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Abstract

First (given) names are subject to stereotypes and can be a source of bias when making many important decisions. However, previous research on name bias is fragmented and informed by disjointed theories. Here, we investigate the underlying structure of name biases to provide a unifying theory of the social perception of names. Across two samples collected in separate European countries (UK and Germany; N = 1083 and 972 respectively), male and female names were rated on multiple social traits, with mean trait ratings for each name then being entered into a Principal Components Analysis. In both samples, and for both male and female names, the same four component structure was found: these included components corresponding with valence/competence, dominance/warmth, youth/attractiveness, and familiarity. We propose that this four component model could provide an overarching theoretical framework that could help unite research on name bias and generate new testable hypotheses.

Keywords: Given Names, Person Perception, Stereotypes, Bias, Valence-Dominance Model, Stereotype Content Model



Introduction

First (given) names are ubiquitous and play a significant role in everyday life. It is a fundamental human right for every child to be given name (Convention on the rights of the child, 1989). Not only are names a means of differentiating between people, but also provide important social information, such as gender, age, and race. However, even though the primary role of a name is to identify an individual, each name comes with social history and cultural context (e.g., names can be perceived differently depending on who has used the name previously, Rymes, 1999). When hearing a name, we implicitly build a mental representation of the type of person who would have that name (Zwebner et al., 2017). As such, names not only provide people with a label, but can be a source of stereotyping and bias.
Previous research has found that names can impact many real-world outcomes. For instance, name bias can influence academic appraisals in an education setting (Anderson-Clark et al., 2008; Busse & Seraydarian, 1978; Garwood, 1976; Harari & McDavid, 1973; Moss-Racusin et al., 2012; Steinpreis et al., 1999; Zhao & Biernat, 2017), hiring and promotion decisions (Bao et al., 2023; Bertrand & Mullainathan, 2004; Coffey & McLaughlin, 2009; Cotton et al., 2008; Gaddis, 2015; Kang et al., 2020; Watson et al., 2011), healthcare decisions (Anderson & Schmitt, 1990; Bhat et al., 2021), voting behaviour in leadership elections (Laham et al., 2012), crime participation and punishment decisions (Bao et al., Pre-print; Bodenhausen & Wyer, 1985; Garwood et al., 1983; Kalist & Lee, 2009), as well as judgements of attractiveness and date-ability (Erwin, 1993; Garwood et al., 1980; Gebauer et al., 2012; Hensley & Spencer, 1985). Names are also associated with trustworthiness judgements (Newman et al., 2014) and general like-ability/approachability (Dinur et al., 1995; Greitemeyer & Kunz, 2013; Lee, 2015; Topolinski et al., 2014; West & Shults, 1976). Given the wide-ranging outcomes, it is important to understand the mechanisms that may impact the social perception of names.
To date, research on the social perception of names is fragmented and informed by disjointed theories. For example, several studies have found that names that are recognised as being from a different culture or group from the majority are judged harsher in numerous contexts (Anderson-Clark et al., 2008; Bertrand & Mullainathan, 2004; Bodenhausen & Wyer, 1985; Cotton et al., 2008; Dinur et al., 1995; Gaddis, 2015; Watson et al., 2011; Zhao & Biernat, 2017); this research is predominantly informed by theories of racial stereotypes and prejudice. Similarly, research on sex bias of gendered names is informed by theories of gender stereotypes (Dorrough et al., 2017; Kasof, 1993; Moss-Racusin et al., 2012; Speckmann & Wingen, 2023; Steinpreis et al., 1999) and the Stereotype Content Model (discussed in more detail below; Nett et al., 2020; Newman et al., 2018). On the other hand, other studies have found that individuals with names that are hard to pronounce are disadvantaged (Laham et al., 2012; Lee, 2015; Newman et al., 2014; Speckmann & Wingen, 2023; Topolinski et al., 2014); these studies are based on literature on perceptual fluency. Other studies still lack any theoretical foundation, simply assessing the influence of the “desirability” or “popularity” of names without elaborating on any potential underlying social/cognitive mechanisms (Garwood et al., 1980; Young et al., 1993). Overall, there is no unifying theoretical framework for research investigating the social perception of given names.
For over a decade, the Valence-Dominance Model (Oosterhof & Todorov, 2008) has become an influential theoretical framework for assessing the social perception of faces. This model proposes that social judgements are underpinned by two dimensions. The first dimension is valence, which is characterised by trustworthiness and defined as the extent to which a target is perceived as having the intention to harm. The second dimension is dominance, which encapsulates both physical and social dominance and is defined as the extent to which a target is perceived as having the ability to inflict harm. This model was initially developed using data-driven approach to assess the social judgements of faces (Oosterhof & Todorov, 2008) and has since replicated numerous times, including cross-nationally (Jones et al., 2021), as well as in other stimuli types, such as voices (McAleer et al., 2014; Shiramizu et al., 2023) and bodies (Morrison et al., 2017; Tzschaschel et al., 2022).
Similarly, the Stereotype Content Model (Cuddy et al., 2008) has provided a unifying theory for research on stereotypes and the social perception of groups. Like the Valence-Dominance Model, the Stereotype Content Model proposes that social biases are underpinned by two dimensions. The first dimension is ‘warmth’ characterised by friendliness, and sincerity. The second dimension is ‘competence’ and is characterised by capability, intelligence, and confidence. While the Stereotype Content Model is typically used to describe the social perception of groups and the Valence-Dominance Model typically used to describe the social perception of individuals, there is arguably conceptual overlap between the two models. While previous research has applied the Stereotype Content Model to the social perception of names (Bin et al., 2021; Nett et al., 2020; Newman et al., 2018), this application is top-down and has focused on the influence of gender stereotypes on gendered names; as such, it is unclear how well the model explains overall variance in social judgements of names, or if the social perception of names is influenced by other dimensions.
Both the Valence-Dominance Model and the Stereotype Content Model have provided a unifying framework for their respective fields. For instance, people with faces that score high on the valence dimension are more likely to occupy higher positions in corporate hierarchies (Linke et al., 2016), and less likely to receive the death penalty (Wilson & Rule, 2015). Conversely, facial dominance has been associated with election outcomes (Laustsen & Petersen, 2017), and more likely to win a physical contest (Třebický et al., 2013). Similarly, the warmth and competence dimensions has helped explain shared variation in attitudes in perceived social structures, including outgroup members and immigrants (Lee & Fiske, 2006), between social classes (Durante et al., 2017), or between genders (Eckes, 2002). Correspondingly, identifying the underlying structure for the social perception of names (i.e., whether it follows the Valence-Dominance Model, the Stereotype Content Model, or a different structure) would provide a theoretical framework to help unifying previous research on name bias, as well as help generate new hypotheses for future research.
Here, we aim to assess the underlying structure of social judgements of names across two European sample following methods used in Oosterhof and Todorov (2008). This involved having a large number of names rated on several social traits and entering these ratings into a Principal Components Analysis (PCA). In Sample 1, we collected trait ratings of 187 male and 218 female names commonly used in the United Kingdom (UK). For Sample 2, we re-analyse publicly available data on social judgements of 1000 male and 1000 female German names published in Nett et al. (2020).

Sample 1

In Sample 1, we assess the underlying structure of social judgements in names commonly used in the UK. We also assess the consistency of social judgements of names between people, as we would expect that different individuals would judge different names the same way should a consensus structure exist.

Methods

Participants
Participants were either online volunteers or recruited via the [institution]’s participant pool. A total of 1150 participants completed the study with data collection occurring between 2022 and 2024. We aimed to recruit a minimum of 30 participants per trait assessed based on findings from Hehman et al. (Pre-print). Following Jones et al. (2021), participants who did not show sufficient variation in trait ratings (i.e., 75% of ratings given were of the same value) were removed (n = 67); however, note that retaining these participants did not change the results. The final sample included in the analysis was 1083 participants (274 males, 781 females, 28 non-binary/prefer not to say, M = 24.83 years, SD = 10.11 years). Participants were predominantly living in the UK (85.96%) with the following breakdown: Scotland (n = 736), England (n = 176), Northern Ireland (n = 14) and Wales (n = 5). The remaining participants (n = 150) lived outside the UK.

Names
Names were taken from national databases that record the usage of names given to babies born in the UK each year. This includes the National Records of Scotland , the Northern Ireland Statistics and Research Agency , and Office of National Statistics for names used in England and Wales. These databases were accessed through the R package ukbabynames (Çetinkaya-Rundel et al., 2022). All names that appeared in the top 50 most selected names for any given year in any of the three databases were included in the study. Data for all available years were included; this included the years 1974 to 2019 for baby names used in Scotland, 1997 to 2019 for baby names used in Northern Ireland, and 1996 to 2019 for baby names used in England and Wales. This resulted in 187 male names and 218 female names, which is a larger number of stimuli to other social perception research that use a similar technique (e.g., Jones et al., 2021). Given that our analysis includes 18 items (traits listed below), this number of names adheres to the commonly used guideline of 10 observations (names) per item (Osborne & Costello, 2004). The full list of names included in the study is available on the OSF at https://osf.io/9dvtm/.

Procedure
Participants were randomly assigned to rate the names on one of 18 traits. These included the 13 traits included in Oosterhof and Todorov (2008), which includes aggressive, attractive, caring, confident, dominant, emotionally stable, intelligent, mean, responsible, sociable, trustworthy, unhappy, and weird. We also include the additional traits of masculine, feminine, old, young, and competent following previous research that suggest that these are also important dimensions when making social judgements regarding non-face stimuli (McAleer et al., 2014; Sutherland et al., 2013) and could conceivably have an impact on name evaluations. Participants were asked to rate names on their assigned trait on a 9-point scale (1 = very low in the trait, 9 = very high in the trait) and were given a short definition of the trait they were rating (e.g., for participants rating names on aggressiveness, they were given the definition “inclined to behave in a hostile fashion”). Definitions for the 13 traits included in Oosterhof and Todorov (2008) were taken from Jones et al. (2021), while dictionary definitions were used for the remaining traits. Masculine and feminine were defined as “having qualities or appearance traditionally associated with men/women” respectively, while young and old were defined as “having lower/greater age, or not being old/young” respectively. Definitions were provided to ensure variation was due to differences in social perceptions rather than participants interpretation of trait labels. Each participant was shown 100 male and 100 female names. For each participant, names were randomly chosen from the larger set of names and presented in a random order blocked by sex. Participants were randomly shown either the male or female names first.

Results

All analyses were conducted in the R Statistical Software (R Core Team, 2013).

Consistency Between Raters
To assess the consistency of trait ratings, first we calculated a Cronbach’s alpha for each trait to assess the inter-rater agreement. Cronbach’s alphas are reported in Table 1. Generally, inter-rater agreement was acceptable, with 10 traits for both male and female names being above .70. Notably, inter-rater agreement for some traits were low, including Unhappy ratings for both male and female names, and Mean ratings for male names. Removing any single name did not substantially improve consistency.

Table 1. The consistency of trait ratings across names, measured via Cronbach’s alphas and the proportion of variance in ratings attributed to names and raters.
	
	
	
	Male Names
	
	
	Female Names
	

	Trait
	n
	Cronbach’s Alpha
	Prop. Variance Attributed to Name
	Prop. Variance Attributed to Rater
	Cronbach’s Alpha
	Prop. Variance Attributed to Name
	Prop. Variance Attributed to Rater

	Aggressive
	60
	.74
	15.63%
	23.93%
	.74
	15.97%
	25.06%

	Attractive
	61
	.63
	14.07%
	30.35%
	.75
	17.60%
	26.89%

	Caring
	58
	.53
	11.22%
	26.87%
	.54
	11.89%
	29.52%

	Competent
	67
	.81
	17.99%
	22.33%
	.71
	14.27%
	26.09%

	Confident
	60
	.72
	14.04%
	27.99%
	.58
	11.78%
	27.95%

	Dominant
	58
	.64
	13.85%
	27.87%
	.40
	12.72%
	24.70%

	Emotionally Stable
	62
	.72
	13.17%
	24.05%
	.51
	11.10%
	22.44%

	Feminine
	65
	.88
	18.73%
	36.19%
	.88
	18.93%
	36.76%

	Intelligent
	55
	.78
	18.02%
	25.77%
	.75
	16.03%
	25.00%

	Masculine
	64
	.88
	18.97%
	36.94%
	.84
	15.92%
	40.60%

	Mean
	57
	.39
	9.04%
	29.44%
	.56
	12.17%
	29.34%

	Old
	67
	.92
	26.22%
	19.84%
	.90
	25.44%
	19.52%

	Responsible
	55
	.79
	17.16%
	22.65%
	.79
	17.48%
	22.38%

	Sociable
	57
	.75
	15.31%
	24.67%
	.74
	15.15%
	25.70%

	Trustworthy
	55
	.50
	10.86%
	29.02%
	.58
	10.54%
	29.74%

	Unhappy
	61
	.24
	4.25%
	25.90%
	.25
	7.23%
	26.17%

	Weird
	58
	.82
	19.24%
	32.09%
	.80
	16.07%
	33.42%

	Young
	63
	.86
	23.31%
	18.26%
	.84
	24.65%
	16.76%



Second, we assess consistency between raters by calculating intraclass correlations (ICC) following procedures in Hehman et al. (2017). This allows us to attribute sources of variance to either raters or to names with the remainder being attributed to residual variance (which includes error variance and variance unique to each rater-name pair). If social judgements of names are consistent between raters, then we would expect a greater proportion of the variance in trait ratings to be attributed to names. If social judgements of names are more idiosyncratic between raters, then we would expect a greater proportion of the variance to be attributed to the individual rater or a larger residual variance. For male names, across all traits, the mean ICC was .1561, while the mean ICC for female names was .1527. While this is comparable with what has been found with face stimuli (Hehman et al., 2017; Hester et al., 2021), other research has reported between 30-50% consensus for stereotypes about groups (Koch et al., 2020). In nearly all cases, the variance attributed to raters was greater than that of names; this would indicate that while raters shared some agreement about the traits associated with names, individual differences in rating style or interpretation also played a substantial role. Across all traits, correlation between Cronbach’s alpha and variability attributed to names was high (r = .94). Together, this suggests that while there is moderate agreement in how names are perceived between raters, a large degree of individual variation still exists.
As a robustness check, the PCAs reported below were also run with only traits that had reasonable reliability (Cronbach’s alphas > .60). The resulting structures were identical to that reported below with the exception that for female names Component 2 only captured ‘Competence’ rather than both ‘Valence / Competence’. We also reanalysed our data excluding participants living outside the UK. Again, the resulting structures were identical to that reported below with the exception that only three components were identified for male names, with the ‘Familiarity’ component being excluded. Here, we report the original PCA analyses with all traits and participants included. For full results of these additional analyses, please see the supporting materials (https://osf.io/9dvtm/).

Principal Components Analysis
We calculated mean trait ratings for each name and entered them into a Principal Components Analysis (PCA) with a varimax rotation. We retained components with eigenvalues greater than 1. For both male and female names this produced a four-factor solution with similar structures. Factor loadings of individual traits on each PC for male names are shown in Table 2. Component 1 appeared to capture ‘Valence/Competence’ and explained 24.84% of the total variance in trait ratings. Component 2 appeared to capture ‘Youth/Attractiveness’ and explained 17.62% of the variance in trait ratings. Component 3 appeared to capture ‘Dominance’ and explained 16.90% of the total variance. Finally, component 4 was labelled as ‘Familiarity’ due to the high loading of ‘weird’ and explained 11.61% of the total variance.

Table 2. Factor loadings of individual traits on each component for male names in the UK sample.
	Trait
	PC1: Valence / Competence
	PC2: Youth / Attractiveness
	PC3: Dominance
	PC4: Familiarity

	Aggressive
	-.67
	.01
	.52
	.09

	Caring
	.57
	.05
	-.06
	.40

	Competent
	.82
	-.20
	.21
	.12

	Emotionally Stable
	.75
	.27
	.09
	.05

	Intelligent
	.86
	-.09
	.17
	-.01

	Responsible
	.68
	-.55
	.13
	.01

	Trustworthy
	.71
	-.03
	.07
	.14

	Attractive
	.20
	.68
	.31
	.38

	Feminine
	-.05
	.64
	-.57
	-.05

	Old
	.31
	-.88
	.10
	-.13

	Young
	-.26
	.86
	-.02
	.20

	Confident
	.33
	.24
	.63
	.40

	Dominant
	.39
	.02
	.77
	-.02

	Masculine
	.20
	-.41
	.73
	.25

	Mean
	-.39
	-.01
	.58
	-.06

	Sociable
	-.12
	.24
	.29
	.72

	Unhappy
	-.17
	-.22
	.18
	-.68

	Weird
	-.22
	.14
	-.50
	-.66


Factor loadings with absolute values greater than .50 are bolded.

Factor loadings of individual traits on each PC for female names are reported in Table 3. Component 1 appeared to capture ‘Youth/Attractiveness’ and explained 21.69% of the total variance in trait ratings. Component 2 appeared to capture ‘Valence/Competence’ and explained 20.10% of the variance in trait ratings. Component 3 appeared to capture ‘Familiarity’ and explained 14.69% of the total variance. Finally, component 4 appeared to capture ‘Dominance’ and explained 11.57% of the total variance.

Table 3. Factor loadings of individual traits on each component for female names in the UK sample.
	Trait
	PC1: Youth / Attractiveness
	PC2: Valence / Competence
	PC3: Familiarity
	PC4: Dominance

	Attractive
	.79
	.18
	.29
	.01

	Old
	-.88
	.17
	-.06
	.21

	Sociable
	.64
	-.09
	.39
	.27

	Unhappy
	-.62
	-.17
	-.14
	.22

	Young
	.88
	-.10
	.05
	-.19

	Caring
	.23
	.60
	.18
	-.22

	Competent
	-.25
	.75
	.22
	.01

	Emotionally Stable
	-.34
	.52
	.34
	-.16

	Intelligent
	.05
	.82
	.15
	.11

	Responsible
	-.51
	.67
	.24
	.13

	Trustworthy
	.16
	.72
	.03
	-.14

	Confident
	.43
	.20
	.51
	.38

	Feminine
	.36
	.19
	.79
	-.09

	Masculine
	-.12
	-.12
	-.84
	.24

	Weird
	-.06
	-.25
	-.72
	-24

	Aggressive
	-.17
	-.51
	-.09
	.69

	Dominant
	.18
	.23
	.03
	.75

	Mean
	-.09
	-.41
	.08
	.68


Factor loadings with absolute values greater than .50 are bolded.

Visualisations of the component structure for both male and female names are shown in Figure 1. Component scores for each name are available on the OSF at https://osf.io/9dvtm/. 
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Figure 1. Visualisations of the four components from the PCAs for male (right) and female (left) names. This includes the Valence/Competence and Dominance (top), and the Familiarity and Youth/Attractiveness (bottom) components.

Sample 2

With Sample 2, we attempt to replicate our model using a publicly available dataset of trait ratings of 2000 German names collected in Nett et al. (2020). While Nett et al. (2020) also investigated the underlying structure of name trait ratings via a PCA, our analysis differs in two ways. First, Nett et al. (2020) aim to apply the Stereotype Content Model to the social perceptions of names, and thus only include trait ratings that measure warmth and competence in the PCA. Here, since we aim to capture variation across multiple domains, we include all trait ratings available in the dataset (an additional 6 traits). Second, in Nett et al. (2020), both male and female names are included in the same analysis; therefore, the resulting structure would be influenced by gender stereotypes. Here, we conduct separate PCAs for male and female names. This data is publicly available and was accessed from https://osf.io/jepzp/.

Method

Participants
For full participant details, see Nett et al. (2020). In short, the sample included 972 participants who were either recruited from a university participant pool or were paid volunteers. The sample included 711 females, 258 males, and 3 non-binary (M = 34.24 years, SD = 10.69 years). All participants were fluent in German.

Names
For full details of the name selection process, see Nett et al. (2020). In short, names were taken from a larger database of German names and names were removed if 1) they were similar with a more common version of the name, 2) if the name was uncommon, and 3) if the name appeared in both the male and female name dictionary (i.e., sex ambiguous names were removed). The final set included 1000 male names and 1000 female names.

Procedure
For full details on the name rating procedure, see Nett et al. (2020). In short, name ratings were collected using an online survey. Participants were asked to rate a subset of 75 names on numerous traits. We include in our analyses all available trait ratings that were measured on a 7-point scale. This included traits that measure perceived warmth and competence that were included in the original Nett et al. (2020) analysis (competent, competitive, independent, likable, warm, and good natured). However, we also included the additional traits of educated, age, attractiveness, intelligence, religiousness, and familiarity. We did not include traits where participants made a categorical response (e.g., is the name German or foreign). In total, ratings for 12 separate traits were included in our analysis.

Results

The analysis strategy was identical to that with Sample 1. For both male and female names the PCAs produced four-factor solutions. Factor loadings of individual traits on each PC for male names are shown in Table 4. Component 1 appeared to capture ‘competence’ and explained 38.24% of the total variance in trait ratings. Factor 2 appeared to capture ‘Warmth’ and explained 23.85% of the variance in trait ratings. Component 3 appeared to capture ‘Youth/Attractiveness’ (reversed) and explained 15.04% of the total variance. Finally, component 4 appeared to capture ‘Familiarity’ (reversed) and explained 8.81% of the total variance.

Table 4. Factor loadings of individual traits on each component for male names in the German sample.
	Trait
	PC1: Competence
	PC2: Warmth
	PC3: Youth / Attractiveness (reversed)
	PC4: Familiarity (reversed)

	Education
	.90
	.21
	.08
	-.07

	Intelligence
	.93
	.21
	.03
	.01

	Competent
	.92
	.28
	.06
	.02

	Competitive
	.90
	.17
	-.12
	-.02

	Independent
	.88
	.19
	.04
	-.01

	Likable
	.40
	.79
	-.31
	-.13

	Warm
	.24
	.92
	-.11
	.07

	Good Natured
	.22
	.91
	.05
	-.01

	Age
	.37
	-.02
	.86
	.11

	Attractiveness
	.35
	.38
	-.77
	-.04

	Familiarity
	.13
	.40
	.42
	-.64

	Religiousness
	.04
	.18
	.40
	.78


Factor loadings with absolute values greater than .50 are bolded.

Factor loadings of individual traits on each PC for female names are reported in Table 5. Similar with the male names, component 1 appeared to capture ‘competence’ and explained 38.30% of the total variance in trait ratings. Factor 2 appeared to capture ‘warmth’ and explained 23.19% of the variance in trait ratings. Component 3 appeared to capture ‘Youth/Attractiveness’ (reversed) and explained 17.33% of the total variance. Finally, component 4 appeared to capture ‘familiarity’ and explained 8.83% of the total variance.

Table 5. Factor loadings of individual traits on each component for female names in the German sample.
	Trait
	PC1: Competence
	PC2: Warmth
	PC3: Youth / Attractiveness (reversed)
	PC4: Familiarity

	Education
	.91
	.17
	-.02
	.14

	Intelligence
	.92
	.24
	.01
	.03

	Competent
	.92
	.26
	.07
	.02

	Competitive
	.91
	.08
	-.19
	-.02

	Independent
	.87
	.22
	.05
	.11

	Likable
	.44
	.81
	-.19
	.10

	Warm
	.22
	.93
	.09
	.12

	Good Natured
	.14
	.92
	.15
	.14

	Age
	.03
	.09
	.90
	.22

	Attractiveness
	.43
	.30
	-.75
	-.11

	Religiousness
	.15
	.22
	.78
	-.32

	Familiarity
	.15
	.27
	.06
	.90


Factor loadings with absolute values greater than .50 are bolded.

Discussion

In both samples, for both male and female names, variation in trait ratings could predominantly be explained by four components. These dimensions appear to represent valence/competence, dominance/warmth, youth/attractiveness, and familiarity. While the relative proportions explained by each of the four components differs across analyses (e.g., the valence/competence and dominance/warmth components are not consistently the first and second components that explain the most variance), the fact that the same four components are found across each sample/sex provides some convergent evidence. We propose that this four component model could provide an overarching theoretical framework that could help unite research on name bias.
Across each of our analyses, we identified a dimension that represents valence and/or competence, and a dimension that represents dominance or warmth. These dimensions are consistent with the predominant theoretical models of social perception, being the Valence-Dominance Model (Oosterhof & Todorov, 2008) and the Stereotype Content Model (Cuddy et al., 2008). Variation in these dimensions could help explain previous name bias findings. For example, names that vary on dominance/warmth could explain name bias in courtroom decisions of guilt (Bao et al., Pre-print; Bodenhausen & Wyer, 1985; Garwood et al., 1983; Kalist & Lee, 2009); this would be consistent with face perception research that has found a courtroom bias according to perceptions of trustworthiness (Wilson & Rule, 2015). Similarly, variation in valence/competence may explain previously identified name biases in leadership elections (Laham et al., 2012), or hiring decisions (Bertrand & Mullainathan, 2004; Coffey & McLaughlin, 2009; Cotton et al., 2008; Gaddis, 2015; Kang et al., 2020; Watson et al., 2011); again, these explanations would be analogous to findings from the face perception literature (Laustsen & Petersen, 2017; Todorov et al., 2005). 
In our interpretation above, we acknowledge that we conflate valence and dominance from the Valence-Dominance Model with competence and warmth from the Stereotype Content Model. While the two dimensions from each model on the surface appear to be conceptually similar, conflating these constructs may not be valid, and indeed recent research suggests that these dimensions may be separate constructs (Hong et al., 2023). Theoretically, previous research on person perception has implied that variation in valence/dominance is a property of the stimuli (e.g., corresponds with a visual component of faces). However, given that names do not have an inherent visual component, our study could suggest that judgements of valence and dominance may in part be imposed onto stimuli by perceivers’ shared cognition; this is consistent with recent work which has suggested that a shared conceptual trait space informs social perceptions (Stolier et al., 2020). Future research should explore whether both models could be integrated into a united theoretical framework of social perception (e.g., Abele et al., 2021).
Across all analyses, we identified an additional dimension that appeared to represent perceptions of youth/attractiveness. This is consistent with some findings in face perception research that has found an additional youth/attractiveness dimension when the facial stimuli have a diverse age range (Sutherland et al., 2013). This dimension may help explain findings in name research, such as studies that have found that old-fashion names are perceived less favourably compared to modern names (Christopher, 1998; Speckmann & Wingen, 2023; Young et al., 1993), or research which suggests that names convey age information (Johfre, 2020).
Finally, our analyses also identified a fourth component which we labelled ‘Familiarity’. This dimension represents names that are more conventional, or names perceivers may have had more exposure with. For example, in the UK sample, traditional Irish names that may have been less familiar to the majority of the sample (e.g., Odhran, Eimear, Fiadh), scored low on this component. This is consistent with previous research that has found a ‘weirdness’ component in social perceptions of faces and bodies (Morrison et al., 2017). In the UK sample, traits that loaded onto this factor included ‘confident’ and ‘sociable’, indicating that this factor may also represent a sociability factor, which is a key dimension in a recent meta-theory of social evaluation (Abele et al., 2021). Again, this dimension may help explain previous findings in name perception research. For instance, this familiarity component may capture how difficult a name is to pronounce, which has been associated with negative perceptions (Laham et al., 2012; Lee, 2015; Newman et al., 2014; Speckmann & Wingen, 2023; Topolinski et al., 2014). In addition, the familiarity component may capture the negative effect that names from a different group or culture on social judgements (Anderson-Clark et al., 2008; Bertrand & Mullainathan, 2004; Bodenhausen & Wyer, 1985; Cotton et al., 2008; Dinur et al., 1995; Gaddis, 2015; Watson et al., 2011; Zhao & Biernat, 2017).
The emergence of a valence/competence and dominance/warmth dimensions in our analyses suggests that the underlying structure of social judgements for names may, at least in part, be shared with that for faces, social groups, or other types of stimuli. This would be consistent with existing unified frameworks of social perception (e.g., Abele et al., 2021) and suggests that perceivers may rely on a common cognitive architecture to evaluate social stimuli, regardless of whether the stimulus is visual (e.g., faces) or lexical (e.g., names). However, the emergence of additional distinct components (for youth/attractiveness and familiarity) indicate that names may elicit evaluations along social dimensions not fully captured by these existing models. This could reflect stimuli-specific cues or associations that are unique to names. As such, while unified models of social perception provide a useful starting point, the social perception of names may also involve distinct mechanisms that warrant separate theoretical consideration.
Note that our analyses were conducted separately by gender of the names; this was done because we were interested in the social perception of names separate from gender stereotypes. Undoubtedly, perceptions of gender garnered from names influences social evaluations (see Dorrough et al., 2017; Kasof, 1993; Moss-Racusin et al., 2012; Steinpreis et al., 1999); however, comparing results from male and female names separately can still be insightful. While our analyses reveals that the four component models produced by male and female names across the two studies are largely consistent, we note there are some differences in specific trait loadings between genders. For instance, in the UK sample, gender typicality judgements (i.e., judgements of masculinity and femininity) for male names was associated with the dominance dimension (i.e., more masculine names were perceived as more dominant), while gender typicality was more associated with the familiarity component for female names (i.e., more feminine names were perceived as more conventional). This variation could come about for several reasons: 1) it reflects genuine differences in how male and female names are evaluated, or 2) differences are due to a lack of robustness in our results, and increasing either the number of participants or names included in the study would produce more consistent results.

Limitations
There are several limitations to consider when interpreting these results. First, the development of our model relies on single statistical technique, being PCA using a varimax rotation. A major limitation of PCA is that the underlying structure identified depends on the initial items included. While the traits included have been identified as being important for the social perception of non-name stimuli (e.g., Oosterhof & Todorov, 2008; Jones et al. 2021), it is unclear whether they equally apply to names. If the initial traits are sub-optimal (e.g., they do not encompass all possible social evaluations, or are irrelevant), then the structure produced by the PCA will also be sub-optimal. Indeed, recent analyses using data-driven techniques to identify dimensions from naturalistic profile pictures suggest impression formation could be highly dimensional, and include dimensions such as adventurousness, conservatism, fitness, and stylishness (Connor et al., 2024); dimensions that would not be identified in our analyses. Using different analytic techniques (such as hierarchical clustering, network analyses, or identifying underlying dimensions through natural language models of open-ended responses) would help verify our proposed model. Also, this analytic strategy inherently ignores variation in trait ratings due to perceivers. More recent studies on face perception and group stereotypes have considered variation due to perceiver (Hehman et al., 2017; Hester et al., 2021; Koch et al., 2020), and indeed, the analysis of ICCs in Sample 1 indicate that a good proportion of variance in trait ratings are attributed to the individual raters and consensus between raters explains a comparatively smaller proportion.
Second, our analyses only focus on names/raters from two countries, being the UK and Germany. As such, it is unclear whether this four component model would generalise well to other names, particularly non-European, or non-Western names. In addition, in both samples, raters were predominantly female and familiar with the names (e.g., in Sample 1, most participants resided in the UK). While this is important as raters require some familiarity of names in order to be influenced by cultural biases, this again limits the generalisability of the model. Further research should investigate whether this structure is consistent with names and raters from other cultures, or with raters who are unfamiliar with the names.
Third, in the UK sample, given the method that names were selected, only more common or popular names were included in the study. It is plausible that more unique or uncommon name would illicit stronger social judgements (Anderson & Schmitt, 1990; Bao et al., 2023; West & Shults, 1976), which would not be fully captured in this sample. This could also extend to uncommon variation/spelling of more common names (Mehrabian & Piercy, 1993). However, this concern is mitigated somewhat in the UK sample by country-specific popular names (e.g., the names Harris and Saoirse are popular in Scotland and Northern Ireland respectively, but are uncommon in other countries in the UK), suggesting that raters would have viewed some name they were less familiar with. This is perhaps confirmed by a component representing name familiarity in each analysis.
Finally, our study provides a snapshot of perception of names at the current time, but stereotypes regarding names are likely to be fluid and ever-changing over time (Etaugh & Geraghty, 2018). These shifts in perceptions could be comparably rapid in response to the rise and fall in popularity of names (Etaugh & Geraghty, 2018) or prominent cultural events (e.g., hurricane names; Berger et al., 2012). While we expect the underlying structure would remain constant, future research could investigate social perceptions of names across different temporal contexts, or how perceptions may change over time.

Conclusion
Overall, while the proposed four component model can provide an overarching framework to help unite previous research on name bias, the model can also help generate new hypotheses that could be tested in future research. For instance, could variation in the four components explain potential name biases in previously unidentified domains; for example, is the dominance component related to judgements of fighting ability and formidability (Třebický et al., 2013)? Or are perceptions of warmth and competence of someone’s name associated with people’s willingness to deceive them (Azevedo et al., 2017)? Our four-factor model complements more unifying frameworks of social perception such as the Vertical-Horizontal dimensions described in Abele et al. (2021) as it can help generate and explain hypotheses specific to names. In particular, the proposed model includes an additional two dimensions important to name perception (youth/age and familiarity) that are not included in this integrated model. Furthermore, the proposed model could extend previous research by investigating how the four components may interact or combine to influence social judgements. While our research investigates the social perception of first names, we highlight that it does not speak to accuracy of those judgements. However, if name judgements were accurate, establishing agreement in judgements between people, as demonstrated here, would be the initial step (Bjornsdottir et al., 2022).
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