et al. found for concept distinctiveness. 
[bookmark: _Toc43458440]Limitations of previous research
This brief overview of the literature demonstrates that some semantic variables (e.g., typicality) have been investigated more than others (e.g., intercorrelational density). Despite this imbalance and the sparseness of the evidence base, previous research reporting significant effects of a single semantic variable has mostly provided a consensus on the direction of any observed effect (i.e., positive or negative effect), although some studies did not find conclusive (significant) effects. The occurrence of both significant and non-significant findings for some semantic variables could be due to experimental and methodological differences between the studies or shortcomings in their design. More specifically, studies differed widely in statistical power due to varying numbers of items and/or participants, characteristics of the participants (e.g., age), and experimental factors, such as the experimental language or the task design (e.g., speeded vs standard naming).
However, two crucial shortcomings apply to most previous studies: First, previous studies of effects of semantic variables on word production have focused on only one or two types of semantic variable at the same time. Importantly, this approach neglects the issue that word meaning is likely to be a multidimensional construct and that different aspects of word meaning probably each explain unique variance with their effects occurring simultaneously (Pexman et al., 2013). Hence, given that semantic variables would be expected to operate simultaneously and not selectively, they would also be expected to influence participants’ picture naming behaviour simultaneously. Yet, despite this, previous research has not studied the joint effects of different types of semantic variables on the word production process. 
Second, previous research has often insufficiently controlled for (non-semantic) psycholinguistic variables that are known to influence word production (e.g., Alario et al., 2004; Perret & Bonin, 2019). This could have led to statistically significant effects of semantic variables in fact being artifacts of the lack of control. This is of particular concern given the intercorrelations within and between semantic and other psycholinguistic variables (e.g., words with more semantic features tend to have higher typicality and be of lower age of acquisition). Consequently, a significant effect of a semantic variable in the absence of sufficient control of psycholinguistic control variables and other semantic variables cannot confidently be interpreted as an independent effect of the variable of interest and the chance of a false positive finding, a Type 1 error, is increased. It is hence crucial that potentially confounding variables are controlled in the experimental design (e.g., via matching) or the statistical analyses (e.g., by using regression analyses) to avoid false positives. Only then can the unique effect of a variable of interest be identified with confidence. This was the aim of our research.

Two studies that deserve closer attention in the context of our research, are those of Rabovsky and colleagues (Rabovsky et al., 2016, 2020) who conducted behavioural and EEG analyses of number of semantic features and intercorrelational density. Rabovsky and colleagues (2016, 2020) improved on most previous research by studying these two semantic variables simultaneously. However, they only included familiarity, number of orthographic neighbours, and lexical frequency in their analyses (Rabovsky et al., 2016; visual complexity was additionally included in Rabovsky et al., 2020) and did not account for other psycholinguistic variables that influence word production (e.g., age of acquisition, name agreement, imageability, image agreement,; Perret & Bonin, 2019). However, the rigorous control of these variables is especially crucial when the effect of interest is potentially rather small. 
[bookmark: _Hlk62138062]Rabovsky et al. (2016, 2020) used McRae et al.'s (2005) feature database to derive stimuli and associated measures of number of semantic features and intercorrelational density. However, given that the studies were conducted with German-speaking participants, Rabovsky and colleagues translated the (English) database to German. While one can probably assume that cultural differences between English and German speakers would not have a dramatic impact on conceptual representations (and features) of the items in the database, some are undoubtedly problematic for a picture naming experiment in German. More specifically, some of the translated names for concepts have very low frequency in German and are unlikely to be elicited with high name agreement and other concepts are highly specific to North American culture (e.g., pie, gopher, cedar) (note however, that Rabovsky et al. (2016) familiarised half of their participants with the correct names before the experiment). Importantly, such differences may arise across languages, but may also influence performance of participants of different cultures with the same native language. Specifically, in this study we tested Australian English speakers, who may be as unfamiliar with some of the North American concepts as German participants. Thus, in the norming study presented in Study 1 we identified the items in the McRae et al.'s (2005) database that had high name agreement in Australian English, and selected these for Study 2, in order to reduce any impact that may have arisen due to cultural differences between speakers of American and Australian English. 
Moreover, Rabovsky et al. (2016, 2020) used black and white photographs of the objects, which may have hindered recognition of some objects (e.g., lime vs lemon). Consequently, even though the studies by Rabovsky et al. (2016, 2020) provide some of the most comprehensive analyses to date, it remains unclear how reliable the effects are and, as in the other studies in the literature, whether some effects are miscalibrated (i.e., over- or underestimated) due to insufficient experimental control of psycholinguistic and semantic variables. 
[bookmark: _Toc43458441]This study
In the light of the shortcomings of the previous studies to have explored semantic variables, we investigated the influences of an increased number (six) of different semantic variables on picture naming performance. This work aimed to determine if these semantic variables affect word production latency and accuracy by examining their effects simultaneously, while taking into account effects of relevant psycholinguistic variables. As outlined above, this knowledge will inform and advance word production theories by clarifying and dissociating effects of these semantic variables. Hence, this exploratory study both aims to make methodological contributions and to further extend and constrain theories of word production.
However, we also wished to ensure that our findings could be directly compared to the previous literature, rather than add another study with differing methodology. Consequently, as Rabovsky et al. (2016) provide one of the most rigorous investigations, we first replicate their analysis approach in order to directly compare our data to theirs and to test the reliability of their findings. Second, we incrementally increase the complexity of the analysis to ultimately, simultaneously, examine the effects of six feature-based semantic variables (number of near semantic neighbours, semantic similarity, number of semantic features, typicality, intercorrelational density, distinctiveness) while also controlling for important psycholinguistic variables known to affect picture naming. Hence, a, preregistered (Open Science Framework: https://osf.io/yw6ma/,; Lampe et al., 2019), threefold approach to the analysis was used which conceptually replicates and extends Rabovsky et al.’s study. The three separate analyses addressed the following two research questions:
1. How is speech production affected by the number of semantic features[footnoteRef:1]and intercorrelational density of the semantic representation of the target word?  [1:  This was termed featural richness in Rabovsky et al. (2016) and our preregistration. ] 

Analysis 1A: First, we conceptually replicated Rabovsky et al. (2016) and analysed effects of number of semantic features and intercorrelational density on naming latency and accuracy in English speaking participants, while controlling for concept familiarity, number of orthographic neighbours, and lexical frequency. In contrast to Rabovsky et al., we used only those McRae et al. (2005) items with high name agreement (in Australian English, as determined in Study 1). Moreover, we used an improved set of pictures (i.e., colour photographs instead of black and white pictures) and a slightly modified procedure (i.e., a familiarisation phase was used for half of the participants in the original study, while none of our participants were familiarised with any of the materials before the beginning of the task). 
Analysis 1B: Subsequently, we sought to establish if any effects of number of semantic features and intercorrelational density in Analysis 1A were statistical artifacts due to insufficient control of psycholinguistic variables. For this purpose, we extended Rabovsky et al.'s (2016) analysis (and Analysis 1A) by controlling for the psycholinguistic variables that were identified to influence picture naming by Perret and Bonin (2019): name agreement, image agreement, imageability, age of acquisition, conceptual familiarity, and lexical frequency. Moreover, we added the ordinal category position of an item (e.g., Howard et al., 2006) and the item’s trial number in the experiment as independent variables (e.g., Baayen & Milin, 2017). 
2. How is speech production additionally affected by other semantic variables, specifically, the number of near semantic neighbours, semantic similarity, concept typicality, and distinctiveness, when the psycholinguistic variables in Analysis 1B are also controlled for? If effects of the proposed semantic variables are significant, are they facilitative or inhibitory? 
Analysis 2: In this analysis, we determined if, when studied simultaneously, any of the other feature-based semantic variables have effects on picture naming behaviour, and whether any effects of number of semantic neighbours and intercorrelational density are retained. We therefore analysed effects of the six semantic variables of interest simultaneously while controlling for the psycholinguistic variables detailed in Analysis 1B. 
[bookmark: _Toc43458442]Study 1: Norming study 
Word and picture characteristics are known to influence performance in object naming studies (e.g., Alario et al., 2004; Perret & Bonin, 2019). It is therefore important to account for such variables when studying effects of other variables of interest. Psycholinguistic control variables can be included in the analysis (e.g., as fixed effects), so that any variance in performance associated with them can be attributed to them and subtracted from the estimates of the variables of interest.
Some confounding variables are specific to the pictures or the population used in a study (e.g., name agreement) and can hence not be extracted from previously published norms. Therefore, in the absence of previous studies using these pictures, we collected normative data to be able to account for all psycholinguistic variables identified to influence picture naming behaviour in a Bayesian meta-analysis by Perret and Bonin (2019). 
Methods 
[bookmark: _Toc43458444]Participants
Name agreement, age of acquisition, and imageability ratings were collected from 45 Macquarie University undergraduate students (21 female; M = 20.2 years old, range = 18–33 years, SD = 3.1) who were recruited from Macquarie University’s Psychology participant pool and participated for course credit. A different population of 48 undergraduate students (42 female; M = 20.9 years old, range = 17–35 years, SD = 4.9) provided image agreement ratings. All participants were native Australian English speakers, right- handed and reported no history of neurological, cognitive, speech or language impairments. Participants were tested individually after giving written informed consent. The study was approved by Macquarie University’s Human Ethics Committee. 
[bookmark: _Toc43458445]Stimuli, Material, and Procedure
Colour photographs corresponding to all 541 items of the feature McRae et al. (2005) feature database were retrieved from the internet. If necessary, the pictures were edited, such that they showed the object on white background. 
For the name agreement, age of acquisition, and imageability ratings, the pictures were divided into four lists containing 135 or 136 items each. Items from semantic categories were evenly distributed across the lists (e.g., buzzard, eagle, and vulture appeared in different lists). Items were presented in a randomised order, using Qualtrics software (Qualtrics, 2018).
Participants were asked to write the name of the pictures to obtain a measure of Australian name agreement (at least 11 participants per list). Subsequently, participants were presented with the items from one of the other lists as written words on the computer screen. In case of a word with ambiguous meaning (e.g., bat), a disambiguating description was provided together with the target word (e.g., bat (animal) vs bat (baseball)). Participants were asked to rate the age of acquisition and then the imageability of each item. The age of acquisition rating followed Johnston et al. (2010) and Gilhooly and Logie (1980): Participants were asked to estimate the age at which they thought they had first learned the name of the depicted object, choosing between seven age bands ranging from 0 to 13+ years. For the imageability rating, participants had to estimate the item’s capacity to arouse a mental image of an object on a 7-point Likert scale, following Cortese and Fugett (2004), Toglia and Battig (1978), and Paivio et al. (1968).
Image agreement ratings were obtained in an online study also using Qualtrics software. Each participant saw on average 307 of the 541 pictures in a randomised order (range = 104–330 pictures, SD = 60.3). At least 22 participants rated each picture. The participants were asked to indicate the picture’s image agreement following Snodgrass and Vanderwart (1980). Participants first saw a written word on the screen. Once ready, they advanced to a blank screen during which they were asked to create a mental image of the object they had read the name of. After 3 seconds, a single picture appeared on the screen and the participants were asked to judge how closely this picture matched their mental image of the object. Participants used a 5-point Likert scale, ranging from 1 “low agreement” to 5 “high agreement”. Two additional options were given to indicate that the object was unknown or that the participant had thought of a different object when reading the word. 
[bookmark: _Toc43458446]Analysis and Results 
We will first detail how the item set for the picture naming study was selected based on the name agreement data. Subsequently, values of the other variables will be reported for that item subset with high name agreement.
As we were interested in the name associated with an item rather than the spelling accuracy of production, responses with typing/spelling errors were corrected (e.g., achordian for target word accordion) and considered as correct responses. Items where less than 75% of participants produced the same response to a picture were then excluded from further analyses, which led to removal of 196 items. We retained four items where participants agreed on a different name to that used in the McRae et al. (2005) American English target list. For all of these items, we considered the appropriate Australian English labels for the same concept (i.e., “motorbike” for the target word “motorcycle”, “pram” for the target word “buggy”, “prawn” for the target word “shrimp”, and “teacup” for “cup”). 
From the remaining 345 items we discarded items when the agreed name: 
1. was another target word (e.g., 82% of participants used the target word “church” to name the picture of a chapel).
2. was a superordinate (e.g., 91% of participants used “bird” to name the picture of a partridge). 
3. referred to a different concept that was not another target (e.g., 91% used “wolf” to name the picture of a coyote). 
This process led to a final set of 297 items. For each of these items, average age of acquisition, imageability, and image agreement ratings were calculated. For the image agreement ratings, responses where a participant had indicated that the word was unknown or that they had thought of a different object were excluded from the analysis. The characteristics of the 297 items are listed in Table 2.

[bookmark: _Ref36132320]Table 2
Descriptive statistics for name agreement (proportion of participants providing the target name) and rated variables (age of acquisition, imageability, and image agreement) for the final 297 items set
	
	Name agreement (pro-portion of participants)
	Age of acquisition 
(7 age bands)
	Imageability 
(7-point scale)
	Image agreement 
(5-point scale)

	Average
	0.94
	3.21
	5.43
	4.36

	Minimum
	0.75
	1.25
	2.09
	2.91

	Maximum
	1.00
	6.64
	6.64
	5.00

	SD
	0.07
	1.03
	0.73
	0.42



[bookmark: _Toc43458447]Study 2: Picture naming experiment
A standard continuous picture naming experiment using simple picture naming without context manipulation was conducted to examine the effect of semantic variables on word production processes. The experimental procedure of this study and the three main analyses were preregistered on the Open Science Framework (Lampe et al., 2019; https://osf.io/yw6ma/) and the data and analyses scripts are available there. The materials are available on request from the corresponding author. The study was approved by the Macquarie University Human Ethics Committee. 
Methods
[bookmark: _Toc43458449]Participants
[bookmark: _Hlk55206995]Participants were recruited from Macquarie University’s Psychology participant pool and received course credit or monetary compensation (AUD15 per hour) for their time. All participants provided informed consent. Participants were eligible to participate in this study if they were Australian English native speakers, were right- handed, 17–35 years old, and had normal or corrected-to-normal vision. Exclusion criteria were a history of neurological or cognitive impairments or a history of speech and language impairments. 89 participants took part in this study, of whom 2 were excluded because they did not fulfil the eligibility criteria or did not comply with the instructions. The data from 87 participants (68 female; M = 20.1 years old, range = 17–33 years, SD = 2.3) were therefore used in the analyses.
[bookmark: _Toc43458450]Stimuli
The stimuli consisted of pictures of the 297 items from the McRae et al. (2005) database that were retained following the norming process described in Study 1 above. Another feature database (Devereux et al., 2014) provided information on semantic categories. We used the categories assigned by Devereux et al. for the 267 of our items that appeared in this database and assigned the remaining items to one of Devereux et al.’s 24 semantic categories. As 45 of our items were allocated to the “miscellaneous” category by Devereux et al., we re-assigned these items to new categories where possible (e.g., 10 items (e.g., skis) to a category of “sport equipment”, and 7 items (e.g., pipe) to a category of “plumbing”). This procedure led to 35 different semantic categories, containing between 1 and 32 items (M = 8.49 items per category).
[bookmark: _Hlk55207882]Stimuli were divided into four blocks (Blocks 1–4). Block 1 was designed as a set of stimuli that would not be prone to effects of cumulative semantic inhibition (i.e., the finding that the production of a target word is slower the more items from the same semantic category were previously named in the experiment; e.g., Howard et al., 2006) by comprising items from different semantic categories. This block consisted of 35 items, nine of which came from the miscellaneous category and one item of each of the different semantic categories, under the condition that no items in this block were near semantic neighbours (feature vector similarity cosine between pairs of items < .4; Mirman, 2011). The remaining items were divided evenly between Blocks 2–4 (Blocks 2 and 3 n = 87, Block 4 n = 88 items). Three pseudorandomised orders of items within each of the four blocks were created. For Blocks 2–4 a minimum of two items from different semantic categories intervened between items of the same semantic category in order to reduce interference/facilitation from closely related items. Finally, six different experimental lists were created by manipulating the order and pseudorandomisations of the different blocks. Block 1, controlling for the cumulative semantic inhibition effect, always appeared in the first position in each list, while Blocks 2–4 were presented in varying orders afterwards (i.e., positions 2–4, see Appendix A). Each participant saw one of the pseudorandomised experimental lists.
[bookmark: _Hlk55208679]For all 297 items, information was available for six psycholinguistic control variables as suggested by Perret and Bonin (2019) to influence picture naming: name agreement, image agreement, imageability, age of acquisition, familiarity (all values obtained from our norming study), and frequency (Zipf, based on television subtitles, SUBTLEX-UK; van Heuven et al., 2014). In addition, to replicate Rabovsky et al.'s (2016) analysis, the number of orthographic neighbours of the items was retrieved from the N-Watch database (Coltheart’s N; Davis, 2005). Two further control variables were based on the experimental lists: A measure accounting for the number of previously seen items of the same semantic category to control for the cumulative semantic inhibition effect (Howard et al., 2006) and the rank-order of an item within the experiment to account for habituation to the experimental situation or fatigue (Baayen & Milin, 2010).
[bookmark: _Hlk55208455]Information on six feature-based semantic predictor variables was derived from information given in McRae et al. (2005): number of semantic features, intercorrelational density, number of near semantic neighbours, semantic similarity, typicality, and distinctiveness. 
[bookmark: _Hlk55209400]Number of semantic features was a simple count of the semantic features generated for a target word (e.g., Rabovsky et al., 2016). For intercorrelational density, the shared variance of a concept’s correlated feature pairs was determined and then summed (e.g., Rabovsky et al., 2016). To qualify as a near semantic neighbour, the cosine feature vector similarity with the target had to be at least .4 (Hameau et al., 2019; Mirman, 2011; Mirman & Graziano, 2013). Following Mirman and Magnuson (2008), we operationalised semantic similarity as the average similarity between the feature vectors of the target and all other words in McRae et al.'s (2005) feature database (note that the only previous investigation of semantic similarity in word production (Fieder et al., 2019) excluded from the calculation concepts that had a feature vector similarity of 0 with the target. Other studies that have used the term measures of semantic similarity, are not relevant here as they have investigated a different issues, e.g., the relationship between a target word and the stimulus context (e.g., Rose et al., 2019) or the semantic overlap between two concepts in a context (e.g., Rose & Abdel Rahman, 2017)). Typicality was calculated in a similar way to Rosch and Mervis' (1975) family resemblance score: Each feature of an item received a score based on the number of other items in the same semantic category that were credited with that particular feature. This feature weight was then divided by the number of items in the semantic category and ultimately multiplied by its production frequency (number of participants who produced that feature for the item) before the feature weights of all features of an item were summed. Finally, distinctiveness was the inverse of the number of concepts in which a certain feature occurs across the database, which was then averaged across the features of a concept (e.g., Rabovsky et al., 2016). See Appendix B for a more detailed description of the calculation of the semantic variables and Appendix C for a demonstration that the variability of the semantic variables in the item set selected for this study was comparable to the full feature database by McRae et al. (2005). 
[bookmark: _Toc43458451]Procedure
[bookmark: _Hlk55217008]Testing took place in a quiet room at Macquarie University. In addition to naming latency and accuracy, a continuous EEG signal was recorded using a 64 channels ActiveTwo BioSemi system (BioSemi, Amsterdam, The Netherlands). T, the EEG data are reported elsewhere (Lampe, Bürki, et al., 2021). The simple picture naming task analysed here was the first task in a larger study that involved the participants subsequently naming the same pictures twice more in different experimental paradigms (e.g., Lampe, Hameau, et al., 2021). 
Picture presentation and trial-sequence were controlled by Presentation® software (Version 20.0, Neurobehavioral Systems, Inc., Berkeley, CA, www.neurobs.com). Trial sequence was as follows: First a fixation cross appeared in the centre of the screen for a random duration of between 500 and 1000ms, such that participants would be unable to predict the exact onset of the picture. Next, a picture was displayed for 2000ms on a white background in the centre of the screen and the participants were instructed to name the picture as quickly and accurately as possible, using a single word only. After the picture offset the screen was blank for 1000ms before the start of the next trial. 
[bookmark: _Hlk55217063]The experiment was presented on a Dell Precision tower 3620 running Windows 10 and using an AOC FreeSync LED monitor. Verbal responses and response latencies were recorded using a voice trigger in Presentation® and a Behringer preamplifier (Tube Ultragain Mic100) together with a Rode NTG1 shotgun microphone. The keyboard was used to navigate through the experiment.
The experiment began with 5 practice trials in which participants named pictures that were not part of the 297 experimental stimuli and came from different semantic categories to the experimental stimuli. There was a break after the practice phase and after each experimental block for the participants to ask questions and to rest. The first trial after each break included another practice picture, which again came from a different semantic category from all experimental stimuli. The task took about 30 minutes. 
[bookmark: _Toc43458452]Response coding
After the experiment, all responses were transcribed and coded for naming accuracy. Response latencies recorded by the voice trigger were checked and manually adjusted as necessary by visual and auditory inspection of the waveform using the program Praat (Version 6.0.49; Boersma & Weenink, 2019).
Accuracy of the first response was coded. Responses were coded as correct if the first response consisted of (only) the correctly pronounced target word. Only correct responses were considered for the naming latency analyses. For the accuracy analyses, in addition to correct responses, responses with a determiner preceding the correct name (e.g., “an octopus”), disfluencies on the target’s initial phoneme (e.g., “sss sofa”), hesitations (e.g.,“erm apple”), and elaborations (e.g., “yellow truck” for “truck”) were coded as correct. Responses consisting of a synonym or acceptable response (e.g., “sofa” for “couch”), abbreviations (e.g., “croc” for “crocodile”), or a response continuing from the previous item with subsequent correct naming of the target word (e.g., “emu .. bed” for “bed” with “emu” being the previous item) were coded as ‘not analysed’ (NA) and excluded from the analyses. Disfluencies with self-corrections (e.g., “oct squid” for “squid”), incomplete responses (e.g., “so” for “sofa”), incorrect responses (e.g., “chair” for “sofa”), as well as instances where the participants did not respond or made a comment that expressed a failure to respond (e.g., “I don’t know”; i.e., omissions) were coded as errors (see Appendix D, for examples and a summary of the coding system). 
[bookmark: _Toc43458453]Data analysis 
The data was analysed in RStudio (Version 1.2.5033; RStudio Team, 2019) using (generalised) linear mixed effect models ((G)LMMs) as implemented in the lme4-package (Version 1.1.21; Bates et al., 2017). p-values were derived using lmerTest (Version 3.1.1; Kuznetsova et al., 2017). For the specification of the random effects structure we followed Bates et al. (2015) and the model fit of nested models was assessed using likelihood ratio tests (stats package, Version 3.6.1; R Core Team, 2018). Plots were created using the package sjPlot (Version 2.6.3; Lüdecke, 2019). 
Ten data points from two participants had to be removed because of a programming error. Moreover, four items (board, bridge, racquet, and pie) were excluded from the analyses as many participants produced an elaboration that comprised a subordinate of the target word (e.g., tennis racquet). Outliers were identified for naming latency and accuracy, both for participants and items based on visual inspection of boxplots. Two participants who performed considerably less accurately than the other participants (69% and 62% naming accuracy versus mean accuracy of 86%, SD = 5%) were excluded from further analyses. Two items (crowbar and raft) were identified as outliers for naming accuracy (26% and 34% accuracy versus mean accuracy of 86%; SD = 15%) and excluded from further analyses. 
For the naming latency analyses, only correct responses were considered and all other responses (3,782 data points, 15.30% of the data) were disregarded. 20,943 data points from 291 items and 85 participants entered the analyses. For naming accuracy, responses conded as NA (sisting of a synonyms, an acceptable alternatives, or an abbreviations, and continuing responses; see section Response coding) were not analysed (171 data points, 0.69% of the data). 24,554 data points from 291 items and 85 participants entered the accuracy analyses.
All predictor variables were standardised using a z-transformation[footnoteRef:2]. Based on the output of the boxcox function (EnvStats Version 2.3.1; Millard, 2013), naming latency was negative reciprocally transformed to approximate a normal distribution (note that the negative reciprocal transformation preserves order among values of the same sign). [2:  The standardisation of ordinal category position and item number in the experiment was not preregistered. However, standardisation of all variables was necessary to facilitate model convergence. ] 

Three separate analyses on response latencies and naming accuracy were conducted: 
[bookmark: _Toc43458454]Analysis 1A: Replication of Rabovsky et al. (2016). In this analysis, the number of semantic features and intercorrelational density were the only semantic variables included in the model. Following Rabovsky et al. (2016), we also included rated familiarity, number of orthographic neighbours, and lexical frequency. We also replicated Rabovsky et al.’s random effects structure by initially including random intercepts for participants and items as well as random slopes for participants for both semantic variables. However, random slopes were only retained in the models if they were supported by the data, following the model definition approach described by Bates et al. (2015). 
[bookmark: _Toc43458455]Analysis 1B: Replication of Rabovsky et al. (2016) including more psycholinguistic control variables. In this analysis, the number of semantic features and intercorrelational density remained the only semantic predictor variables included in the model. However, in contrast to Rabovsky et al. (2016), we included a wider range of psycholinguistic control variables in the analysis. Following Perret and Bonin (2019) and Baayen and Milin (2017), the models included the control variables name agreement, image agreement, imageability, age of acquisition, familiarity, frequency, as well as a measure of ordinal category position and rank-order of an item within the list. Number of orthographic neighbours from Analysis 1A was not included. Again, random intercepts for participants and items were included in the models as well as random slopes for the two semantic variables by participants, which were  and retained if they were supported by the data. 
[bookmark: _Toc43458456]Analysis 2: Extension of Rabovsky et al.'s (2016) analyses to include six semantic variables. In the final analyses, the models included four further semantic variables (number of near semantic neighbours, semantic similarity, typicality, and distinctiveness), in addition to number of semantic features and intercorrelational density and the psycholinguistic control variables described in Analysis 1B. Random intercepts for participants and items were included in the models as well as random slopes for semantic variables by participants if they were supported by the data. 
[bookmark: _Toc43458457]Results
[bookmark: _Toc43458458]Correlations
Pearson’s correlations between variables were determined (stats package Version 3.6.1; R Core Team, 2018) to investigate potential multicollinearity. Hutcheson and Sofroniou (1999) suggested that correlation coefficients of larger than .80 indicate multicollinearity. While most correlations between semantic predictor variables were significant (Table 3), the observed coefficients were not indicative of any problematic levels of collinearity between variables. In addition, we calculated variance inflation factors (VIF) for the fixed effects of each (G)LMM in the analyses to further identify any possibly problematic levels of multicollinearity between the variables entered in the individual analyses. The focus of those calculations were the semantic predictor variables, and not the control variables. VIFs for the semantic predictors in all models (Tables 4–6) were below the values that have been recommended as acceptable levels (depending on the author, VIFs > 2.5 (Allison, 2012), or around 5 (Hair et al., 2014; Rogerson, 2011) indicate potentially problematic multicollinearity). Hence, multicollinearity was not a problem between the predictors of the models used in the analyses. 



[bookmark: _Ref34211198][bookmark: _Ref34211193]Table 3
Pearson’s correlations between the semantic predictor variables and the psycholinguistic control variables
	Variable
	Number near semantic neighbours
	Semantic similarity
	Number semantic features
	Typicality
	Intercorrelational density
	Distinctiveness

	Semantic similarity
	0.58***
	
	
	
	
	

	Number semantic features
	-0.08
	-0.01
	
	
	
	

	Typicality
	0.37***
	0.14*
	0.25***
	
	
	

	Intercorrelational density 
	0.42***
	0.07
	0.40***
	0.44***
	
	

	Distinctiveness
	-0.51***
	-0.58***
	0.03
	-0.25***
	-0.41***
	

	Name agreement
	-0.07
	-0.04
	-0.01
	-0.05
	-0.07
	0.04

	Age of acquisition
	0.05
	0.04
	-0.20***
	-0.14*
	-0.19***
	0.09

	Imageability
	-0.05
	-0.08
	0.24***
	0.12*
	0.16**
	-0.02

	Image agreement
	0.31***
	0.24***
	0.03
	0.04
	0.12*
	-0.19***

	Frequency
	-0.22***
	-0.11
	0.24***
	0.03
	0.09
	0.09

	Familiarity
	-0.27***
	-0.37***
	0.15*
	0.12*
	0.05
	0.20***

	Number orthographic neighbours 
	-0.12*
	0.03
	0.03
	-0.04
	-0.04
	0.05

	*** p < .001, ** p < .01, * p < .05. 





[bookmark: _Toc43458459]Analysis 1A: Replication of Rabovsky et al. (2016)
[bookmark: _Toc43458460]Naming latency. This analysis replicated the analysis run by Rabovsky et al. (2016) and, therefore, we fitted a model including the same control and semantic variables as in that paper. Following Bates et al.'s (2015) approach to define a random effects structure that is supported by the data, we identified a model with number of semantic features as random slope for participants, including correlations between the random slope and the intercept, as the model explaining the data best (Table 4, Model 1A.1). Responses were faster for words that were more familiar and had higher word frequency, however, the two semantic variables number of semantic features and intercorrelational density did not reach significance (see also Figure E1, Panel A, for a graphical display of the fixed effects and their confidence intervals). 
Naming accuracy. To replicate the analysis of Rabovsky et al. (2016), we used a model with the same fixed effects structure as for the naming latency analysis of Analysis 1A.1. A model with crossed random intercepts for items and participants and no random slope provided the best fit of the data (Table 4, Model 1A.2). Increasing familiarity and frequency were found to facilitate naming accuracy. Moreover, response accuracy was facilitated by a higher number of semantic features (see also Figure E1, Panel B).

[bookmark: _Ref34216620]Table 4
Analysis 1A replicating Rabovsky et al. (2016): Summarised output of linear mixed model analysis of picture naming latency (Models 1A.1) and naming accuracy (Model 1A.2)
	
	Naming latency (Model 1A.1)
	Naming accuracy (Model 1A.2)

	
	lmer(RT ~ Familiarity + OrthNeigh + Frequency + NoFeats + IntercorrDens + (1 | Item) + (1 + NoFeats | Participant), data = data, REML = FALSE)
	glmer(Accuracy ~ Familiarity + OrthNeigh + Frequency + NoFeats + IntercorrDens + (1 | Item) + (1 | Participant), data = data, family = binomial)

	Random effect
	Variance
	SD
	Correlation
	
	
	
	Variance
	SD
	
	
	
	

	Item (Intercept)
	0.02
	0.16
	
	
	
	 
	2.46
	1.57
	
	
	
	

	Participant (Intercept)
	0.01
	0.12
	
	
	
	 
	0.28
	0.53
	
	
	
	

	Participant | NoFeats 
	0.00
	0.01
	0.54
	
	
	 
	
	
	
	
	
	

	Residuals
	0.05
	0.23
	 
	
	 
	 
	 
	 
	
	 
	 
	 

	Fixed effects
	Estimate
	SE
	CI
	t-value
	p-value
	VIF
	Estimate
	SE
	CI
	z-value
	p-value
	VIF

	Intercept
	-1.17
	0.02
	-1.20 – -1.14
	-73.56
	< .001
	 
	2.76
	0.12
	2.53 – 2.98
	23.79
	< .001
	

	Familiarity
	-0.06
	0.01
	-0.08 – -0.04
	-5.69
	< .001
	1.25
	0.38
	0.11
	0.16 – 0.59
	3.44
	< .001
	1.24

	OrthNeigh
	0.02
	0.01
	-0.00 – 0.04
	1.85
	.066 
	1.17
	-0.13
	0.11
	-0.34 – 0.08
	-1.19
	.233
	1.17

	Frequency
	-0.03
	0.01
	-0.05 – -0.00
	-2.38
	.018
	1.47
	0.48
	0.12
	0.25 – 0.72
	4.03
	< .001
	1.46

	NoFeats
	-0.02
	0.01
	-0.04 – 0.00
	-1.54
	.125
	1.25
	0.23
	0.11
	0.01 – 0.44
	2.06
	.039
	1.25

	IntercorrDens
	0.01
	0.01
	-0.01 – 0.03
	0.76
	.448
	1.19
	-0.19
	0.11
	-0.39 – 0.02
	-1.77
	.076
	1.20

	
	Observations: 20,943
Marginal R2 / Conditional R2: 0.058 / 0.457
	Observations: 24,554
Marginal R2 / Conditional R2: 0.089 / 0.503

	Note. VIF = Variance Inflation Factor, OrthNeigh = Number of orthographic neighbours, NoFeats =number of semantic features, IntercorrDens = intercorrelational density, Participant | X = random slope of X by participants; 
values for significant effects (p < .05) are printed in bold.



[bookmark: _Toc43458462]Analysis 1B: Replication of Rabovsky et al. (2016) including more psycholinguistic control variables
[bookmark: _Toc43458463]Naming latency. We extended the original Rabovsky et al. (2016) analyses by including more control variables, while the semantic variables remained the same. Again, a model with a by-participants random slope for number of semantic features, including the correlation between the random slope and intercept, provided the best fit of the data (Table 5, Model 1B.1).
[bookmark: _Ref34211620]Most control variables had a significant effect on response latencies and their effects pointed in the expected directions: Responses were faster for words with higher name agreement, higher image agreement, and higher familiarity, and responses were slower for words acquired later in life and the more items from the same category were previously seen in the experiment (Cumulative Semantic Interference effect). Finally, responses became slower over the course of the experiment. Neither of the two semantic variables showed significant effects on naming latency (Table 5, Figure E2, Panel A). 
[bookmark: _Toc43458464]Naming accuracy. In replicating Rabovsky et al.'s (2016) experiment, we extended Analysis 1A.2 with further control variables (as in Analysis 1B.1). The full complex effect structure was not supported by the data, and a model without by-participant random slopes provided the best fit (Table 5, Model 1B.2).
All control variables reached significance, except for familiarity, and their effects were in the expected directions: Higher name agreement, image agreement, imageability, and frequency facilitated naming accuracy, while higher age of acquisition and a higher number of items from the same semantic category previously seen in the experiment (Cumulative Semantic Interference effect) led to less accurate responses. Moreover, participants were more accurate as the experiment progressed. The two semantic variables were also significant: While higher numbers of features improved naming accuracy, higher intercorrelational density reduced naming accuracy (Table 5, Figure E2, Panel B).
[bookmark: _Ref36217427]Table 5
Analysis 1B replicating Rabovsky et al. (2016) taking more psycholinguistic control variables into account: Summarised output of linear mixed model analysis of picture naming latency (Models 1B.1) and naming accuracy (Model 1B.2)
	
	Naming latency (Model 1B.1)
	Naming accuracy (Model 1B.2)

	
	lmer(RT ~ NameAgr + ImageAgr + Imageability + AoA + Familiarity + Frequency + OrdCatPos + Order + NoFeats + IntercorrDens + (1 | Item) + (1 + NoFeats | Participant), data, REML = FALSE)
	glmer(Accuracy ~ NameAgr + ImageAgr + Imageability + AoA + Familiarity + Frequency + OrdCatPos + Order + NoFeats + IntercorrDens + (1 | Item) + (1 | Participant), data, family = binomial)

	Random effect
	Variance
	SD
	Correlation
	
	
	
	Variance
	SD
	
	
	
	

	Item (Intercept)
	0.02
	0.13
	 
	
	 
	 
	1.43
	1.20
	
	 
	 
	 

	Participant (Intercept)
	0.01
	0.12
	
	
	
	 
	0.28
	0.53
	
	
	
	

	Participant | NoFeats
	0.00
	0.01
	0.53
	
	
	 
	
	
	
	
	
	

	Residuals
	0.05
	0.23
	 
	
	 
	 
	 
	 
	
	 
	 
	 

	Fixed effects
	Estimate
	SE
	CI
	t-value
	p-value
	VIF
	Estimate
	SE
	CI
	z-value
	p-value
	VIF

	Intercept
	-1.17
	0.01
	-1.20 – -1.14
	-78.68
	< .001
	 
	2.73
	0.10
	2.53 – 2.92
	27.50
	< .001
	

	NameAgr
	-0.06
	0.01
	-0.07 – -0.04
	-6.99
	< .001
	1.11
	0.72
	0.08
	0.57 – 0.88
	9.11
	< .001
	1.08

	ImageAgr
	-0.05
	0.01
	-0.07 – -0.04
	-6.44
	< .001
	1.17
	0.34
	0.08
	0.18 – 0.51
	4.04
	< .001
	1.20

	Imageability
	-0.02
	0.01
	-0.04 – 0.00
	-1.91
	.058
	1.82
	0.26
	0.11
	0.05 – 0.47
	2.46
	.014
	1.78

	AoA
	0.03
	0.01
	0.01 – 0.05
	2.53
	.012
	2.30
	-0.31
	0.12
	-0.54 – -0.07
	-2.59
	.010
	2.27

	Familiarity
	-0.04
	0.01
	-0.06 – -0.02
	-4.44
	< .001
	1.44
	0.14
	0.09
	-0.04 – 0.32
	1.54
	.122
	1.43

	Frequency
	-0.02
	0.01
	-0.03 – 0.00
	-1.59
	.114
	1.54
	0.27
	0.10
	0.08 – 0.46
	2.80
	.005
	1.53

	OrdCatPos
	0.01
	0.00
	0.00 – 0.02
	3.17
	.002
	3.11
	-0.13
	0.05
	-0.24 – -0.03
	-2.59
	.010
	3.06

	Order
	0.01
	0.00
	0.00 – 0.01
	2.20
	.028
	3.08
	0.11
	0.05
	0.02 – 0.20
	2.52
	.012
	3.01

	NoFeats
	-0.02
	0.01
	-0.03 – 0.00
	-1.70
	.089
	1.28
	0.21
	0.09
	0.04 – 0.38
	2.38
	.017
	1.29

	IntercorrDens
	0.01
	0.01
	-0.00 – 0.03
	1.45
	.147
	1.24
	-0.22
	0.09
	-0.39 – -0.06
	-2.61
	.009
	1.27

	
	Observations: 20,943
Marginal R2 / Conditional R2: 0.139 / 0.454
	Observations: 24,554				
Marginal R2 / Conditional R2: 0.231 / 0.494

	Note. VIF = Variance Inflation Factor, NameAgr = name agreement, ImageAgr = image agreement, AoA = age of acquisition, OrdCatPos = ordinal category position, NoFeats = number of semantic features, IntercorrDens = intercorrelational density, Participant | X = random slope of X by participants;
values for significant effects (p < .05) are printed in bold.








[bookmark: _Toc43458465]Analysis 2: Extension of Rabovsky et al.'s (2016) analyses to include six semantic variables
[bookmark: _Toc43458466]Naming latency. In this analysis, we added the four additional semantic variables number of near semantic features, semantic similarity, typicality, and distinctiveness to Analysis 1B.1. A model with random by-participant slopes for semantic similarity, number of near semantic neighbours, and number of semantic features, including correlations between the slopes and with the intercept provided the best fit of the data (Table 6, Model 2.1).
Effects of the control variables (see Table 6) were comparable to the effects found in Analysis 1B.1 with faster responses for words with higher name agreement, higher image agreement, and higher familiarity. Responses were slower for words with a higher age of acquisition, the more items from the same category were previously seen in the experiment (Cumulative Semantic Interference effect), and responses slowed over the course of the experiment. Importantly, the number of semantic features, as well as the distinctiveness of an item, significantly predicted naming latency: Responses were faster for items with more features and slower the higher the distinctiveness of an item. 
These findings are displayed in Figure 1 (Panel A), where red lines (left of centre) indicate a facilitatory effect of a variable with faster responses as that variable increases in value, while blue lines (right of centre) indicate an inhibitory effect with slower responses as that variable increases in value. Confidence intervals that cross the black zero line are indicative of non-significant effects. 
Naming accuracy. When the four additional semantic variables number of near semantic features, semantic similarity, typicality, and distinctiveness were added to Analysis 1B.2, a model with a by-participant random slope for number of near semantic neighbours and its correlation with the intercept provided the best fit of the data (Table 6, Model 2.2). 
Effects for the control variables (Table 6) remained comparable to Analysis 1B.2, with higher name agreement, image agreement, imageability, and frequency facilitating naming accuracy, and higher age of acquisition and a higher number of items from the same semantic category previously seen in the experiment (Cumulative Semantic Interference effect) leading to more naming errors. Moreover, participants’ accuracy increased over the course of the experiment. Only two semantic variables reached significance: Higher numbers of semantic features led to more correct responses, while higher intercorrelational density led to reduced naming accuracy. 
The findings are plotted in Figure 1 (Panel B), where red lines (right of centre) indicate a facilitatory effect with more accurate responses with higher values of a variable, while blue lines (left of centre) indicate an inhibitory effect with reduced naming accuracy with higher values of a variable. Again, confidence intervals that cross the black zero line are indicative of non-significant effects. 

[bookmark: _Ref37948819][bookmark: _Ref34216467]Figure 1
Analysis 2 extending Rabovsky et al. (2016) with other semantic variables: Fixed effects estimates with 95% confidence interval of picture naming latency analysis (Panel A; Model 2.1) and accuracy analysis (Panel B; Model 2.2)
[image: ]
Note. Panel A shows the output of the naming latency analysis and Panel B the output of the naming accuracy analysis; red lines (to the left of centre for latency, and right for accuracy) indicate increased values of the variable lead to better performance, and blue lines (to the right of centre for latency and left for accuracy) indicate worse performance. 

[bookmark: _Ref36217644]Table 6
Analysis 2 extending Rabovsky et al. (2016) with other semantic variables: Summarised output of linear mixed model analysis of picture naming latency (Model 2.1) and naming accuracy (Model 2.2) 
	
	Naming latency (Model 2.1)
	Naming accuracy (Model 2.2)

	
	lmer(RT ~ NameAgr + ImageAgr + Imageability + AoA + Familiarity + Frequency + OrdCatPos + Order + NoFeats + IntercorrDens + NrSemNeigh + SemSim + Typicality + Distinct + (1 | Item) + (1 + NoFeats + NrSemNeigh + SemSim | Participant), data = data, REML = FALSE)
	glmer(Accuracy ~ NameAgr + ImageAgr + Imageability + AoA + Familiarity + Frequency + OrdCatPos + Order + NoFeats + IntercorrDens + NrSemNeigh + SemSim + Typicality + Distinct + (1 | Item) + (1 + NrSemNeigh | Participant), data = data, family = binomial)

	Random effect
	Variance
	SD
	Correlation
	
	
	
	Variance
	SD
	Correlation
	
	
	

	Item (Intercept)
	0.02
	0.12
	
	
	 
	
	1.42
	1.19
	
	
	
	

	Participant (Intercept)
	0.01
	0.12
	
	
	 
	
	0.28
	0.53
	
	
	
	

	Participant | NoFeats 
	0.00
	0.01
	0.50
	
	 
	
	
	
	
	
	
	

	Participant | NrSemNeigh 
	0.00
	0.02
	-0.24
	0.02
	 
	
	0.02
	0.15
	0.34
	
	
	

	Participant | SemSim 
	0.00
	0.01
	0.07
	-0.61
	-0.49
	
	
	
	
	
	
	

	Residuals
	0.05
	0.23
	 
	 
	 
	
	 
	 
	 
	
	 
	 

	Fixed effects
	Estimate
	SE
	CI
	t-value
	p-value
	VIF
	Estimate
	SE
	CI
	z-value
	p-value
	VIF

	(Intercept)
	-1.17
	0.02
	-1.20 – -1.14
	-78.43
	< .001
	 
	2.73
	0.10
	2.54 – 2.92
	27.67
	< .001
	

	NameAgr
	-0.06
	0.01
	-0.07 – -0.04
	-7.07
	< .001
	1.11
	0.72
	0.08
	0.57 – 0.87
	9.13
	< .001
	1.08

	ImageAgr
	-0.05
	0.01
	-0.07 – -0.04
	-6.37
	< .001
	1.27
	0.35
	0.09
	0.18 – 0.53
	4.03
	< .001
	1.30

	Imageability
	-0.02
	0.01
	-0.04 – -0.00
	-1.96
	.051
	1.86
	0.26
	0.11
	0.05 – 0.47
	2.43
	.015
	1.84

	AoA
	0.03
	0.01
	0.00 – 0.05
	2.24
	.026
	2.42
	-0.30
	0.12
	-0.54 – -0.06
	-2.45
	.014
	2.44

	Familiarity
	-0.04
	0.01
	-0.06 – -0.02
	-4.19
	< .001
	1.74
	0.13
	0.10
	-0.07 – 0.33
	1.29
	.198
	1.75

	Frequency
	-0.02
	0.01
	-0.03 – 0.00
	-1.61
	.108
	1.58
	0.27
	0.10
	0.08 – 0.46
	2.78
	.005
	1.57

	OrdCatPos
	0.01
	0.00
	0.01 – 0.02
	3.25
	.001
	3.18
	-0.13
	0.05
	-0.24 – -0.03
	-2.52
	.011
	3.14

	Order
	0.01
	0.00
	0.00 – 0.01
	2.16
	.030
	3.13
	0.11
	0.06
	0.02 – 0.20
	2.43
	.015
	3.05

	NoFeats
	-0.02
	0.01
	-0.04 – -0.00
	-1.99
	.048
	1.55
	0.22
	0.10
	0.03 – 0.41
	2.24
	.025
	1.57

	IntercorrDens
	0.02
	0.01
	-0.00 – 0.04
	1.71
	.088
	2.20
	-0.25
	0.11
	-0.47 – -0.02
	-2.17
	.030
	2.26

	NrSemNeigh
	0.01
	0.01
	-0.01 – 0.04
	1.02
	.307
	2.44
	-0.05
	0.12
	-0.29 – 0.18
	-0.45
	.657
	2.47

	SemSim
	0.01
	0.01
	-0.01 – 0.03
	0.90
	.369
	2.50
	-0.07
	0.12
	-0.31 – 0.17
	-0.56
	.577
	2.51

	Typicality
	0.00
	0.01
	-0.01 – 0.02
	0.37
	.713
	1.44
	0.01
	0.09
	-0.18 – 0.19
	0.08
	.940
	1.49

	Distinct
	0.03
	0.01
	0.01 – 0.05
	2.98
	.003
	2.04
	-0.15
	0.11
	-0.36 – 0.07
	-1.32
	.186
	2.03

	
	Observations: 20,943
Marginal R2 / Conditional R2: 0.143 / 0.456
	Observations: 24,554				
Marginal R2 / Conditional R2: 0.231 / 0.495

	Note. VIF = Variance Inflation Factor, NameAgr = name agreement, ImageAgr = image agreement, AoA = age of acquisition, OrdCatPos = ordinal category position, NoFeats = number of semantic features, IntercorrDensity = intercorrelational density, NrSemNeigh = Number of near semantic neighbours, SemSim = Semantic similarity, Distinct = distinctiveness, Participant | X = random slope of X by participants; 
values for significant effects (p < .05) are printed in bold.








[bookmark: _Toc43458468]Discussion
Understanding how word-inherent semantic properties of an item affect word production is critical for improving our understanding of the mechanisms and refining theoretical models of spoken word production. However, previous research investigating effects of semantic variables on production has had numerous methodological and statistical limitations, which may have distorted the findings. Here, we overcame these shortcomings and investigated the role of six feature-based semantic variables on the word production process: number of semantic features, intercorrelational density, number of near semantic neighbours, semantic similarity, typicality, and distinctiveness, while controlling for other psycholinguistic variables that have been found to influence word production. 
The design of our study also enabled direct comparison with previous literature through a conceptual replication of Rabovsky et al. (2016) that evaluated the reliability of their findings. We therefore investigated effects of number of semantic features and intercorrelational density on word production under reduced (Analysis 1A and as in Rabovsky et al.) and subsequently under more adequate control of psycholinguistic variables (Analysis 1B), before investigating the effects of the six semantic variables of interest simultaneously (Analysis 2). 
[bookmark: _Ref34408291]
Table 7
Summary of the findings for semantic variables across all analyses 
	
	Rabovsky et al. (2016)
	Analysis 1A
	Analysis 1B
	Analysis 2

	
	latency
	accuracy
	latency
	accuracy
	latency
	accuracy
	latency
	accuracy

	NoFeats
	↗
	↗
	Ø
	↗
	Ø
	↗
	↗
	↗

	IntercorrDens
	↙
	↙
	Ø
	Ø
	Ø
	↙
	Ø
	↙

	NearSemNeigh
	
	
	
	
	
	
	Ø
	Ø

	SemSim
	
	
	
	
	
	
	Ø
	Ø

	Typicality
	
	
	
	
	
	
	Ø
	Ø

	Distinct
	
	
	
	
	
	
	↙
	Ø

	Note. Ø = non-significant effect, ↙ = poorer performance (slower responses and decreased accuracy with higher values of the semantic variable), ↗ = improved performance (faster responses and higher accuracy with higher values of the semantic variable), blank cells were not investigated, NoFeats = number of semantic features, IntcorrDens = intercorrelational density, NearSemNeigh = number of near semantic neighbours, SemSim = semantic similarity, Distinct = distinctiveness.



Table 7 summarises the results of our analyses. Taken together, number of semantic features was the most important and consistent predictor of naming accuracy across analyses and there was also a relatively weak effect on naming latency in the most complex analysis (Analysis 2). Moreover, there were effects of intercorrelational density on naming accuracy and an effect of distinctiveness on latency. Importantly, there was a lack of evidence for effects of number of near semantic neighbours, semantic similarity, or typicality on naming. Below, we first discuss possible reasons for the relatively restricted effects of semantic variables that were found, then we relate our results to those of Rabovsky et al. (2016), and discuss the changes in effects in the different analyses before turning to the theoretical interpretation of individual significant effects.	Comment by Solene Hameau: (analyses x &x )	Comment by Solene Hameau: (analysis 2)
[bookmark: _Toc43458469]Limited effects of some semantic variables 
Over and above the effects of number of semantic features and intercorrelational density, as also investigated by Rabovsky et al. (2016), distinctiveness was the only other semantic variable to exert a significant effect on the participants’ naming performance (Analysis 2, Tables 6 and 7). That is, there was no evidence that picture naming performance was affected by number of near semantic neighbours, semantic similarity, and typicality.
The absence of effects of these variables is in contrast to most previous work, where significant effects for these semantic variables were reported. This reinforces the validity of the concern, raised in the Introduction, that significant effects in some of the previous studies could have been Type 1 errors, false positives, arising due to a lack of control of other semantic and psycholinguistic variables (see below for more detail). However, particularly for effects of number of semantic features and semantic similarity, differences in significance could also be due to task differences (i.e., speeded vs simple picture naming). Moreover, as evident in Table 1, compared to our study, most previous reports had fewer data points, due to smaller samples of participants and/or items, leading to lower statistical power and reliability of the results. In addition, differences in the statistical approach (i.e., taking into account the variability induced by specific participants and items using mixed effects models or disregarding such differences in regression analyses; using semantic variables as continuous or categorical predictors) may have caused differences in the significance of effects of semantic variables. Finally, of course, there is also the very real concern that this literature, as is common, suffers from publication bias towards significant findings.	Comment by Solene Hameau:  Are you sure you don’t mean number of semantic neighbours?  
Importantly, our null effects of the number of near semantic neighbours are in line with previous work using a simple picture naming paradigm (Hameau et al., 2019; Lampe et al., 2017); the studies that found significant effects used a speeded naming paradigm. Similarly, not all previous studies have found significant effects of typicality (Morrison et al., 1992; Woollams, 2012). 
[bookmark: _Toc43458470]Development of effects across analyses 
We now review how the effects of semantic variables changed across the analyses. We do not comment on marginally significant findings and only focus on significant effects (p < .05). 
[bookmark: _Toc43458471]Conceptual replication of Rabovsky et al. (2016). As is summarised in Tables 1 and 7, Rabovsky et al. (2016) found significant effects of both number of semantic features and intercorrelational density on picture naming latency and accuracy. In Analysis 1A, where we replicated Rabovsky et al.'s analyses by taking the same semantic and control variables into account, we replicated their facilitatory effect of number of semantic features on naming accuracy, while the effect of intercorrelational density was non-significant. Moreover, we did not replicate Rabovsky et al.'s results for naming latency: Neither number of features nor intercorrelational density showed significant effects on naming latency. However, in the more complex analyses, particularly Analysis 2 that accounted for further control and semantic variables, our findings were broadly consistent with those of Rabovsky et al.: Number of semantic features affected both naming latency and accuracy (facilitatory) and intercorrelational density affected accuracy (inhibitory). Hence, the only effect reported by Rabovsky et al. that failed to reach significance in any of our analyses was the effect of intercorrelational density on naming latency. However, in Rabovsky et al.‘s own work this effect also did not prove to be robust: While the group effect was significant in Rabovsky et al. (2016), few individual participants were significantly affected, and in Rabovsky et al. (2020) the effect was non-significant when the participants first named the pictures. 
What could be the cause of the differences between Rabovsky et al.'s (2016) results and those of our Analysis 1A? Given that we had almost three times as many data points as the original study (24,725 data points vs 8,656 data points), our failure to replicate Rabovsky et al. (and other studies reported in Table 1) cannot be due to lack of statistical power compared to the original study; if anything, our findings should be more reliable. The fact that effects that are in line with Rabovsky et al. emerged in our subsequent analyses may suggest that the effects of semantic variables are relatively weak and subject to a certain degree of variability. By including more control variables in the models of Analysis 1B and 2 we statistically controlled some of this variability, which allowed for more semantic variables to reach get significantce (further discussion of this in the next section). Although the difference in the language spoken by the participants (English vs German) may have influenced the results, as the semantic variables are argued to reflect our underlying conceptual representation and lexical processing, there is no reason to expect that these factors should operate differently across languages. However, there are other methodological factors that may have been important: For example, we ensured that name agreement of the experimental items was high for our population, the features were generated in the same language as the experiment, and we used colour photographs, which can improve concept recognition for some items (e.g., lime vs lemon; Bonin et al., 2019; Rossion & Pourtois, 2004). We would argue that these differences are, once again, likely to make the results of our study more reliable but may also have led to differences in the outcomes of the two studies. 	Comment by Solene Hameau: OR “which resulted in more semantic variables showing significant effects” ? To stay a bit more neutral 
[bookmark: _Toc43458472]Changes in effects across analyses. As summarised in Table 7, the significance of some semantic variables changed between analyses: The most significant effects of semantic variables were found in the most complex analysis (Analysis 2). Why do more semantic variables effects reach significance with improved statistical control of factors affecting naming? It is well known that (inter-) correlations between variables can cause the effect of one variable to be significant only when another variable is not included in the analysis. Moreover, mediator or suppressor variables can also influence the findings, potentially leading to disappearance, overestimation, or underestimation of the effect of an independent variable on the dependent variable (Type 1 or 2 errors) (Hair et al., 2014). The inclusion of such variables in the model can increase the regression coefficient of another variable in the model by removing irrelevant variance from that predictor (e.g., Pandey & Elliott, 2010)[footnoteRef:3]. Therefore, it is vital even if a certain influential variable is of no direct interest to the experiment, that it is included in the analysis as the omission of such confounding variables can substantially distort the effects of other variables and lead to spurious results. By keeping effects of independent variables (e.g., psycholinguistic control variables) constant by including them in the statistical analysis, we can study maximally pure contributions of the variables of interest.  [3:  For example, both familiarity and imageability affect picture naming (higher values making picture naming more accurate and faster) but effects of frequency tend to be stronger. Imagine the situation where in a set of items more familiar words tend to be of lower imageability (there is a negative correlation). If the effects of each variable is examined independently (in a correlation for example), the two variables are in competition. There may be an effect of familiarity, the variable with the strongest effects. However, as the words of higher familiarity are of lower imageability, the effect of imageability will be masked: Familiarity is a suppressor variable. Only when both variables are analysed together and the independent variance of each can be evaluated will a significant effect of imageability become apparent (assuming there is sufficient independent variance).] 

In our analyses, most effects were significant under conditions of maximal control (Analysis 2). This suggests that in Analyses 1A and 1B some effects were underestimated due to uncontrolled suppressor variables or correlations with variables that were not included in the analyses. As explained above, any effects of semantic variables emerging under more rigorous control of other variables can be considered more reliable, because there is less free variance that can, spuriously, be taken up by the variables of interest. Therefore, it seems likely that effects of the semantic variables are rather weak and therefore only able to cross the significance threshold when the variance of other variables is controlled.	Comment by Solene Hameau: But does that only explain effects that DISAPPEAR with the inclusion of more variables, or also effects that APPEAR with these inclusions as suggested here? 

Definitely not to worry about for the paper at this stage, but something I dangerously worry about is whether the spurious effects can also be the ones that suddenly appear when there is more control variables (because of intercorrelations for instance, so we’re looking at the residuals of the measures on everything else, and if there are lots of (strong-ish) correlations, maybe those residuals don’t mean much – exaggerating there but I’m being the devil’s advocate!). Your “assuming there is sufficient independent variance” phrase in the footnote seems critical… and it’s hard to determine whether there is “sufficient independent variance” when variables are seemingly not hugely correlated but still correlated. Especially when the vifs look ok.
[bookmark: _Toc43458473]Theoretical explanations for significant effects
	The effects of the semantic variables that we observed constrain the architecture of word production models, as, to be considered an adequate model of word production, a theory has to be able to account for all these effects. Below we discuss the theoretical explanations of the significant effects found here—effects of number of semantic features, intercorrelational density, and distinctiveness—in the context of current theories of word production. 
[bookmark: _Toc43458474]Number of semantic features. Number of semantic features represented a simple count of the features of a concept according to the McRae et al. (2005) feature database and was the most important predictor of naming accuracy and significant in all three of our analyses. Moreover, in the most complex analysis (Analysis 2), there was a weak effect of number of semantic features on naming latency. Naming was more accurate and faster for words with more semantic features, which is in agreement with previous work by Rabovsky et al. (2016, 2020) and Taylor et al. (2012). 
Using a neural network model, Rabovsky and McRae (2014; Simulation 2) simulated processing of words with high or low numbers of semantic features. For words with a higher number of semantic features, there was higher semantic activation, corresponding to the summed activation across all semantic features of an item, which Rabovsky and McRae argued could explain facilitatory behavioural effects of number of semantic features. In word production, this increased semantic activation is argued to result in stronger activation of the target word’s lexical representation, facilitating its selection and leading to faster and more accurate responses (see also Rabovsky et al., 2016). Current theories of word production would predict facilitated naming of targets with stronger lexical activation (e.g., Abdel Rahman & Melinger, 2009; Dell, 1986; Howard et al., 2006; Levelt et al., 1999; Oppenheim et al., 2010). Simultaneously, though, a higher number of semantic features may result in the co-activation of a larger number of semantically related lexical representations as these features will be represented in other concepts (e.g., Rabovsky et al., 2016). However, our finding of a facilitatory effect of number of semantic features suggests that any increased lexical competition from co-activated representations (in theories that incorporate competitive mechanisms) is outweighed by the conceptual facilitation from the many semantic features. In contrast, concepts with a lower number of semantic features will result in relatively less activation of that concept’s lexical representation, with selection therefore being more error prone and slower. 
The facilitatory effect from higher numbers of semantic features is may also be compatible with other theoretical frameworks: Assuming holistic concepts, the measure of number of semantic features may capture the number of links between a target concept and other concepts. Activation would spread along those links, which ultimately facilitates target processing. Moreover, in the context of an attractor network, concepts with richer semantic representations (e.g., higher numbers of features) build stronger attractor basins, which enable the system to settle faster and more accurately into a stable pattern of activation (Plaut & Shallice, 1993; see also Pexman et al., 2007).
[bookmark: _Toc43458475]Intercorrelational Density. Intercorrelational density had an inhibitory effect on naming accuracy, as found previously (Rabovsky et al., 2016, 2020): Participants made significantly more errors on words with higher intercorrelational density. Such words have feature pairs that tend to co-occur across concepts and therefore share a lot of variance. Hence, intercorrelational density measures how strongly the features of a concept cluster together. For example, the features has fur and has four legs also tend to occur with the features has a tail, has ears, etc. (McRae & Cree, 2002). Features in such intercorrelated clusters have been proposed to boost each other’s activation (e.g., via bidirectional links between the features; McRae, 2004; McRae et al., 1997) and simulations (McRae et al., 1997) and previous experimental work (McRae et al., 1999; see also Taylor et al., 2004) have found that correlations between semantic features facilitate conceptual processing. However, in word production, intercorrelational density may also determine the size of the co-activated lexical cohort and the strength of its activation as it reflects the activation that is shared between the target concept and related concepts (Rabovsky et al., 2016). 
In McRae et al. (2005) intercorrelational density is calculated as the summed shared variance of a concept’s correlated feature pairs. Therefore, higher intercorrelational density can arise in two ways: 1) A concept has many feature pairs that are at least correlated just above threshold (6.5% of shared variance) or, 2) a concept has at least a few feature pairs that are strongly correlated and share considerable variance. In the first scenario (1), in addition to the target’s lexical representation, lexical representations of many other concepts that share the (slightly) correlated semantic features with the target word would be (slightly) co-activated, with the extent of the co-activation depending on the strength of the intercorrelation of their features. It is important to note that in our analyses (but not in all the others in the literature), this is not confounded with the number of semantic features or number of near semantic neighbours as we controlled for these measures. In the second scenario (2), where an item has a small number of strongly correlated pairs, a different pattern emerges with lexical representations of few other concepts receiving activation. However, their co-activation would be stronger due to the stronger correlations among the feature pairs, making them stronger candidates for selection. These examples clearly illustrate that whether a large number of less intercorrelated concepts or a small number of highly intercorrelated concepts are co-activated critically depends on the number of concepts in which the pairs of correlated features occur and on the strength of their correlation. This not only suggests that the consequences of similar intercorrelational density values for lexical activation can vary between items, but that across sets of items the precise effects of intercorrelational density may be unpredictable depending on the balance of scenario 1 and scenario 2 items. In our analyses, given the absence of evidence for an effect of number of near semantic neighbours, it is likely that the stronger co-activation of closely semantically related representations (scenario 2) is the driving force underlying the negative effects of intercorrelational feature density.
Similarly, intercorrelational density may represent the strength of the labelled links between a target and other holistic lexical concepts. In that case, spreading activation along those links may cause the co-activation of various concepts and their lexical representations. Irrespective of the type of semantic representation, assuming bidirectional links between conceptual and lexical levels of word production (e.g., Abdel Rahman & Melinger, 2009; Dell, 1986), co-activated lexical representations will mutually increase their activation. This mutual increase in activation is particularly powerful for co-activated words that are closely related, due to the strength of the correlation of their features. 
Yet, how do these co-activated representations negatively affect the production of the target word? The account outlined above of a negative effect of intercorrelational density on accuracy assumes a theoretical framework incorporating competitive lexical selection: During lexical selection, the co-activated lexical representations compete with the target word for selection. For words with higher intercorrelational density this competition is stronger, particularly when it arises from more closely related co-activated representations (e.g., Abdel Rahman & Melinger, 2019; Rose & Abdel Rahman, 2017). The stronger competition negatively impacts the selection of the target’s lexical representation, leading to increased chances of incorrectly selecting a co-activated representation, which can ultimately cause more naming errors. The precise mechanism underlying this competition is still unclear and different ways have been suggested to implement it (e.g., Luce choice mechanism, e.g., Luce, 1959; Abdel Rahman & Melinger, 2009, 2019; Levelt et al., 1999; Roelofs, 1997; lateral inhibitory links between active representations at the lexical level, e.g., Howard et al., 2006; Caramazza, 1997; McClelland & Rumelhart, 1981). However, regardless of the details of the competitive mechanism, the presence of more or more strongly co-activated representations will result in poorer performance. 
On the other hand, Oppenheim et al.'s (2010) learning mechanism may also be able to explain the poorer performance on items with higher intercorrelational density. According to Oppenheim et al., interference is due to implicit incremental learning, which causes weakening of the connections between the semantic representation of the target and the lexical representations of co-activated but unnamed alternatives after retrieval of the target word. Each act of lexical retrieval results in persistent learning that adjusts the weights of the connections between semantic and lexical representations. Importantly, in our analyses we have equated the influence of other factors, like frequency, between words of lower and higher intercorrelational density. Thus, in this scenario, across a lifetime, words of lower and higher intercorrelational density will be selected at a comparable rate. Consequently, strengthening of conceptual to lexical connections after successful selection would apply equally to words of lower and higher intercorrelational density. However, it seems possible that, everything else being equal, words with higher intercorrelational density would be co-activated more often via their strongly intercorrelated features, in contrast to words with lower intercorrelational density. When these items are co-activated, but not selected, the connections between their semantic and lexical representations would be increasingly and persistently weakened. When a word with such weakened connections becomes the target in the experiment, its lexical representation is harder to access, resulting in relatively poorer performance. In sum, although computational modelling may be needed to test this prediction, Oppenheim et al.’s theoretical framework also seems to be able to account for our finding of an inhibitory effect of intercorrelational density. 
Finally, inhibitory effects of intercorrelational density on naming accuracy could also be explained in Dell's (1986) theory where the most active lexical representation is selected, irrespective of co-activated lexical representations. In the interactive architecture, the bi-directional information flow between the semantic and the lexical levels could be particularly strong amongst strongly intercorrelated semantic features, leading to stronger activation of non-target lexical representations, which can erroneously exceed the target word’s activation and therefore be selected. This would increase the number of naming errors for words with higher intercorrelational density, as reported here. 
[bookmark: _Toc43458476]Distinctiveness. Distinctiveness was defined as the mean uniqueness of the features of a concept in the feature norm database, with concepts with higher distinctiveness, by definition, having more unique and less shared features. The effect of distinctiveness was inhibitory[footnoteRef:4], which is in contrast to previous studies that have investigated an effect of concept distinctiveness in picture naming: Rabovsky et al. (2016) and Taylor et al. (2012) found faster and more accurate responses for words with higher distinctiveness (see also Humphreys et al., 1988, for a facilitatory effect of a similar measure). As an explanation for facilitatory effects of distinctiveness, distinctive features have been suggested to play a privileged role in conceptual processing (e.g., Cree et al., 2006; Taylor et al., 2012), leading to faster and stronger activation of such features and to stronger activation of the respective concept in feature verification tasks[footnoteRef:5].  [4:  The effect was also inhibitory in an exploratory, not preregistered, analysis in which intercorrelational density was not included in the analysis, following Rabovsky et al. (2016) (please refer to the Introduction for details on the analysis conducted by Rabovsky et al.).]  [5:  Cree et al. (2006) explained the facilitatory effect of distinctiveness in the context of an attractor network: The strength and speed of activation of privileged distinctive features allows the network to enter the correct attractor basin faster, which enables it to settle in a stable state more rapidly. ] 

If distinctive features are preferentially processed at the conceptual level, how can our finding of a negative effect of higher distinctiveness on naming be explained? When processing a word with higher distinctiveness, due to its rather unique semantic features, only a few semantically related lexical representations will be co-activated via the features they share with the target word. Alternatively, in a holistic semantic architecture, there are (holistic) concepts which represent features (e.g., seeds), which are connected to a range of other concepts (e.g., apple, grapes, grass). Distinctiveness of a target (e.g., apple) could capture the average number of these connections for each of the (feature) concepts to which the target is connected (e.g., red, seeds). For words with fewer connections (i.e., words with higher distinctiveness), target processing would result in reduced activation spreading to other holistic lexical concepts. Thus, irrespective of the semantic architecture, enhanced co-activation and thus competition for lexical selection would be expected for words with lower distinctiveness, which predominantly have features that are shared with other concepts (see Vieth et al., 2014 Figure 1, for a visualisation) or may be connected to many other concepts, which are highly connected themselves. Thus, our inhibitory effect of higher distinctiveness is unlikely to be due to stronger competition between co-activated (lexical) representations, as fewer competing candidates are expected to be co-active when processing words with higher distinctiveness. 
Importantly, this account of competition from strongly co-activated representations is also heavily based on the notion of the number of near semantic neighbours (i.e., words that share many semantic features with the target word) competing with the target for selection. Yet, in our analyses, and in contrast to the previous studies by Rabovsky et al. (2016) and Taylor et al. (2012), effects of the number of near semantic neighbours were accounted for and held constant by including this measure in the analysis. Thus, our statistical approach enabled us to obtain a more precise (purer) estimate of the effect of mean concept distinctiveness on naming, over and above number of near semantic neighbours, to evaluate the effect of a concept having distinctive features. 
Critically, it has not yet been fully established exactly how numerous or closely related to the target co-activated lexical representations must be to compete for selection; however, there is research suggesting that more closely related representations cause stronger competition (e.g., Rose et al., 2019). Thus, while competition from many co-activated competitors is unlikely to be the mechanism underlying the inhibitory effect of distinctiveness, it may be possible that the effect could be caused by few highly related co-activated representations. There may, for example, be only one or two concepts that are closely related to the target, sharing many of its relatively unique features, and thus acting as strong competitors for selection, causing the observed inhibitory effect. In future studies, this could perhaps be tested by operationalising the semantic similarity between the target and its closest semantic neighbour(s) as a further semantic variable. 
Similarly, in Oppenheim et al.'s (2010) framework we would expect an advantage for words that have higher distinctiveness, through weakening of connections between shared features and non-target lexical representations. Every time a lexical item is retrieved, when there are shared features, links from those features to non-target representations would be subject to increased weakening. A word with lower distinctiveness (which has more shared features) would be subject to this weakening to a higher degree than a word with higher distinctiveness, resulting in poorer performance on items of lower distinctiveness and not of higher distinctiveness as we found in our data. 
In contrast to the accounts of a privileged status of distinctive features described above, the Conceptual Structure Account (e.g., Tyler et al., 2000; Tyler & Moss, 2001) of semantic memory argues that there is a processing disadvantage for distinctive features of living things and an advantage for shared features, while there is no such dramatic difference for artifacts. The disadvantage for distinctive features of living things is thought to arise because they are only weakly correlated with other features and hence do not benefit from mutual activation among correlated features. This causes slowed access to such features and makes them more vulnerable to loss in impaired semantic processing. In contrast, distinctive features of artifacts are correlated more strongly with other features and are therefore thought to benefit from mutual activation among the correlated features. Hence, this account predicts an inhibitory effect of distinctiveness for living things, which was found in experimental work using feature verification and definition tasks with individuals with semantic impairment (Moss et al., 1998, 2002) and unimpaired participants (Randall et al., 2004). Randall et al. found the predicted advantage in feature verification for shared over distinctive features for living things (while there was no robust main effect of distinctiveness across domains on feature verification speed or accuracy). Moreover, distinctive features of living things were verified more slowly than distinctive features of non-living things and higher error rates were reported for distinctive rather than for shared features when this data was computationally simulated. However, Cree et al. (2006) pointed out several shortcomings in Randall et al.’s work (e.g., insufficient matching), and reported findings that were inconsistent with Randall et al.: Effects of distinctiveness that were comparable for living and nonliving things. 
While the account by Randall et al. (2004) predicts an inhibitory effect for distinctiveness for some items (i.e., living things), it also relies heavily on intercorrelations between features to explain the effects. To determine whether the inhibitory effect in our data was particularly strong for living things, as predicted by the Conceptual Structure Account, we ran exploratory post-hoc analyses[footnoteRef:6] of the naming latency and accuracy data that included an interaction between distinctiveness and animacy (reported in Appendix E). While the interaction was non-significant for naming accuracy, it was significant for the naming latency analysis. However, the findings were in the opposite direction to that predicted by the Conceptual Structure Account: Responses to living things were unaffected by distinctiveness, but there was a significant inhibitory effect for non-living things. Hence, while the Conceptual Structure Account is consistent with the general direction of our inhibitory finding for distinctiveness, its more specific predictions do not hold for our data. Importantly, the Conceptual Structure Account and most previous investigations of distinctiveness were designed in the context of category specific impairments and the processing of single features, which makes it hard to generalise the frameworks and findings to our work. Moreover, in contrast to the current study, many previous studies did not test for an effect of overall concept distinctiveness and did not investigate picture naming.  [6:  As these were unplanned post-hoc analyses to explore a particular finding in more detail, these analyses were not preregistered. ] 

In our study, we held both intercorrelational density and number of near semantic neighbours constant and still found a significant inhibitory effect of distinctiveness. As the origin of our effect and its theoretical interpretation are unclear, we suggest that future computational modelling could be helpful for uncovering the mechanisms underlying this effect and lead to better understanding of it. 
[bookmark: _Toc43458477]Contributions and limitations of this research
In this study, we determined feature-based semantic variables that are important for word production. Our findings of effects of semantic variables allowed us to critique theories of spoken word production and to evaluate how they must operate to be able to explain the results. Interestingly, we identified semantic variables that had both facilitatory and inhibitory influences on picture naming. Thus, theories of word production need mechanisms that can account for both effects. While, as detailed in the previous sections, semantic facilitation is implemented in current theories as spreading activation or feedback from lexical to semantic representations, interference can be explained via lexical competition or could be due to long-term adjustments of conceptual to lexical connections. 
Importantly, current theories of word production are underspecified regarding the way semantic variables may affect performance. Of the currently available theories of word production, solely Abdel Rahman and Melinger (2009, 2019) explicitly address word-inherent variables and their Swinging Lexical Network Hypothesis comprises the architectural elements (i.e., clearly stated spreading activation and lexical competition) to parsimoniously explain both facilitatory and inhibitory effects of such variables. Other theories (e.g., Dell, 1986; Oppenheim et al., 2010) were able to only account for part of our results. Crucially, for explaining the findings, the current theories required us to make additional assumptions regarding processing or the encoding of semantic relations that are not explicitly specified in the theories. Thus, the theories of word production that exist to date need further modifications and specification to explain effects of semantic variables. 
Important methodological contributions of this paper have been highlighted throughout this section: the importance of rigorous control of other variables influencing word production (i.e., both control and other semantic variables), of highly powered statistical analyses, and of considering semantic variables of interest simultaneously.  
This study was also subject to some limitations. While we showed that multicollinearity between the measures included in our analyses did not occur at compromising levels, there were some relatively high correlations between semantic variables (Table 3). However, using other statistical techniques (e.g., Principal Component Analysis) was neither suitable for addressing our research goals, nor possible given a single measure of each variable. In addition, according with our study’s aim to identify individual semantic variables that affect picture naming performance, in the sections above, we assessed how the effect of each of the significant semantic variables could be explained in the context of current theories of word production. While we covered a range of semantic variables that capture different aspects of the flow of activation at the semantic level and co-activation at the lexical level, it may also be the case that there are other (potentially composite) measures that outperform the variables used here in capturing the dynamics of activation spread and lexical co-activation. Further research and modelling could address this.
Use of semantic feature norms
	We chose which semantic variables to study based on whether it was possible to quantify these variables objectively rather than using ratings. We chose variables that could be operationalised based on the information provided in semantic feature databases (and specifically that of McRae et al., 2005). However, in theories of word production there is no theoretical agreement that conceptual representations are actually decomposed into semantic features: While some accounts assume a decomposed conceptual representations (e.g., Dell, 1986; Oppenheim et al., 2010), others presume non-decomposed, holistic, representations of meaning (e.g., Levelt et al., 1999; Roelofs, 1992).
While we use the context of semantic features to characterise aspects of the semantic representation of concepts and relationships between concepts, and to interpret our findings, this does not imply that we favour theories of decomposed conceptual representations over non-decomposed theories. The semantic variables we studied here could also reflect semantic relationships as described by non-decomposed theories of semantics such as direct connections between concepts (Collins & Loftus, 1975) or indirect connections via property nodes (Collins & Quillian, 1969). Throughout the theoretical explanations of our significant findings, we pointed towards possible ways the significant variables may operate in a holistic semantic architecture. Importantly though, computational modelling may be necessary to further assess our hypotheses concerning the mechanisms underlying the effects of semantic variables in the context of different semantic architectures and to aid the interpretation of the effects of these variables. 
Hence, while the effects of this study can more readily be explained in the context of models assuming feature-based semantic representations, our findings do not allow us to adjudicate between decomposed and non-decomposed semantic representations. 
Participant generated semantic features are a verbalisation and temporary abstraction of complex semantic representations, which have developed through multisensory experience with the concept in real life (e.g., McRae, 2004). While semantic feature databases provide one of the best currently available approaches to specifying conceptual content, researchers have also pointed out some limitations (e.g., Amsel & Cree, 2013; Randall et al., 2004). While operationalising our semantic variables based on a semantic feature database (McRae et al., 2005), we accept the shortcomings of this resource, such as, for example, the underrepresentation of highly frequent features (e.g., breathes) or the absence of features that are difficult to verbalise (Cree & McRae, 2003). 
However, in contrast to ratings, calculating semantic variables based on semantic features represents a more objective way of operationalising conceptual knowledge, as participants are not asked to directly rate a certain aspect of the semantic representation (e.g., concept typicality within its semantic category). Nevertheless, while measures based on semantic feature databases are transparent and reproducible, their calculation is based on the rather limited number of items in the corpus. 
As described in the Introduction, semantic feature databases present only one way of describing conceptual knowledge. Semantic relationships and similarity could also be objectively captured by other semantic dimensions, such as associations (e.g., De Deyne et al., 2019; Nelson et al., 2004) or contextual co-occurences (e.g., Latent Semantic Analysis, LSA,; Landauer et al., 1998).; Continuous bag-of-words model, CBOW, (Mikolov et al., 2013;) Global Vectors for word representation, GloVe, (Pennington et al., 2014). In this study, we conducted a thorough investigation of the feature-based dimension of semantic relationships as previous research suggested a large variety of feature-based variables that affected word production. In addition, when comparing different measures of semantic neighbourhood density, Hameau et al. (2019) found a feature-based measure to be a better predictor of picture naming in people with aphasia than association-based or contextual semantic neighbourhood density. Future research could extend our approach by also including different semantic variables derived from other semantic dimensions to determine the extent to which contextual and association-based similarity measures can also affect word production. Such an approach would also allow to assess whether our findings generalise beyond the specific semantic architecture used here, to test in how far the observed dynamics of semantic and lexical activation in word production depend on the structural assumptions of semantic feature databases, and, finally, to identify the dimension of semantics that captures most of the variability in our data.
[bookmark: _Toc43458478]Conclusion
	We have reported an investigation of effects of six feature-based semantic variables (number of semantic features, intercorrelational density, number of near semantic neighbours, semantic similarity, typicality, and distinctiveness) on the picture naming performance of a large group of young native-English speakers. We found that number of semantic features was the most important predictor of naming accuracy and, to a lesser extent, of naming latency, with further effects of intercorrelational density and distinctiveness. These semantic variables should therefore be considered in further research.
This research allowed us to determine which variables influence behaviour and develop hypotheses regarding the mechanisms and dynamics underpinning these effects in theories of spoken word production. The findings of our study indicate that both aspects of the richness of the semantic representation and of relationships between concepts play an important role in semantic and lexical processing during word production. Importantly though, some previously reported effects of several semantic variables (namely number of near semantic neighbours and semantic similarity (in speeded naming), typicality, and the direction of the effect of distinctiveness) did not replicate here, which highlights once again the importance of a well-controlled study design, to minimise the risk of miscalibration in estimating such overestimating effects. 
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	Composition of the six experimental lists 

Table A1
Composition of the different experimental lists 
	
	Position 1
	Position 2
	Position 3
	Position 4

	List 1
	Block 1 – Pseudorand. 1
	Block 2 – Pseudorand. 1 
	Block 3 – Pseudorand. 1
	Block 4 – Pseudorand. 1

	List 2
	Block 1 – Pseudorand. 1
	Block 2 – Pseudorand. 1 
	Block 4 – Pseudorand. 1
	Block 3 – Pseudorand. 1

	List 3
	Block 1 – Pseudorand. 2
	Block 3 – Pseudorand. 2
	Block 4 – Pseudorand. 2
	Block 2 – Pseudorand. 2

	List 4
	Block 1 – Pseudorand. 2
	Block 3 – Pseudorand. 2
	Block 2 – Pseudorand. 2
	Block 4 – Pseudorand. 2

	List 5
	Block 1 – Pseudorand. 3
	Block 4 – Pseudorand. 3
	Block 2 – Pseudorand. 3
	Block 3 – Pseudorand. 3

	List 6
	Block 1 – Pseudorand. 3
	Block 4 – Pseudorand. 3
	Block 3 – Pseudorand. 3
	Block 2 – Pseudorand. 3


 Note. Pseudorand. = Pseudorandomisation




[bookmark: _Toc43458490]Appendix B
Detailed description of calculation of semantic variables based on information given in McRae et al. (2005)
[bookmark: _Toc43458482]Number of semantic features 
Number of semantic features was the total number of semantic features produced by at least 5 out of 30 participants when generating features for the concept. Taxonomic features were excluded from this calculation and the calculation of all other semantic variables. This measure was directly retrieved from McRae et al. (2005).
[bookmark: _Toc43458483]Intercorrelational density
Intercorrelational density was calculated based on Pearson’s product moment correlations between the pairs of features in McRae et al.'s (2005) concept-feature matrix (cells were filled with the production frequency of the particular feature for a concept). Features that appeared in less than three concepts were excluded to avoid spurious correlations. 
Feature pairs were counted as significantly correlated if the two features shared at least 6.5% of their variance (r2). From this information, intercorrelational density of a concept was calculated as the sum of the shared variance of its significantly correlated feature pairs. This measure was directly retrieved from the database by McRae et al. (2005).
[bookmark: _Toc43458484]Number of near semantic neighbours
A near semantic neighbour was defined as a word that had feature overlap of at least .4 (cosine similarity between feature production frequency vectors in the database by McRae et al. (2005)) with the target word (following Mirman, 2011). The instances of near semantic neighbours were added for each concept to determine the number of near semantic neighbours. 
[bookmark: _Toc43458485]Semantic similarity
Semantic similarity was the average similarity of the target word’s feature production frequency vector and the feature vectors of all other concepts from the McRae et al. (2005) database (following Mirman & Magnuson, 2008). 
[bookmark: _Toc43458486]Typicality 
Typicality was calculated in a similar way to Rosch and Mervis' (1975) family resemblance score. First, the features of an item were weighted based on category affiliations. Each feature of an item was attributed with the number of other items in the same semantic category that were credited with that particular feature. 
This value was then divided by the number of items in the semantic category, which results in a proportion. Such a division was not part of the original measure by Rosch and Mervis (1975), who used raw values to determine the family resemblance score; however, we decided for this step because the number of items in each semantic category was not uniform in our data, as opposed to Rosch and Mervis.
Subsequently, we amended the original family resemblance score calculations further by multiplying this value for each feature by its production frequency (number of participants who produced that feature for the target word when generating the feature norms) to account for feature importance (e.g., Garrard et al., 2005). As a final step, the feature weights of all features of an item were summed. 
We considered four different ways to operationalise typicality: 1) taking production frequency of individual features into account or not, and 2) using either raw values or proportions based on the number of items in a particular semantic category. The four versions of the typicality measure were highly correlated with one another, however, the measure as described above (using proportions based on the number of items in a particular semantic category and taking production frequencies of individual features into account) correlated least strongly with the other semantic variables. 
[bookmark: _Toc43458487]Distinctiveness 
Distinctiveness of each feature of an item was calculated as the inverse of the number of concepts in which that feature occurred across the database. To determine conceptual distinctiveness, this feature distinctiveness was then averaged across the features of a concept. This measure was also directly retrieved from McRae et al. (2005).

[bookmark: _Toc43458481]Appendix C
Comparison of semantic variables in the full McRae et al. (2005) database and the 297 items included in the experimental investigation in Study 2 

	The feature database by McRae et al. (2005) contains 541 concepts, however, here we only used a subset of these items (n = 297) with high name agreement in Australian English, as identified in the norming study presented in Study 1. Importantly, and as shown in Table C1, the items selected for the experimental investigation in Study 2 were a good representation of the items of the full McRae et al. set as semantic variables were largely comparable for the selected items and the whole database. This suggests that the selection of high name agreement items in Australian English and the resulting reduction of the stimuli compared to the full McRae et al. database did most likely not affect the comparability of the findings of Study 2 to previous work that used the full McRae et al. database (i.e., Rabovsky et al., 2016).  

Table C1
Descriptive statistics for the semantic variables included in Study 2 and the full McRae et al. (2005) database
	Semantic variable
	Study 2: 
n = 297 items
	
	McRae et al. (2005) full database: n = 541 items

	
	Mean
	SD
	Range
	
	Mean
	SD
	Range

	Number of semantic features
	12.71
	2.99
	6–20
	
	12.07
	3.21
	5–21

	Intercorrelational density
	153.40
	172.19
	0.00–1296.22
	
	175.06
	205.66
	0.00–1419.41

	Semantic similarity
	0.04
	0.02
	0.00–0.09
	
	0.04
	0.02
	0.00–0.09

	Number of near semantic neighbours
	6.14
	7.55
	0–38
	
	7.14
	8.64
	0–40

	Typicality
	32.64
	16.14
	4.22–91.25
	
	32.47
	16.85
	4.22–95.44

	Distinctiveness
	0.37
	0.16
	0.04–0.80
	
	0.35
	0.17
	0.03–0.80





Appendix D
	Detailed response coding 

Table D1
Response coding examples
	Target word
	Response
	Response type
	RT
	Accuracy

	Sofa
	Sofa
	Correct
	RT
	1

	Sofa
	A sofa (determiner)
	Correct with determiner
	-1
	1

	Sofa
	S sofa
	Disfluency on the initial phoneme of target word
	-1
	1

	Sofa
	Erm sofa
	Hesitation
	-1
	1

	Sofa
	Red sofa
	Elaboration
	-1
	1

	Sofa
	Couch
	Synonym or 
acceptable alternative
	-1
	NA

	Submarine
	Sub
	Abbreviation
	-1
	NA

	Bed
	Emu (previous item: emu) .. Bed
	Previous
	-1
	NA

	Squid
	O squid or
Oct squid
	Disfluency with self-correction
	-1
	0

	Sofa
	So
	Incomplete response
	-1
	0

	Sofa
	Chair
	Error
	-1
	0

	Sofa
	I don’t know
	Omission
	-1
	0


Note. RT = Response time, NA = not analysed; responses with RT -1 were excluded from the naming latency analyses. 


[bookmark: _Toc43458491]Appendix E
	Visualisations of findings of Analyses 1A and 1B 

The findings of Analysis 1A are graphically displayed in Figure E1, with Model 1A.1 in Panel A and Model 1A.2 in Panel B. Figure E2 displays the findings of Analysis 1B, with Model 1B.1 in Panel A and Model 1B.2 in Panel B. Red lines indicate a facilitatory effect of a variable with speeding of naming latency or higher naming accuracy as that variable increases in value, while blue lines indicate an inhibitory effect with slowing of naming latency or reduced naming accuracy as that variable increases in value. Confidence intervals that cross the black zero line are indicative of non-significant effects. 

Figure E1 
Analysis 1A replicating Rabovsky et al. (2016): Fixed effects estimates with 95% confidence interval of picture naming latency analysis (Panel A; Model 1A.1) and accuracy analysis (Panel B; Model 1A.2)
[image: Chart

Description automatically generated]
Note. Panel A shows the output of the naming latency analysis and Panel B the output of the naming accuracy analysis; red lines (to the left of centre for latency, and right for accuracy) indicate increased values of the variable lead to better performance, and blue lines (to the right of centre for latency, and left for accuracy) indicate worse performance. 


[bookmark: _Ref37948645]Figure E2 
Analysis 1B replicating Rabovsky et al. (2016) taking more psycholinguistic control variables into account: Fixed effects estimates with 95% confidence interval of picture naming latency analysis (Panel A; Model 1B.1) and accuracy analysis (Panel B; Model 1B.2)
[image: Chart, scatter chart

Description automatically generated]
Note. Panel A shows the output of the naming latency analysis and Panel B the output of the naming accuracy analysis; red lines (to the left of centre for latency, and right for accuracy) indicate increased values of the variable lead to better performance, and blue lines (to the right of centre for latency, and left for accuracy) indicate worse performance. 



Appendix F
Post-hoc analyses of distinctiveness in living things: Testing the prediction of the Conceptual Structure Account 

The Conceptual Structure Account predicts a disadvantage for distinctive features of living things. We therefore tested the explanatory strength of this account for our inhibitory effect of distinctiveness on naming latency and for naming accuracy. 
We coded items of the semantic categories birds, fruit, invertebrate, land animal, plant, sea creature, and vegetable as living (n = 100) and all other items were coded as non-living. 
The structure of the linear mixed effect model used for this exploratory analysis included the same fixed effects as the model of Analysis 2.1 with an additional interaction between distinctiveness and animacy. A random by-participant slope for number of near semantic neighbours was included.
The interaction between distinctiveness and animacy was significant (β = -0.06, SE = 0.02, t = -2.69, p = .008) and is displayed in Figure E1. While words of the living category were unaffected by distinctiveness, the inhibitory main effect of distinctiveness in Analysis 2 seemed to be driven by the items of the non-living category. This finding allows us to exclude the Conceptual Structure Account as an appropriate framework for the finding of this experiment.

Figure E1
Interaction between distinctiveness and animacy 


For naming accuracy, the generalised linear mixed effect model included the same fixed effects as Analysis 2.2 with the additional interaction between distinctiveness and animacy and a random by-participant slope for number of near semantic neighbours. The interaction between distinctiveness and animacy was non-significant (β = 0.10, SE = 0.22, z = 0.45, p = .642).
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