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Abstract 

Gender categorization and stereotyping can lead to discrimination. Researchers have 

mostly studied cisgender, gender-conforming individuals as the targets when examining these 

processes. Less is known about the gender categorization and stereotyping of gender-

ambiguous targets. In two factorial survey experiments, we investigated gender 

categorization and stereotyping based on facial features and behavioral information. We 

manipulated femininity/masculinity/ambiguity of face, behavior, and occupation. Participants 

completed a gender categorization task, and stereotype and attitude measures. The findings 

indicated that face was most influential for categorization: When face was unambiguously 

masculine or feminine, participants mostly categorized targets as male or female, 

respectively. In these cases, behavior and job had little influence on categorization. When 

face was ambiguous, however, this additional information significantly influenced 

categorization. Participants categorized 10-13% of targets as nonbinary. Women did so more 

often than men. Nonbinary categorization was more likely for ambiguous faces, and most 

likely for ambiguous faces combined with ambiguous behavior and ambiguous or feminine 

occupation. Targets categorized as nonbinary were rated as warmer than male and female 

targets, but this was inconsistent across studies. Our findings suggest that categorizing 

gender-ambiguous targets is more complex compared to clearly gendered targets. Primarily 

relying on face when it appears clearly gendered likely causes categorization errors when 

encountering TGNC individuals. The ambiguity of both androgynous faces that are 

complicated to categorize, and seemingly easily categorizable faces perceived as masculine 

or feminine that do not align with a person’s gender can explain perceived threat and negative 

bias toward gender-nonconforming individuals in some perceivers.   

Keywords: gender non-conformity, social categorization, gender stereotypes, gender 

nonbinary, transgender, stimulus ambiguity  
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Gender categorization and stereotypes beyond the binary 

Social categorization is central to social cognition. It facilitates orientation in complex 

social environments through simplification, but can also foster a rigid worldview, resulting in 

stereotypes and discrimination. Since most contemporary societies are structured by gender, 

the category is readily accessible (Johar et al., 2003; Stroessner et al., 2010), and individuals 

habitually categorize others by gender (Banaji & Hardin, 1996; Zarate & Smith, 1990). 

Gender is tied to stereotypes of appearance, behavior, and roles. Negative consequences of 

gender categorization and stereotyping include discrimination against women such as 

violence, constraining traditional roles, and backlash against pursuits of equality (Swim & 

Hyers, 2009), as well as rigid roles that disadvantage men in terms of mental and physical 

health (O’Neil, 2008). Traditionally, gender categorization and stereotyping research have 

focused on cisgender individuals as the targets, yet, gender information is often ambiguous in 

real life, such as the case with transgender and gender-nonconforming (TGNC) individuals, a 

fact rarely addressed in studies (Bodenhausen & Peery, 2009).  

According to the literature that does exist,  individuals rely on different information in 

ambiguous versus unambiguous categorization situations (Pernet & Belin, 2012). In 

ambiguous categorization, context cues and secondary information are more important than 

when primary information is clearly gendered (Huart et al., 2005; D. Martin & Macrae, 2007; 

Pernet & Belin, 2012). Ambiguous targets are also subject to a general “person = male” bias 

(K. L. Johnson et al., 2012). Given the higher risk of discrimination and violence against 

gender non-conforming individuals (Grant et al., 2011; Nadal et al., 2016), as well as mental 

health problems and suicide (Haas et al., 2011), gender categorization and stereotyping 

research must move beyond binary gender categories in their studies.  
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Although gender categorization has been widely studied, many questions remain. 

What factors influence how individuals categorize and subsequently stereotype others? How 

does categorization work under volatile, uncertain, complex, and ambiguous (VUCA; 

Bodenhausen & Peery, 2009) circumstances, which are common in everyday categorization? 

For example, how does the relative importance of different pieces of information change 

when other pieces of information are clear vs. ambiguous? In two online factorial survey 

experiments, we examined the effects of face, occupation, and gender expression on gender 

categorization and subsequent attitudes and stereotypes. Specifically, we investigated how the 

masculinity, femininity, and ambiguity of the face, occupation, and expression of the target 

influences gender categorization and judgments of warmth and competence. Further, we 

examined potential interaction effects between these factors to determine the relative 

influence of each on categorization depending on clarity vs. ambiguity of the other factors. 

Additionally, we investigated how participant gender influences categorization, and how 

participant political orientation, sexism, and gender attitudes influence attitudes towards 

gender-ambiguous targets. Both studies were preregistered. The protocols are available on 

aspredicted.org: https://aspredicted.org/GY1_VYM (Study 1), 

https://aspredicted.org/JBD_JC1 (Study 2). 

The following literature review summarizes findings on gender categorization and 

stereotypes primarily from Western countries (e.g., US, UK, Belgium), though some studies 

from other countries (e.g., China) indicate that at least basic gender categorization processes 

function similarly across cultural contexts. Germany, where we conducted the two studies 

presented in the current paper, shares common gender roles and stereotypes with other 

Western countries. However, the terms used to refer to gender are often different from those 

common in English-speaking countries, such as the US or UK. For example, regarding 

gender identities, besides female and male, the term “diverse” (German: “divers”) was 

https://aspredicted.org/GY1_VYM
https://aspredicted.org/JBD_JC1
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introduced as an official third gender marker on German documents in 2018. While originally 

intended for intersex people only, many LGBTQ+ organizations demand that gender diverse 

people should be able to claim it as well (Hoenes et al., 2019). The term “nonbinary” 

(“nichtbinär” or “nonbinär”) is also slowly gaining more public awareness in Germany. 

Gender Categorization 

Social categorization simplifies human interaction by structuring the social 

environment and making it more predictable. It also complicates human interaction by 

enabling stereotypes, prejudice, and discrimination. Fit (i.e., how meaningfully members of 

different categories differ in their actual characteristics, social norms, and roles) and 

accessibility (i.e., how salient a category is to an individual due to chronic and situational 

factors) determine which categories an individual uses in a specific situation (Oakes, 1978; 

Oakes et al., 1991). We apply the category “gender” extremely quickly and often (Banaji & 

Hardin, 1996; Zarate & Smith, 1990). It is often situationally accessible because it is linked to 

relevant role expectations reflected in individuals’ behavior, gendered language, etc. 

(Stroessner et al., 2010). High perceived fit and frequent situational accessibility, along with 

individual stereotypes, make gender categories chronically accessible (Johar et al., 2003). 

Several types of gender-stereotyped information influence categorization. Face plays an 

important role, as well as expression and occupation. 

Categorization by Face 

Faces are central to social cognition because they help humans recognize and 

categorize each other. Basic facial gender categorization happens automatically, indicating 

that humans easily extract gendered information from faces. Zhang et al. (2016) found that 

gender categorization happens within 195 ms after seeing a face and precedes stereotype 

activation (at 475 ms). Almost all facial features carry gendered information, especially the 

jaw, brows, eyes, and chin (Brown & Perrett, 1993). Beyond single features, holistic 
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impressions also play an important role (Zhao & Hayward, 2010). When deciding if a face is 

female or male, individuals decide categorically, even when faces are morphed continuously. 

According to the face-space metaphor theory, individuals compare each face to a prototypical 

face or an “attractor field” of prototypical features of each category (Campanella et al., 2001), 

with higher closeness to the prototype indicating higher similarity. In line with this theory, 

O’Toole et al. (1998) reported easier categorization of caricatural masculine or feminine 

faces. Based on the literature, we expected that targets with ambiguous faces would be more 

likely to be categorized as nonbinary compared to targets with masculine features (H1). The 

preregistered hypothesis was based only on ambiguous vs. masculine contrast. However, to 

examine how nonbinary categorization is used in both male and female categorization, we 

tested a model with ambiguous/nonbinary as reference category to get both contrasts of 

ambiguous/nonbinary vs. masculine/male and feminine/female, respectively. 

Categorization by Expression 

Gender presentation or expression is another factor in gender categorization. The 

American Psychological Association (APA) defines gender presentation as “[t]he 

presentation of an individual, including physical appearance, clothing choice and accessories, 

and behaviors that express aspects of gender identity or role. Gender expression may or may 

not conform to a person’s gender identity” (American Psychological Association, 2015). 

Expression thus includes many different characteristics that may cue a perceiver around 

gender categorization, such as hairstyle, choice of clothing, and use of make-up (Hayfield, 

2013; Horn, 2007), as well as sports and leisure activities (Lippa, 2005; Plaza et al., 2017; 

Taylor, 2003). Descriptive and prescriptive gender stereotypes often include aspects of 

gender expression, like preferred activities and appearance (Koenig, 2018). Even when 

individuals do not personally endorse gender stereotypes, they may still use them for 

categorization when a task requires it. Further, perceivers’ own gender role orientation 
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influences which information they use for categorization: individuals with a stronger 

gendered self-schema are more likely to interpret expression information in a gendered way 

(Skitka & Maslach, 1990). We expected an ambiguous vs. masculine gender expression to 

increase nonbinary vs. male categorization (H2). To get both contrasts between 

ambiguous/nonbinary and masculine/male as well as feminine/female, respectively, we used 

ambiguous/nonbinary as the reference category.  

Categorization by Occupation 

Occupations are often associated with gender (Glick et al., 1995; Karylowski et al., 

2001; Oswald, 2003; White et al., 1989; White & White, 2006), which is a primary 

component of occupational stereotypes besides prestige (Glick et al., 1995). For example, 

secretary and kindergarten teacher are stereotypically feminine occupations, while carpenter 

and engineer are stereotypically masculine. These stereotypes include the perceived 

distribution of women and men within occupational groups, as well as beliefs about 

occupation-specific competence differences by gender (Canessa-Pollard et al., 2022; Levy et 

al., 2000). Occupational gender stereotypes change over time, with some becoming less and 

others becoming more stereotyped (White et al., 1989). Even in occupations rated less 

gendered than they used to be (e.g., accountant), implicit judgments can still show stronger 

gender bias (White & White, 2006).  Therefore, the link between gender and occupation is 

still highly relevant.  

We expected ambiguous vs. masculine job to increase nonbinary vs. male 

categorization (H3). To get both contrasts between ambiguous/nonbinary and masculine/male 

as well as feminine/female, respectively, we used ambiguous/nonbinary as reference 

category.  
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Ambiguous Categorization 

Research on social categorization and its consequences has often focused on one clear 

category. However, in everyday life, categorization occurs under more complicated 

conditions. Bodenhausen and Peery (2009) highlighted how considering conditions of 

volatility, uncertainty, complexity, and ambiguity (VUCA) helps better understand real-life 

categorization. VUCA factors often appear in combination and can be hard to disentangle, 

but we will focus on ambiguity here. There is a male bias in ambiguous cases wherein people 

tend to assume a target person is a man unless otherwise specified (Hamilton, 1991). For 

example, participants categorize ambiguous body shapes as male more readily than as female 

(K. L. Johnson et al., 2012). Individuals use some information for categorization only when 

more commonly used information is ambiguous. For example, people usually rely on timbre 

to categorize voices, but when timbre is ambiguous, they also consider pitch information 

(Pernet & Belin, 2012). This might apply to other factors in categorization as well, but as far 

as we are aware, has not been applied to face yet. 

In face categorization, gendered context cues like hairstyles or names can bias 

categorization in a more feminine or masculine direction (Huart et al., 2005; Macrae & 

Martin, 2007), especially but not exclusively in ambiguous faces. However, this effect might 

be particularly strong when face is ambiguous and therefore provides less reliable 

information. Context can also shape gender perception and categorization by providing a 

standard of comparison for femininity or masculinity. Relatively gender-neutral faces, for 

example, are perceived as more masculine and more likely to be male when presented after 

more feminine faces, and vice versa (A. E. Martin, 2022).     We explored how these features 

interacted in predicting nonbinary categorization. We were especially interested in the 

influence of expressions and occupation information when face was clearly ambiguous vs. 
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clearly feminine or masculine. We also explored how frequency of nonbinary category use 

was related to participant characteristics and attitudes. 

Gender Stereotypes 

One framework to understand stereotypes is the Stereotype Content Model (SCM; 

Fiske et al., 2002), which proposes two fundamental dimensions of stereotype content that 

guide social perception: warmth and competence (also called communion and agency; Abele 

& Wojciszke, 2014). Warmth refers to traits and behaviors relevant to social functioning, like 

kindness and trustworthiness. Competence refers to traits and behaviors relevant to goal-

achievement, like efficacy and confidence. Past research on gender stereotypes has mostly 

focused on cisgender women and men. Both men and women perceive women as warmer 

than men and men as more competent than women in some, but not all domains (Hentschel et 

al., 2019), while other research has found equality in competence perceptions or even a 

female advantage (Eagly et al., 2020). Some research has also examined transgender 

stereotypes (Gazzola & Morrison, 2014; Howansky et al., 2019), demonstrating that 

stereotypes about transgender men and women overlap more with their assigned gender at 

birth than those for cisgender men with those for cisgender women (Howansky et al., 2019). 

There are also specific transgender stereotypes related to perceived social outcast status 

which the SCM may not capture (Gazzola & Morrison, 2014).  

Research on nonbinary stereotypes is very limited. In gender ambiguous cases, 

individuals assume that physically androgynous individuals have less gender-typed 

behaviors, personality traits, roles, and occupations than clearly gendered targets (Madson, 

2000). Stereotype differences between ambiguous targets categorized as female vs. male are 

smaller than usual gender stereotype differences (Madson, 2000). Individuals may be less 

sure about categorization of ambiguous targets compared to clearly gendered targets, thus 

relying more on individuating information than stereotypes to make inferences about them. In 
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the current study, we explored how assumed gender is related to stereotypes of warmth and 

competence, as well as warmth towards targets. 

Overview of Current Study  

We conducted two studies using a factorial survey experimental design to test our 

research questions. Study 1 was a first test of the design in a convenience sample with 

materials that had only been partially validated beforehand. Study 2 was mostly a replication 

of the design from Study 1 in a more representative sample with all materials pre-tested.   

Method – Study 1 

All materials, data, and code for both studies are available on OSF: 

https://osf.io/encr3/?view_only=e38b15b54cbb4db49fd7f6bcb5a7712a  

Participants and Procedure 

The smallest effect of interest was the indirect effect of the different features on 

stereotypes, mediated by categorization. We do not report this analysis in the article, as we 

found that stereotypes did not differ by the perceived gender category, therefore the 

assumptions for testing the mediation model were not met. Expecting small to medium sized 

mediated effects, we aimed for at least 148-162 participants to detect an effect of that size 

(Fritz & MacKinnon, 2007), and 50 participants per condition (Maas & Hox, 2005) to avoid 

biased standard error estimates in multilevel models. Thus, we aimed for 200 participants to 

compensate for possible missing data. A total of 239 participants started the survey and 204 

(85.4%) completed it. For our analyses, we used all available data from the vignette section 

of the survey, even when participants did not complete the entire survey. The sample size that 

was available for each analysis is specified in the respective results table. Recruitment took 

place between March-May 2020. The study was advertised on an online course credit 

platform for psychology students Ruhr University Bochum and in a corresponding Facebook 

group. The study was also advertised on SurveyCircle (2020), offering participants a code to 

https://osf.io/encr3/?view_only=e38b15b54cbb4db49fd7f6bcb5a7712a
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promote their own study. Participants self-selected into the study. The only inclusion criterion 

was being at least 18 years old. The study was approved by the ethics review board of Ruhr 

University Bochum.  

The average age was 28.5 years (SD = 10.5). Most participants identified as female 

(78.5%, n = 157), 21.5% as male (n = 43), and none as nonbinary. Most (74.5%, n = 149) 

identified as German. The majority (56%, n = 112) was not connected to any religion, 22% 

(44) were protestant, and 15% (30) Roman Catholic. Regardless of religion, participants were 

on average only slightly religious (M = 3.4, SD = 2.4, on a 10-point scale from “not religious 

at all” to “very religious”). Most participants had completed high school (42.5%, n = 85), 

26.5% (53) had a Bachelor’s degree, and 13.5% (27) had a Master’s degree. For employment, 

27.1% (54) were not working (including students without side jobs), 21.1% (42) were 

employed full-time, and 38.7% (36) were employed part-time. On a scale from 1-4 indicating 

how well participants could live with their household income, they were on average able to 

get by (M = 3.3, SD = 0.7). Average political orientation was moderately leftist (M = 4.6, SD 

= 1.6, on an 11-point scale from “extreme left” to “extreme right”)’.  

Data were collected on the online survey platform Qualtrics (2020) via an anonymous 

link. The study consisted of a factorial survey experiment and questionnaires. In the factorial 

survey, we manipulated face, occupation, and expression across three levels: feminine, 

ambiguous, and masculine (see Table 1). Vignettes were split into three blocks of nine 

vignettes to prevent participant fatigue. Blocking was done with the D-efficiency algorithm in 

SAS (SAS Institute Inc., 2015), which ensures that independent variables remain orthogonal 

and all levels are presented in a balanced way across blocks. All participants gave informed 

consent. They were then given instructions on how to answer the vignette questions. They 

were randomly assigned to one of three vignette blocks, each vignette followed by a gender 

categorization task and assessments of warmth and competence as well as warmth towards 
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targets. Participants then completed a demographic questionnaire, followed by a set of 

exploratory measures for gender identification, ambivalent sexism, modern sexism, and 

gender role. Finally, participants had to confirm that their data should be used for analysis 

and were then given course credit or SurveyCircle code.  

Materials 

Vignette composition. Vignettes consisted of three components: a picture of a face 

followed by a description of the target’s occupation and expression.  

Face. Faces were selected from the Chicago Face Database (Ma et al., 2015) which 

includes norming data for masculinity, femininity, perceived gender, attractiveness, and 

emotional expression. We chose faces with a neutral expression since emotional expression 

may impact categorization (Smith et al., 2015; Zhang et al., 2019). We only included White 

faces, because including race as another factor in the analysis would have exceeded the scope 

of the current study. However, this design limits generalizability. Masculine faces were 

selected by masculinity > 5 and femininity < 2 on a 7-point scale, the strictest criterion that 

still yielded exactly three White masculine faces. Feminine faces were selected by femininity 

> 5 and masculinity < 2, yielding 11 images. We chose three with no or minimal make-up. 

Ambiguous faces were morphed from masculine and feminine faces in InterFace (Kramer et 

al., 2017). Each masculine and feminine face was used to create one morphed face, yielding 

three ambiguous images. All images were cropped into ovals to remove hair cues which may 

have influenced categorization. Using three faces per gender condition helps limit stimulus-

specific effects.  

Gender Expression. We chose clothing and make-up for gender expression which are 

reliably part of stereotypes (Hayfield, 2013; Horn, 2007; Koenig, 2018). Descriptions 

consisted of a short sentence reading “The person [always/sometimes/never] wears make-up 

and likes [dressing up/sometimes likes dressing up/does not like dressing up].” 
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Occupation. Occupation descriptions consisted of a short sentence: “The person 

works as [......]” followed by an occupation. Occupations were selected from Oswald (2003), 

Sinclair and Carlsson (2013), and White et al. (1989), in which occupations had been rated 

for perceived femininity/masculinity. We selected mostly feminine, mostly masculine, and 

ambiguous occupations accordingly. We selected occupations with similar social status to 

eliminate status as a potential confounding variable (Glick et al., 1995; Oswald, 2003). For 

that purpose, occupations were coded according to their occupational group in the 

International Standard Classification of Occupations-08 (ISCO-08; International Labour 

Organization, 2012). We calculated status for each occupation using the Standard 

International Occupational Prestige Scale-08 (SIOPS-08; Ganzeboom & Treiman, 2003) and 

the International Socio-Economic Index of Occupational Status-08 (ISEI-08; Ganzeboom, 

2010) using the R package ISCO08ConveRsions (Schwitter, 2019). For feminine 

occupations, we finally chose beautician, dental hygienist, and kindergarten teacher. For 

ambiguous occupations, we chose restaurant manager, travel agent, and photographer. For 

masculine occupations, we chose firefighter, athletic trainer, and police officer. 

Gender categorization. After each vignette, participants were asked “What do you 

think is the gender of this person?” Response options were “male,” “female,” and 

“diverse/nonbinary.” We chose “diverse/non-binary” for a German sample since the term 

“diverse” has gained public awareness in Germany after its introduction as an official third 

gender marker. We used “nonbinary” as well since it is a more descriptive umbrella term, 

albeit less known in Germany. Figure 1 shows an example of the stimuli and gender 

categorization task. 

Warmth and competence. We used four items available in German from Abele et al. 

(2016) to measure warmth and competence. Warmth items were scored on a response scale 

from 1 (“not at all friendly”) to 5 (“very friendly”) and 1 (“not trustworthy”) to 5 (“very 
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trustworthy).” Competence items were scored on a scale from 1 (“little competent”) to 5 

(“very competent”) and 1 (“has no leadership abilities at all”) to 5 (“has leadership 

qualities”) using the same 5-point scale. Mean warmth ratings were 3.40 (SD = 0.90) with 

Cronbach’s alpha = 0.79. Mean competence ratings were 3.30 (SD = 0.80) with Cronbach’s 

alpha = 0.60. Internal consistency was lower than in the original study, perhaps due to the 

smaller number of items. 

Warmth towards targets. Warmth towards targets was measured with a feeling 

thermometer, with zero degrees meaning very cold and ten degrees meaning very warm. 

Average warmth towards targets was 4.70 (SD = 2.10). 

Sexist Attitudes. Benevolent and hostile sexist attitudes were measured with the 

German version of the Ambivalent Sexism Inventory (ASI; Glick & Fiske, 1996, German 

version by Eckes and Six-Materna, 1999). Mean Benevolent Sexism score was 3.0 on a 

response scale from 1 (“do not agree at all”) to 6 (“completely agree”), SD = 0.9, 

Cronbach’s alpha = .85. Mean Hostile Sexism was 2.7, SD = 1.0, Cronbach’s alpha = .93.  

Modern Sexism was measured with the German Modern Sexism Scale (MSS; Eckes & Six-

Materna, 1998); M = 3.0, SD = 0.8, on a scale from 1 (“do not agree at all”) to 6 

(“completely agree”). Cronbach’s alpha was .89.  

Gender Identification. Gender identification was measured with four items adapted 

from Becker and Wagner (2009) to refer to gender identification in general instead of 

identification with womanhood specifically: “I identify with other people of my gender”, “I 

feel strong ties to other people of my gender”, “Overall, my gender is an important part of 

my self-image”, and “Belonging to my gender is important to me”. Mean gender 

identification was 4.20, SD = 1.00, on a scale of 1 (“strongly disagree”)-6 (“strongly 

agree”). Cronbach’s alpha was .78. Gender role orientation was measured with the revised 

German Bem Sex-Role Inventory (BSRI-R; Troche & Rammsayer, 2011). Cronbach’s alpha 
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was .89 for masculinity items and .90 for femininity items.  A total of 31.8% (63) of 

participants identified as undifferentiated, 29.3% (58) as androgynous, 20.2% (40) as 

feminine, and 18.7% (37) as masculine. We included two attention check items in the BSRI-

R and the ASI. 

Demographics. Demographic questions included age, gender (male/female/diverse), 

migration background, cultural background, highest education, and current employment. 

Political orientation was measured on an 11-point scale from “extremely left-wing” to 

“extremely right-wing.” Religiosity was polled using two items, one asking if/which religious 

community participants felt connected to and the other measuring religiosity independent of 

affiliation on a scale from 1 = “not at all religious” to 10 = “very religious.” 

Data Analysis 

Analyses were conducted with R (R Core Team, 2013)/RStudio (RStudio Team, 

2020) and MPlus (Muthén & Muthén, 2010). Two participants were excluded because they 

indicated their data should not be used as they did not answer seriously or had already taken 

part before. Four participants were also excluded because they failed both attention checks. 

These exclusions deviate from the preregistration where we stated there would be no post hoc 

exclusion criteria. Effective sample size after exclusions was 233. Missing data summary 

with the R package naniar (Tierney et al., 2020) yielded 3.6% missing data. Since missing 

data percentages below 5% (Schafer, 1999) or even 10% (Bennett, 2001) are unlikely to bias 

analyses, we took no further steps to analyze missing data patterns. We did not exclude any 

outliers since the statistical procedures used were relatively robust to outliers. 

As the data were nested (vignettes nested within respondents), we used cluster-robust 

standard errors or multilevel models for all analyses involving vignette data. We tested 

influence of features on categorization with multinomial multilevel regression using MPlus. 

In addition to the preregistered analysis where we used “male” and “masculine” as the 
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reference categories, we also tested the same models using “nonbinary” and “ambiguous” as 

reference categories, to see how the nonbinary category is differentiated from both male and 

female categories. We tested the link between gender categorization and stereotypes and 

warmth towards targets with multilevel multinomial logistic regression, and the link between 

participant characteristics and the frequency of nonbinary category use with Poisson and 

negative binomial regression for count data.  

Results – Study 1 

Use of Different Gender Categories 

Table 2 shows how often participants selected each gender category during the 

categorization task. They used the male category half of the time(50%, n = 917), followed by 

the female category (40%, n = 734) and then the nonbinary category (10%, n = 187).  

Table 3 shows how frequently participants used the nonbinary category depending on 

gender, age, political views, and religiosity (Step 1), and modern sexism, ambivalent sexism, 

gender identification, and sex role (Step 2). Women used the nonbinary category more than 

men (b = 0.72, SE = 0.29, p = .015). However, with sexism and gender identification/role 

considered, this effect was no longer significant. More religious participants used the 

nonbinary category less (b = -0.13, SE = 0.05, p = .005). No other factor influenced 

frequency of nonbinary category use.  

Effects of face, gender expression, and occupation on gender categorization 

Table 4 shows the influence of face, occupation, and expression on nonbinary vs. 

male and female categorization, respectively. Participants relied mostly on facial stimuli to 

categorize targets. Participants were much more likely to categorize a target as nonbinary vs. 

male when face was ambiguous vs. masculine (OR = 9.49, p <.001), supporting H1. 

Ambiguous vs. masculine occupation had no significant effect on nonbinary vs. male 

categorization (OR = 0.73, p  = .085), not supporting H2. Still, participants were more likely 
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to categorize a target as nonbinary vs. male when expression was ambiguous vs. masculine 

(OR = 2.16, p <.001), supporting H3.However, the influence of behavior and job on 

categorization changed with face ambiguity. Figures 2, 3, and 4 illustrate that expression and 

occupation had essentially no influence on categorization when face was clearly masculine or 

feminine. However, when face was ambiguous, this additional information was considered 

and influenced categorization results. Surprisingly, masculine expression and occupation both 

increased the likelihood of female categorization, and vice versa for feminine expression and 

occupation.  

Figure 2 shows the percentage of targets that were categorized as nonbinary for 

different combinations of face, job, and behavior. There is, again, a pattern that nonbinary 

categorization is more likely when face is ambiguous, and this varies depending on 

expression and occupation. In contrast, when face is clearly masculine or feminine, nonbinary 

categorization is unlikely, with little difference between different expression-occupation 

configurations. Table 5 contains the results of the underlying interaction model. We also 

conducted an exploratory multiple correspondence analysis (MCA) of features and 

categorization outcomes (see Figure 3). It showed that the two most important dimensions on 

which the data are differentiated appear to be a distinction between masculine faces 

categorized as male and feminine faces categorized as female (Dimension 1), as well as 

between those two sets of faces and ambiguous faces that are more often categorized as 

nonbinary (Dimension 2). Faces and categorization outcomes are far away from the origin, 

which means they strongly differentiate between observations. Interestingly, this is somewhat 

less pronounced for ambiguous faces and nonbinary categorization, hinting at more complex 

categorization processes at work that may be influenced by additional factors that are not 

captured well within these first two dimensions. 
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We observed a male bias in ambiguous face categorization: 54.5% (333) of 

ambiguous faces were categorized as male, and the remainder was split between female 

(21.9%, n = 134) and nonbinary (23.6%, n = 144) categories.  

Stereotypes and warmth towards targets  

Table 6 shows the association between gender categorization and warmth and 

competence stereotypes as well as warmth towards targets. Surprisingly, gender 

categorization predicted neither endorsement of stereotype content nor warmth towards 

targets. We also tested this model with only the contrast between female vs. male 

categorization instead of all three gender categories, still finding no effect except that targets 

categorized as female vs. male were liked more. Face, behavior, and job did not directly 

predict warmth towards targets, either (see Table 7).  

Discussion – Study 1 

Participants used the nonbinary category for 10% (187) of the categorization stimuli. 

77% (144) of faces categorized as nonbinary were ambiguous faces, 15% (28) masculine 

faces, and 8% (15) feminine faces. Given the study design was balanced with masculine, 

feminine, and ambiguous characteristics presented equally often, this finding may indicate 

hesitancy to use the nonbinary gender category. However, given the estimated prevalence of 

TGNC individuals across societies is around 1-2% (Goodman et al., 2019; Spizzirri et al., 

2021),  suggesting that participants may have adjusted their judgments by the likelihood of 

someone identifying as nonbinary. We also found that more religious individuals were more 

hesitant to use the nonbinary category, which fits previous findings that show a link between 

religiosity or religious fundamentalism and prejudice against transgender people as well as a 

preference for binary gender conceptions (Adams et al., 2016; Broussard et al., 2018; Norton 

& Herek, 2013; Worthen et al., 2017).  
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The results of the multilevel multinomial model clearly indicate that facial features 

were most important in gender categorization. When face was unambiguously masculine or 

feminine, participants categorized the target as, respectively, male or female in almost 100% 

of cases, irrespective of occupation and expression. However, when face was ambiguous, 

participants’ judgments were influenced by targets’ expression and occupation as well. 

Targets with ambiguous faces were generally more likely to be categorized as nonbinary than 

targets with clearly masculine or feminine faces. The exploratory MCA showed that targets 

were primarily differentiated by face, on two dimensions contrasting feminine/female vs. 

masculine/male, and ambiguous/nonbinary vs. unambiguous, respectively. 

We also observed clear evidence of male bias (Hamilton, 1991). A full 50% of all 

targets were categorized as male despite only a third of all stimuli being masculine. This 

over-use of the male category was explained by targets with ambiguous faces being 

categorized as male twice as often as female or nonbinary. This aligns with previous findings 

on body shape categorization where participants categorized ambiguous shapes as male more 

readily than as female (K. L. Johnson et al., 2012).  

This study has several limitations that should be considered. First, the sample was 

predominantly young (M = 28.5 years, SD = 10.5), female (78.5% compared to 21.5% male), 

and highly educated. It included fewer participants with a migration background than the 

German average (18.9% vs. German average: 25.5%; Statistisches Bundesamt Destatis, 

2019). Importantly, no participants were nonbinary/diverse. Second, not all stimuli were 

pretested. Norming data were available for masculine and feminine faces, but not for 

ambiguous faces, so we cannot be sure that participants indeed perceived these faces as 

ambiguous. Additionally, facial stimuli were not controlled for attractiveness, even though 

participants may have perceived ambiguous targets as less attractive (Madson, 2000). Given 

the scarce research on gender expression cues in categorization, selecting stimulus material 
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for this variable was difficult. Our stimuli included make-up and clothing, which covers only 

one of many aspects of gender expression. Make-up and clothing may also influence gender 

categorization differently which would not be evident from the combined wording. Always 

dressing up and wearing make-up may not represent the common stereotypes about women’s 

appearance in Germany and in the present sample. We addressed these limitations in Study 2. 

Method – Study 2 

In Study 2, we aimed to replicate Study 1 with a more representative sample. We 

improved the design by pretesting the vignette components to make sure that faces were 

matched by attractiveness, and that all components were perceived in alignment with 

intended gender stereotypes.  

Pretest of Experimental Stimuli 

Participants and Procedure  

Fifty participants were recruited in January 2021 via Prolific (2021). They were paid 

€2.20 for participation. Participants had to be German nationals, 18 years or older, currently 

residing in Germany. The study was approved by the ethics review board of Ruhr University 

Bochum. Participants were presented with 36 facial stimuli and asked to rate each on a 7-

point scale from 1 (“not at all”) to 7 (“very”) on masculinity, femininity, androgyny, and 

attractiveness. We used the term “androgynous” in the item because it is more widely used 

and understood than “gender-ambiguous.” Afterwards, participants were presented with 43 

occupation titles, followed by 41 activities or behaviors, rating each on the same 7-point scale 

for masculinity, femininity, and androgyny.  

Stimuli 

 Faces were selected using the same criteria as in Study 1. For a greater selection of 

ambiguous faces to choose from, we morphed each feminine face with two of the masculine 
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faces instead of only one. Occupations were drawn from the same item pool as in Study 1. 

Expression included the behaviors of make-up and clothing from Study 1, as well as hobbies 

and activities with different gendered associations drawn from past research (Lippa, 2005; 

Plaza et al., 2017; Taylor, 2003).  

Results 

 We calculated mean masculinity, femininity, androgyny, and – if applicable – 

attractiveness scores for each item, as well as differences between the mean scores. We 

conducted linear regression analyses to check if gender ratings or difference scores predicted 

facial attractiveness. We selected masculine and feminine stimuli by filtering for masculinity 

or femininity respectively as well as difference scores that were at least one SD above mean. 

We selected androgynous stimuli by filtering for androgyny scores at least one SD above 

mean for occupations and behaviors, while filtering for androgyny and difference scores at 

least ¼ SD above mean for faces. 

 Face.  

Mean androgyny of faces was 3.4 (SD = 1.0), mean femininity was 3.8 (SD = 1.5), 

and mean masculinity was 4.0 (SD = 1.7). Mean attractiveness was 3.4 (SD = 0.7).  

Three male faces were perceived as masculine. These were the same as the three 

masculine faces chosen in Study 1, which were thus confirmed to be perceived as masculine. 

Eight female faces were perceived as feminine, including only two out of three of the 

feminine faces chosen in Study 1. Ten faces were perceived as androgynous, nine of which 

were morphed faces, and one was a female face. None of the morphed faces chosen in Study 

1 were among the androgynous faces according to the pretest. Face filtering results and their 

respective item ratings are shown in Table 6 in Online Resource 1. Attractiveness was 

negatively associated with masculinity (b = -.16, SE = .06, p = .02) and androgyny (b = -.24, 

SE = .11, p = .03), and positively associated with femininity-androgyny difference (b = .12, 
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SE = .06, p = .05), suggesting that attractiveness needs to be considered when selecting the 

faces.  

 Occupation. Mean masculinityof occupations was 4.8 (SD = 1.1), mean 

femininity 4.4 (SD = 1.2), and mean androgyny 3.8 (SD = 0.7). Six occupations were 

perceived as masculine – firefighter, construction worker, taxi driver, garbage collector, 

forester, and marine officer. This included only one masculine occupation used in Study 1, 

firefighter, but not athletic trainer or police officer. Six occupations were perceived as 

feminine – beautician and kindergarten teacher, which were also included as feminine 

occupations in Study 1, nurse, hairdresser, housekeeper, and elementary teacher. Dental 

hygienist,which was included in Study 1, was not included in this selection. Seven 

occupations were perceived as androgynous, - photographer, which was also included as an 

androgynous occupation in Study 1, architect, psychologist, artist, musician, reporter, and 

university teacher. The other androgynous occupations from Study 1, travel agent or 

restaurant manager, were not included in the selection.  Occupation filtering results and their 

respective item ratings are shown in Table 7 in Online Resource 1.  

Expression. Mean masculinity of gender expression behaviors was 4.5 (SD = 1.5), 

mean femininity 4.6 (SD = 1.4), and mean androgyny 3.9 (SD = 0.8). Nine expression 

behaviors were perceived as masculine – never wearing make-up, which was also used in 

Study 1, rugby, ice hockey, bodybuilding, car racing, boxing, home improvement, strength 

training, and dart. Never dressing up, which was also part of the masculine items in Study 1, 

was not included in the selection. Four expression behaviors were perceived as feminine – 

embroidery, cheerleading, riding, and always wearing make-up, which was also used in Study 

1. However, always dressing up which we also used as a feminine behavior in Study 1 was 

not included in the selection. Eight behaviors were perceived as androgynous, including none 

of the items from Study 1. Items perceived as androgynous in the pretest were always 
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dressing up, sometimes dressing up, swimming, skiing, social drinking, cooking, acting, and 

running. Expression behavior filtering results and their respective item ratings are shown in 

Table 8 in Online Resource 1. 

Discussion 

Findings from the pretest indicated that not all items from Study 1 were perceived as 

intended, highlighting the importance of a follow-up study with pretested materials. Further, 

since attractiveness ratings varied by gender ratings, faces should be matched by 

attractiveness across gender conditions to prevent distortion by attractiveness stereotypes.  

Main Study 

Participants and Procedure  

Power considerations were the same as in Study 1, so we again aimed for 200 

participants. Participant recruitment took place in February 2021 via Prolific. Participants 

were paid €2.20. Participants had to be German nationals, 18 years or older, and currently 

residing in Germany. The study was approved by the ethics review board of Ruhr University 

Bochum. A total of 201 participants started the survey and 200 (99.5%) completed it. For our 

analyses, we used all available data from the vignette section of the survey, even when 

participants did not complete the entire survey. The sample size that was available for each 

analysis is specified in the respective results table. 

Participants were 29 years old on average (SD = 8.4). 2% (4) were nonbinary/diverse, 

34.5% (69) female, and 63.5% (127) male. A total of 76% (152) had no migration 

background and 72.5% (145) described their cultural background as only German. For 

education, 31.5% (63) had completed high school, 29% (58) had a Bachelor’s degree, and 

18.5% (37) had a Master’s degree. For employment, 37.5% (75) were employed full-time, 

28.0% (56) not currently working (including students without side jobs), 26.0% (29) 
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employed part-time. Mean subjective income indicated participants were, on average, able to 

get by on their household income (M = 3.1, SD = 0.7). Average political orientation was 

moderately leftist (M = 4.5, SD = 1.8, on an 11-point scale from “extremely left” to 

“extremely right”). The majority (63.5%, n = 127) were not connected to any religion, 14% 

(28) were Protestant, and 13.5% (27) Roman Catholic. Participants were on average only 

slightly religious (M = 2.9, SD = 2.3, on a 10-point scale from “not religious at all” to “very 

religious”). 

Data were collected via online survey platform Qualtrics (2021) with an anonymous 

link. The study design was the same as in Study 1. Vignette blocking was done with the 

fac.design function from R package DoE.base (Grömping, 2018). The questionnaire structure 

was mostly the same as in Study 1. In the exploratory questionnaires, the BSRI and ASI were 

replaced by measures of openness towards nonbinary gender and gender essentialism.  
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Materials 

Vignette composition was the same as in Study 1, but we adjusted the content of each 

factor according to the pretest (see Table 8). Gender categorization was measured with the 

same item as in Study 1. Warmth and competence were measured with one item each: 

“friendly” for warmth (M = 3.3, SD = 0.9) and “competent” for competence (M = 3.4, SD = 

0.8). Warmth towards targets was measured with a feeling thermometer as in Study 1 (M = 

4.6, SD = 2.2). 

Individual Difference Measures. Modern Sexism was again measured with the 

German Modern Sexism Scale (Eckes & Six-Materna, 1998), with Cronbach’s α = .91, M = 

3.1, SD = 1.0. Gender identification was measured with the same items as in Study 1, with 

Cronbach’s α = .81, M = 3.9, SD = 1.1. Attitude towards nonbinary gender was measured 

with the Openness towards Non-Binary Gender (ONBG) scale (Molin et al., 2020), on a scale 

ranging from 1 (”do not agree at all”) to 7 (”completely agree”), with Cronbach’s α = .95, 

M = 4.60, SD = 1.50.  Example item: “There are more than two gender categories.” Gender 

essentialism was measured with the Gender Essentialism Scale (GES; Skewes et al., 2018), 

on a scale ranging from 1 (”do not agree at all”) to 7 (”completely agree”), with Cronbach’s 

α = .93, M = 3.50, SD = 1.10. Example item: “Male and female brains probably work in very 

different ways.”The demographic questionnaire was the same as in Study 1. 

Analysis 

Analysis software was the same as in Study 1. No participants were excluded. Missing 

data summary yielded 0.07% missing data; therefore, we took no further steps to analyze 

missing data patterns. We used the same statistical procedures as in Study 1 for the 

corresponding hypotheses. 
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Results – Study 2 

Use of Different Gender Categories 

Table 9 shows how many targets were placed in each category. Participants used the 

female category most (45%, n = 801), followed by the male category (42%, n = 758). The 

nonbinary category was used in 13% (240) of the cases. Women used the male category 

most, followed by the female category. For men, it was the opposite. Diverse or nonbinary 

participants used the female category most, followed by the male category. Table 10 shows 

how frequently participants used the nonbinary category depending on gender, age, political 

views, and religiosity (Step 1), as well as modern sexism, gender essentialism, gender 

identification, and openness towards nonbinary gender (Step 2). Women used the nonbinary 

category more often than men (p = 0.33, SE = 0.16, p = .038), but the effect was no longer 

significant in Step 2 of the model. No other variable predicted frequency of nonbinary 

categorization. 

Effects of face, gender expression, and occupation on gender categorization 

Table 11 shows the influence of face, occupation, and expression on nonbinary vs. 

male and female categorization, respectively. Face had the strongest influence on 

categorization. Participants were much more likely to categorize a target as nonbinary vs. 

male when face was ambiguous vs. masculine (OR = 464.05, p <.001), supporting H1. As 

expected, when expression was ambiguous vs. masculine, participants categorized targets as 

nonbinary vs. male more often (OR = 1.52, p = .029), supporting H2 Ambiguous vs. 

masculine occupation had no effect on nonbinary vs. male categorization, so H3 was not 

supported. 

Additional analysis with female and feminine as reference categories supports the 

dominant influence of face. Participants were much more likely to categorize targets as 

nonbinary vs. female when face was ambiguous vs. feminine (OR = 76.71, p <.001). 
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Occupation, again, had no effect. As expected, when expression was ambiguous vs. feminine, 

targets were more likely to be categorized as nonbinary vs. female (OR = 1.55, p = .030).  

Consistent with Study 1, face was a defining factor in gender categorization. When it 

was clearly feminine or masculine, participants categorized targets as female or male 

respectively almost always, regardless of their expression or occupation. However, when face 

was ambiguous, participants relied more on the additional information from occupation and 

expression to categorize the target (see Figure 4). Unlike in Study 1, we did not observe male 

bias in the categorization of targets with ambiguous faces: they were categorized as male, 

female, or nonbinary with similar frequencies. This may be due the fact that the ambiguous 

faces we used in Study 1 were, on average, perceived as more masculine in the pre-test in 

Study 2 than the ambiguous faces we then chose for Study 2 (see Online Resource 1, Table 1). 

Masculine expression increased the likelihood of male categorization and feminine expression 

the likelihood of female categorization when face was ambiguous. As in Study 1, we found 

that masculine occupation increased the likelihood of female categorization when face was 

ambiguous. Nonbinary categorization was most likely when an ambiguous face was combined 

with ambiguous or masculine expression and/or feminine occupation. 

Figure 4 shows the percentage of targets categorized as nonbinary for different 

combinations of face, occupation, and expression. Similar to Study 1, we see a pattern that 

nonbinary categorization is more likely when face is ambiguous, and how likely exactly 

varies depending on occupation and expression. When face is clearly masculine or feminine, 

nonbinary categorization is again very unlikely, with little difference between different 

behavior-job-configurations. Table 12 contains the results of the underlying interaction 

model.  
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Again, we conducted an MCA of features and categorization outcomes (see Figure 5). 

Like in Study 1, the two most important dimensions differentiated ambiguous faces 

categorized as nonbinary from the rest (Dimension 1), as well as masculine from feminine 

faces, each categorized accordingly (Dimension 2). Again, faces and categorization strongly 

differentiate between observations, which is also again less pronounced for ambiguous faces. 

Like in Study 1, this may point to more complex categorization processes in ambiguous face 

categorization. 

 

Stereotypes and Warmth towards targets 

Table 13 shows the relationship between gender categorization and warmth and 

competence stereotypes as well as warmth towards targets. Targets categorized as nonbinary 

were rated warmer than targets categorized as male or female. Besides that, gender 

categorization surprisingly predicted neither stereotypes nor warmth towards targets. Again, 

we also tested this model with only the contrast between female vs. male categorization, 

finding no stereotype differences between the groups. Contrary to Study 1, face, expression, 

and occupation did in some cases predict stereotypes directly (see Online Resource 1, Table 

5). Ambiguous faces were rated warmer than both masculine and feminine faces. Both 

feminine and masculine jobs were rated warmer than ambiguous occupations, and masculine 

occupations were also rated more competent. Expression had no direct influence on warmth 

and competence stereotypes. Regarding warmth towards targets, participants rated ambiguous 

faces more positively compared to masculine faces, and feminine and masculine occupations 

more positively than ambiguous occupations. Expression did not influence warmth towards 

targets directly.  

Discussion – Study 2 

Participants used the nonbinary category in 13% of the cases, similar to the pattern 

observed in Study 1. Women selected the nonbinary category more often than men, but when 
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modern sexism, gender essentialism, gender identification, and openness towards nonbinary 

gender were included in the model, the effect was no longer significant. None of the other 

participant characteristics influenced nonbinary category use, including religiosity which had 

a significant impact in Study 1. The results of the multilevel multinomial model again indicate 

that facial features were the most important factor in gender categorization. When face was 

unambiguously masculine or feminine, participants categorized the target as, respectively, 

male or female in almost 100% of cases. However, when face was ambiguous, participants’ 

judgments were affected by target’s expression and occupation more strongly. Masculine 

expression paired with ambiguous face led to more male categorization, and vice versa for 

feminine expression. For occupation, there was a counter-stereotypical effect, with masculine 

occupation leading to more female categorization and vice versa. In general, participants 

categorized targets with ambiguous faces as nonbinary more often compared to targets with 

clearly feminine or masculine faces. Again, an exploratory MCA showed that targets were 

primarily differentiated by face and resulting gender categorization, contrasting 

feminine/female vs. masculine/male faces and categorization outcomes, as well as 

ambiguous/nonbinary vs. unambiguous/binary faces and categorization. 

As opposed to Study 1, there was no clear male bias in Study 2. A total of 42% of 

targets were categorized as male, and 45% as female, so both traditional gender categories 

were used similarly often. There was even a tendency to categorize ambiguous faces as 

female (35%, n = 212, of ambiguous faces) more often than male (27%, n = 160, of 

ambiguous faces). Regarding stereotypes and warmth towards targets, targets categorized as 

nonbinary were stereotyped as warmer than those categorized as female or male. 

Categorization had no effect on competence ratings or warmth towards targets. 

In Study 2, we addressed some of the limitations from Study 1. The sample was more 

representative, but still predominantly young (M = 29.0 years, SD = 8.4) and highly educated. 

Contrary to Study 1, male participants were overrepresented in the sample (63.5% male, 
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34.5% female, 2.0% diverse), allowing for a more balanced representation across both studies. 

In Study 2, there were some gender-diverse participants in the sample, but still too few to treat 

as a separate group for analyses. Our results were robust regardless of whether 

nonbinary/diverse participants were included in the analysis or not. Percentage of participants 

with migration background was more representative than in Study 1.  

Pretesting the stimulus material allowed us to ensure that stimuli would be perceived 

as masculine, feminine, or ambiguous as intended. We also matched faces by attractiveness to 

control attractiveness as a confounding variable. Limitations to Study 2 include the same 

constraints imposed by self-report measures as in Study 1. We also used only one item to 

measure warmth and competence each, but since we used the items that most explicitly 

referred to the measured constructs (“friendly” and “competent”, respectively), there is no 

reason to suspect they did not work as intended. Stimulus material still lacked race diversity 

since we only used White faces again. Our findings might therefore not apply to different 

ethnic groups. 

General Discussion 

With the present studies, we examined how face, occupation, and expression influence 

gender categorization, including ambiguous presentations of gender. We also examined how 

the importance of a given feature for categorization shifts depending on the other features 

presented and whether they are ambiguous or not. Specifically, we focused on how strongly 

occupation and expression wouuld influence categorization in cases where face is clearly 

feminine or masculine vs. ambiguous. We also wanted to examine how categorization then 

impacts warmth and competence stereotypes, and how perceiver characteristics influence 

categorization. For the latter purpose, we considered gender, political orientation, 

religiousness, gender identification, ambivalent and modern sexism, gender essentialism, and 

openness towards nonbinary gender. 
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Factors in Gender Categorization 

Participants used all three available gender categories. Women used the nonbinary 

category more often although this gender difference was no longer significant when including 

gender role and attitude variables. This suggests that gender differences in nonbinary 

categorization may be partially due to differences in gender roles and attitudes such as gender 

essentialism. Factors such as gender essentialism and traditionalism are also related to anti-

trans prejudice according to previous research (Brassel & Anderson, 2020; Broussard & 

Warner, 2019). In Study 1, less religious participants used the nonbinary category more often 

as well. No other factor influenced usage of the nonbinary category.   

These findings are preliminary, and it remains unclear if/which individual differences 

influence how often people categorize others as nonbinary. It is noteworthy, however, that 

participants consistently used the nonbinary category. Providing or omitting semantic 

information such as category labels shapes participant perception and responses (Tskhay & 

Rule, 2015). Changing gender categorization paradigms to include other categories in addition 

or as alternatives to female and male might lead to interesting results and new insights into 

gender categorization.  

Face had the strongest effect on gender categorization in the expected direction, 

supporting previous findings on its importance in gender categorization (Brown & Perrett, 

1993; Deffenbacher et al., 1998; Mangini & Biederman, 2004; Rule & Sutherland, 2017; 

Zhang et al., 2016), whereas expression and occupation had comparably small and 

inconsistent effects. When face was unambiguous, gender expression barely influenced 

categorization. But when face was ambiguous, people considered other cues as well. This 

resonates with previous findings showing that when primary information, e.g. face, is 

ambiguous, participants consider secondary information or context cues more strongly in their 

decision (Huart et al., 2005; Macrae & Martin, 2007; Pernet & Belin, 2012). We extend these 

findings beyond immediately related information, like hair in addition to face, to more general 
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information about a person. Still, ambiguous faces have considerable impact on the 

categorization outcome as well, insofar as that people with ambiguous faces are more likely to 

be categorized as nonbinary.  

Gender expression mainly influenced categorization in the expected direction based on 

common gender stereotypes. However, occupation had counter-stereotypical effects: 

masculine occupation often led to more female categorization and vice versa. This finding 

may be driven by the fact that the sample appeared to be egalitarian in their beliefs and thus 

perhaps rely less on stereotyping: Participants were mostly nonreligious (Cowling et al., 2019; 

Herek, 2000; Nagoshi et al., 2008), left-wing (Cowling et al., 2019; Herek, 2000), and young 

(Herek, 2000). All of these demographic factors are linked to chronic egalitarian beliefs that 

may have inhibited stereotyping (Johns et al., 2008; Moskowitz et al., 2000; Moskowitz & Li, 

2011).  

Predicting Evaluations of Warmth and Competence and Warmth towards Targets 

Contrary to our hypotheses, gender categorization had no influence on stereotypes or 

warmth towards targets in most cases. Only in Study 2 were targets categorized as female or 

male vs. nonbinary rated as less warm. We would have expected that female categorization 

would lead to highest warmth ratings, followed by nonbinary and then male categorization. 

No other outcomes were influenced by categorization. Stern and Rule (2018) propose that 

politically liberal individuals may show no bias against androgynous targets that are difficult 

to categorize, and in some cases even evaluate them more positively because of the cognitive 

challenge. This might have applied to our samples which were relatively left-wing on average, 

and a more positive evaluation of ambiguous targets may have influenced stereotypes and 

warmth towards targets. Indeed, another hypothesis in our preregistration was that 

conservative participants would report less warmth toward targets that they found difficult to 

categorize. We found that categorization difficulty was generally associated with higher 

reported warmth, but there was a negative interaction between categorization difficulty and 
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right-wing political views on warmth towards targets. Warmth towards targets that were 

difficult to categorize was lower in participants with right-wing political views. Participants’ 

political views or underlying need for stability and cognitive closure should be considered as 

influencing factors in categorization and stereotyping.  

We did not further examine gender roles, essentialism, sexism, and attitudes towards 

nonbinary gender as potential moderators in categorization and stereotyping, since it was 

outside the scope of the current study. It is plausible that although we did not find a robust 

main effect of gender categorization on stereotypes and warmth towards targets, that this 

effect is moderated by individual dispositions such as gender essentialism. Such analyses can 

be conducted in the future with the datasets we provide here, which are openly available on 

OSF. 

Limitations and Future Directions 

Generalizability of the findings is limited since both samples were on average rather 

young and politically leftist. The convenience sample for Study 1 was less representative than 

the Prolific sample from Study 2. Usage of exclusively White faces as stimulus material limits 

generalizability as well, as our results only apply to the perception of White targets. We relied 

solely on self-report measures that are vulnerable to social desirability, which is, however, 

less of a problem in factorial survey experiments (Armacost et al., 1991). We only used 

explicit measures, so we were unable to control for implicit stereotypes and attitudes. We also 

used single-item measures for warmth towards targets, as well as warmth and competence in 

Study 2, to prevent participant fatigue from answering multiple items after each of the 9 

vignettes. When measuring a “doubly-concrete” construct (i.e., a construct that has a single 

clear meaning and refers to a clear object) such as warmth towards a person, use of single-

item measures is justified (Ang & Eisend, 2018; Bergkvist, 2015). Unfortunately, we were 

unable to measure reliability of the single-item measures, and sensitivity may also be 

impacted. However, means and standard deviations of warmth and competence were similar 
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across both studies, regardless of whether we used a single- or two-item measure for each 

construct. This implies that the single-item measures still detected meaningful variation as 

well as the two-item measures.  

In future studies, researchers should try to replicate the interaction effects we explored 

in this study, for example, with a similar factorial survey design optimized for interaction 

analysis. While we know now that when face gender is ambiguous, additional information 

like expression influences categorization more strongly, our design was not optimized to 

uncover the interplay between factors in detail. For example, in a study focusing specifically 

on categorization of ambiguous faces, the relative importance of different pieces of additional 

information (e.g., occupation vs. expression) could be examined more closely. To test if the 

effects we found hold in more realistic scenarios than a factorial survey, virtual reality 

experiments may be useful, because they allow to freely customize faces of avatars that 

participants then interact with. They would also allow to present occupation and expression 

information more implicitly by showing avatars in their workplace or pursuing their hobbies, 

for example.  

Though we still need further research to understand how ambiguous and nonbinary 

individuals fit into existing models of categorization and stereotyping, we have some 

preliminary evidence to suggest that they do not simply fall in between feminine/female and 

masculine/male stereotypes. A follow-up study could include measures of specific ambiguity-

related constructs like stereotype incongruency or categorization difficulty (Stern & Rule, 

2018) and test if they contribute to nonbinary categorization. More research on the content of 

gender-ambiguous and/or nonbinary stereotypes could also complement our process-focused 

work. For example, future studies could gather stereotype content from participants as well as 

previous studies (e.g. Gazzola & Morrison, 2014; Howansky et al., 2019; K. C. Johnson et al., 

2020; Madson, 2000) and theoretical considerations, then compare stereotypes about different 

gender (e.g., nonbinary, transgender (male/female), cisgender (female/male)) and gender 
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expression groups (e.g., ambiguous, feminine gender-(non)conforming, masculine gender-

(non)conforming) to uncover commonalities and differences. 

Practice Implications 

Our findings help explain mechanisms behind prejudice and discrimination against 

TGNC individuals. Negative reactions to TGNC individuals are often related to their gender 

ambiguity, which can manifest as physical androgyny (Stern & Rule, 2018) or as a perceived 

mismatch between physical features and self-identification and/or gender expression 

(Gerhardstein & Anderson, 2010; Morgenroth & Ryan, 2021). Face emerged as the primary 

factor in gender categorization, and unambiguously masculine or feminine face leads people 

to categorize the target as male or female, respectively. However, when people apply the same 

heuristic to trans people who do not “pass” well as their gender and thus categorize them 

according to their sex assigned at birth, they receive conflicting information through targets’ 

self-identification and/or gender expression. This complicates gender categorization and the 

ensuing application of stereotypes and social expectations.Similarly, TGNC people with more 

androgynous faces complicate categorization since the primary basis for categorization is 

ambiguous, so people have to consider additional information about gender expression and 

behavior. However, this information is not necessarily diagnostic for gender either, and more 

subject to contextual variation than face. Therefore, in both cases, perceivers may feel 

threatened in their worldview and system of thought, as well as in their status, safety, and 

distinctiveness, depending on what groups they themselves belong to (Morgenroth & Ryan, 

2021). Previous studies have shown that, for example, individuals holding more conservative 

views (Stern & Rule, 2018), traditional gender attitudes (Brassel & Anderson, 2020), and 

gender-essentialist beliefs (Gallagher & Bodenhausen, 2021) evaluate trans people more 

negatively, perhaps due to perceived threat to their worldview. The opposite may occur as 

well – Stern & Rule (2018) hypothesized that people with high ambiguity tolerance and need 

for cognition may evaluate ambiguous targets more positively.  
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It should be noted, that actual physical features of the target, interacting with perceiver 

attitudes, are not the only basis for prejudice and discrimination against TGNC people. Even 

just labelling a target as trans can negatively influence people’s perceptions, again depending 

on their attitudes as well (Mao et al., 2019). Similarly, a transgender label alone can increase 

the likelihood of misgendering someone (Howansky et al., 2022), which constitutes a 

minority stressor for trans individuals and can thus have negative consequences such as 

feelings of stigma (McLemore, 2015). However, ambiguity of or perceived misalignment 

between gender-relevant cues could be another contributing factor to this issue. 

Conclusion 

In two factorial survey experiments, we investigated how face, occupation, and 

expression and participant characteristics influence gender categorization, and how gender 

categorization affects evaluations of targets. Face had the largest impact on categorization, 

especially when it was clearly feminine or masculine. However, when face was ambiguous, 

occupation and expression influenced participants’ categorization decisions more strongly, 

which highlights that ambiguity of primary information changes how strongly additional 

information influences categorization. Gender categorization did not predict perceptions of 

warmth and competence as hypothesized. However, our findings still shed light on gender 

categorization processes and how they could elicit negative reactions in some individuals in 

the case of ambiguous gender cues. We showed that overall, ambiguous faces increased 

likelihood of nonbinary categorization, as well as the influence of other cues besides face in 

the categorization process, while general readiness to categorize targets as nonbinary varied 

between individuals.  
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 Table 1  

Dimensions of gender categorization and levels of each dimension in Study 1 design 

Dimension Levels 

Face (1) masculine, (2) ambiguous, (3) feminine 

Expression (1) never wears make up and does not like dressing up, (2) sometimes 

wears make up and sometimes likes dressing up, (3) always wears make up 

and likes dressing up a lot 

Occupation (1) firefighter/athletic trainer/police officer, (2) restaurant manager/travel 

agent/photographer, (3) beautician/dental hygienist/kindergarten teacher 
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Table 2   

Gender categorization results by participant gender in Study 1 

Participant 

gender 

Nonbinary Female Male Total 

n % n % n % n 

Female 161 11.4 556 39.3 696 49.3 1413 

Male 24 6.2 162 41.9 201 51.9 387 

Total 185 10.3 718 39.9 897 49.8 1800 

Note. Number of participants = 200, total number of observations = 1800. 

 

Table 3 

Predicting the use of the nonbinary category from participant characteristics, Study 1 

 Step 1 Step 2 

Effect Estimate SE 95% CI p OR Estimate SE 95% CI p OR 

   LL UL     LL UL   

Count model             
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Participant gender (f 

vs. m) 

.72 .29 .14 1.29 .015 2.05 .69 .30 .10 1.29 .022  

Age .01 .01 -.01 .02 .347 1.01 .01 .01 .00 .02 .200  

Political views .02 .07 -.12 .16 .758 1.02 .06 .06 -.06 .19 .311  

Religiosity -.13 .05 -.23 -.04 .005 0.88 -.14 .04 -.22 -.06 <.001  

Gender 

identification 

      -.04 .11 -.25 .18 .745  

Ambivalent sexism       -.21 .15 -.50 .08 .151  

Modern sexism       .00 .15 -.30 .30 .993  

Sex role 

(Amb/undiff vs. 

masc/fem) 

      -.02 .18 -.38 .33 .894  

Zero-inflation model             
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Participant gender 

(m vs. f) 

.70 1.35 -1.95 3.35 .604 2.01 1.34 1.24 -1.09 3.76 .281  

Age -.03 .04 -.10 .04 .405 0.97 -.05 .04 -.12 .02 .180  

Political views .47 .25 -.02 .96 .058 1.60 .41 .23 -.04 .87 .073  

Religiosity -.76 .54 -1.83 .30 .161 0.47 -.96 .48 -1.90 -.02 .046  

Gender 

identification 

      .07 .36 -.63 .77 .846  

Ambivalent sexism       .00 .57 -1.11 1.11 .995  

Modern sexism       .77 .61 -.43 1.97 .208  

Sex role (amb/undiff 

vs. masc/fem) 

      1.10 .83 -.53 2.74 .185  

Note. Number of participants = 198. OR – odds ratio. 
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Table 4 

Influence of facial features, occupation, and behavior on nonbinary vs. female/male categorization in Study 1 

Effect Estimate SE 95% CI p OR 

   LL UL   

Nonbinary vs. Male       

A vs. M face 2.25 .26 1.74 2.77 <.001 9.49 

A vs. M occupation -0.31 .18 -.65 0.04 .085 0.73 

A vs. M behavior 0.77 .21 0.36 1.17 <.001 2.16 

Nonbinary vs. Female       

A vs. F face 3.95 .36 3.25 4.65 <.001 51.94 

A vs. F occupation -0.52 .23 -0.97 -0.07 .025 0.59 
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A vs. F behavior -0.68 .22 -.11 -.24 .002 0.51 

Note. A = ambiguous, M = masculine, F = feminine. We only report matching contrasts (e.g., ambiguous vs. male for non-binary vs. male categorization) for clarity, for full table see Table 5. 

Number of participants = 214, total number of observations = 1838.  

 

Table 5 

Influence of facial features, occupation, and behavior, including interactions, on male/female vs. nonbinary categorization, Study 1 

Effect Estimate SE 95% CI p 

   LL UL  

Male vs. nonbinary      

M vs. A face 3.32 0.61 2.14 4.51 <.001 

F vs. A face -0.28 1.48 -3.18 2.63 .853 

M vs. A job -0.35 0.43 -1.19 0.49 .412 

F vs. A job 0.62 0.36 -0.09 1.33 .088 

M vs. A behavior 1.46 0.43 0.62 2.29 .001 

F vs. A behavior -0.06 0.36 -0.77 0.65 .866 
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M face x M job -0.85 0.56 -1.95 0.25 .131 

M face x F job -1.46 0.53 -2.50 -0.42 .006 

M face x M behavior 1.15 1.09 -0.99 3.28 .292 

M face x F behavior -0.87 0.49 -1.83 0.09 .075 

F face x M job 8.44 1.57 5.36 11.52 <.001 

F face x F job -0.74 1.11 -2.92 1.44 .505 

F face x M behavior -1.52 1.50 -4.47 1.42 .311 

F face x F behavior -1.18 1.37 -3.87 1.51 .389 

M job x M behavior -0.99 0.59 -2.15 0.17 .093 

M job x F behavior  0.91 0.60 -0.26 2.09 .128 

F job x M behavior -0.91 0.62 -2.13 0.31 .142 

F job x F behavior 0.60 0.50 -0.39 1.59 .233 

Female vs. nonbinary 

M vs. A face -0.41 0.77 -1.93 1.10 .593 

F vs. A face 4.54 1.13 2.33 6.75 <.001 

M vs. A job -0.07 0.43 -0.91 0.77 .870 
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F vs. A job -1.48 0.48 -2.42 -0.53 .002 

M vs. A behavior -0.92 0.49 -1.89 0.05 .062 

F vs. A behavior -1.16 0.44 -2.03 -0.30 .009 

M face x M job -1.98 1.07 -4.08 0.12 .065 

M face x F job -0.70 1.03 -2.71 1.31 .495 

M face x M behavior 2.51 1.37 -0.17 5.19 .067 

M face x F behavior 0.09 0.92 -1.72 1.89 .926 

F face x M job 9.01 0.55 7.94 10.08 <.001 

F face x F job -0.33 0.61 -1.52 0.86 .587 

F face x M behavior -0.99 1.13 -3.21 1.23 .383 

F face x F behavior -0.70 1.17 -3.00 1.60 .551 

M job x M behavior 0.92 0.65 -0.34 2.19 .154 

M job x F behavior  0.40 0.70 -0.97 1.77 .564 

F job x M behavior 1.71 0.73 0.28 3.13 .019 

F job x F behavior 1.63 0.73 0.19 3.06 .026 

Note. M = masculine, F = feminine, A = ambiguous. Number of participants = 214, Number of observations = 1838. 
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Table 6 

Warmth, competence, and attitude towards the target predicted from gender categorization in Study 1 

Effect Estimate SE 95% CI p 

   LL UL  

Warmth      

Nonbinary vs. female  -.04 .07 -.18 .09 .535 

Nonbinary vs. male  <.01 .07 -.13 .14 .985 

Competence      

Nonbinary vs. female  -.02 .07 -.15 .11 .734 

Nonbinary vs. male  .05 .06 -.07 .17 .429 

Attitude      

Nonbinary vs. female  -.30 .17 -.63 .03 .077 

Nonbinary vs. male  .06 .18 -.29 .41 .740 

Note. Number of participants = 214, total number of observations = 1838. 
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Table 7 

Face, behavior, and job predicting stereotypes, Study 1 

  

Outcome Predictor b 

b 

95% CI 

[LL, UL] 

beta 

beta 

95% CI 

[LL, UL] 

sr2  

sr2  

95% CI 

[LL, UL] 

r Fit 

Warmth (Intercept) 3.33** [3.21, 3.45]       

 face_fem 0.07 [-0.04, 0.19] 0.04 [-0.02, 0.09] .00 [-.00, .00] .03  

 face_m 0.04 [-0.07, 0.15] 0.02 [-0.03, 0.07] .00 [-.00, .00] .00  

 job_fem 0.04 [-0.07, 0.15] 0.02 [-0.03, 0.07] .00 [-.00, .00] .02  

 job_m -0.01 [-0.12, 0.10] -0.01 [-0.06, 0.05] .00 [-.00, .00] -.02  

 behav_fem 0.07 [-0.04, 0.18] 0.03 [-0.02, 0.09] .00 [-.00, .00] .03  

 behav_m 0.03 [-0.09, 0.14] 0.01 [-0.04, 0.07] .00 [-.00, .00] -.00  

         R2   = .002 

         95% CI[.00,.00] 
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Competence (Intercept) 3.53** [3.42, 3.63]       

 face_fem -0.03 [-0.13, 0.06] -0.02 [-0.07, 0.03] .00 [-.00, .00] .00  

 face_m -0.08 [-0.18, 0.01] -0.05 [-0.10, 0.01] .00 [-.00, .01] -.04  

 job_fem -0.02 [-0.12, 0.08] -0.01 [-0.06, 0.04] .00 [-.00, .00] -.02  

 job_m 0.03 [-0.06, 0.13] 0.02 [-0.03, 0.07] .00 [-.00, .00] .02  

 behav_fem -0.01 [-0.10, 0.09] -0.00 [-0.06, 0.05] .00 [-.00, .00] .01  

 behav_m -0.05 [-0.15, 0.04] -0.03 [-0.08, 0.02] .00 [-.00, .00] -.03  

         R2   = .003 

         95% CI[.00,.01] 

Attitude (Intercept) 4.76** [4.50, 5.02]       

 face_fem 0.17 [-0.07, 0.41] 0.04 [-0.02, 0.09] .00 [-.00, .00] .06**  

 face_m -0.23 [-0.47, 0.01] -0.05 [-0.10, 0.00] .00 [-.00, .01] -.07**  

 job_fem -0.03 [-0.27, 0.21] -0.01 [-0.06, 0.05] .00 [-.00, .00] .00  

 job_m -0.08 [-0.32, 0.16] -0.02 [-0.07, 0.03] .00 [-.00, .00] -.01  

 behav_fem -0.06 [-0.30, 0.18] -0.01 [-0.07, 0.04] .00 [-.00, .00] -.02  

 behav_m 0.03 [-0.21, 0.27] 0.01 [-0.05, 0.06] .00 [-.00, .00] .01  
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         R2   = .007 

         95% CI[.00,.01] 

Note. A significant b-weight indicates the beta-weight and semi-partial correlation are also significant. b represents unstandardized regression 

weights. beta indicates the standardized regression weights. sr2 represents the semi-partial correlation squared. r represents the zero-order 

correlation. LL and UL indicate the lower and upper limits of a confidence interval, respectively. 

* indicates p < .05. ** indicates p < .01. 

 

 Table 8  

Dimensions of gender categorization and levels of each dimension in Study 2 

Dimension Levels 

Face (1) masculine, (2) ambiguous, (3) feminine 

Expression (1) bodybuilding/rugby/home improvement (2) swimming/running/cooking 

(3) riding/cheerleading/embroidery 

Occupation (1) firefighter/construction worker/forester (2) 

photographer/psychologist/musician (3) beautician/kindergarten 

teacher/nurse 
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Table 9   

Gender categorization results by participant gender in Study 2 

Participant 

gender 

Nonbinary Female Male Total 

n % n % n % N 

Female 107 17.2 252 40.6 262 42.2 621 

Male 126 11.0 533 46.6 484 42.3 1143 

Nonbinary 7 19.4 16 44.4 13 36.1 36 

Total 240 13.3 801 44.5 759 42.2 1800 

Note. Number of participants = 204, total number of observations = 1800. 

 

 

Table 10 

Predicting the use of the nonbinary category from participant characteristics, Study 2 

 Step 1 Step 2 

Effect Estimate SE 95% CI p OR Estimate SE 95% CI p OR 
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   LL UL     LL UL   

Count model             

Participant gender (f 

vs. m) 

.33 .16 .02 .65 .038 1.39 .29 .17 -.05 .63 .094 1.34 

Age .00 .01 -.01 .02 .759 1.00 .00 .01 -.02 .02 .893 1.00 

Political views .07 .05 -.02 .16 .125 1.07 .09 .06 -.02 .20 .094 1.09 

Religiosity .02 .03 -.04 .09 .480 1.02 .02 .03 -.04 .08 .545 1.02 

Gender 

identification 

      -.06 .08 -.21 .09 .408 0.94 

Openness towards 

nonbinary gender 

      .00 .07 -.14 .15 .960 1.00 

Modern sexism       -.10 .11 -.31 .10 .330 0.90 

Gender essentialism 

 

      .02 .09 -.17 .20 .839 1.02 

Zero-inflation model             
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Participant gender 

(m vs. f) 

-.87 1.04 -2.90 1.17 .405 0.42 -.69 1.47 -3.58 2.20 .641 0.50 

Age .03 .05 -.07 .13 .532 1.03 .00 .06 -.11 .11 .989 1.00 

Political views .61 .39 -.15 1.36 .115 1.84 .23 .52 -.79 1.24 .661 1.26 

Religiosity .13 .14 -.15 .41 .366 1.14 .22 .19 -.15 .58 .251 1.25 

Gender 

identification 

      .13 .46 -.78 1.03 .779 1.14 

Openness towards 

nonbinary gender 

      -.14 .42 -.96 .68 .734 0.87 

Modern sexism       .94 .56 -.16 2.03 .094 2.56 

Gender essentialism       .42 .64 -.84 1.68 .515 1.52 

Note. Number of participants = 198. OR – odds ratio. 
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Table 11 

Influence of facial features, occupation, and behavior on nonbinary vs. female/male categorization in Study 2 

Effect  Estimate SE 95% CI p Odds ratio 

    LL UL   

Nonbinary vs. Male        

A vs. M face  6.14 0.71 4.75 7.52 <.001 464.05 

A vs. M occupation  -0.14 0.23 -0.60 0.31 .540 0.87 

A vs. M behavior  0.42 0.20 0.04 0.81 .029 1.52 

Nonbinary vs. Female        

A vs. F face  4.34 0.36 3.64 5.04 <.001 76.71 

A vs. F occupation  -0.32 0.18 -0.67 0.04 .079 0.73 

 A vs. F behavior  0.44 0.20 0.04 0.83 .030 1.55 
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Note. A = ambiguous, M = masculine, F = feminine. We only report matching contrasts (e.g., ambiguous vs. male for non-binary vs. male categorization) for clarity, for full 

table see Table 12.  

Number of participants = 214, total number of observations = 1838.  

 

Table 12 

Influence of facial features, occupation, and behavior, including interactions, on male/female vs. nonbinary categorization, Study 2 

Effect Estimate SE 95% CI p 

   LL UL  

Male vs. nonbinary      

M vs. A face 4.52 1.06 2.44 6.60 <.001 

F vs. A face -10.32 0.75 -11.79 -8.84 <.001 

M vs. A job -0.89 0.58 -2.02 0.25 .125 

F vs. A job -0.23 0.40 -1.02 0.57 .574 

M vs. A behavior -0.11 0.40 -0.90 0.67 .779 

F vs. A behavior 0.79 0.47 -0.12 1.71 .089 

M face x M job 12.81 1.23 10.41 15.21 <.001 
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M face x F job 0.21 1.50 -2.73 3.15 .887 

M face x M 

behavior 

12.60 0.80 11.04 14.16 <.001 

M face x F behavior 11.48 0.82 9.88 13.08 <.001 

F face x M job -10.51 1.32 -13.10 -7.91 <.001 

F face x F job 0.23 2.46 -4.58 5.05 .925 

F face x M behavior 9.72 1.44 6.90 12.54 <.001 

F face x F behavior 9.42 2.45 4.63 14.22 <.001 

M job x M behavior 1.68 0.75 0.20 3.15 .026 

M job x F behavior  -1.07 0.86 -2.76 0.62 .213 

F job x M behavior 0.08 0.62 -1.14 1.30 .899 

F job x F behavior -0.58 0.68 -1.92 0.75 .391 

Female vs. nonbinary 

M vs. A face -9.09 1.12 -11.27 -6.90 <.001 

F vs. A face 5.06 0.84 3.42 6.71 <.001 

M vs. A job 2.34 0.52 1.32 3.36 <.001 
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F vs. A job 0.98 0.48 0.04 1.92 .042 

M vs. A behavior 0.82 0.52 -0.20 1.83 .116 

F vs. A behavior 2.69 0.53 1.66 3.72 <.001 

M face x M job 19.33 1.57 16.26 22.40 <.001 

M face x F job -0.84 1.45 -3.69 2.00 .561 

M face x M 

behavior 

11.14 0.90 9.38 12.91 <.001 

M face x F behavior 2.40 1.46 -0.45 5.26 .099 

F face x M job 0.53 1.24 -1.90 2.97 .668 

F face x F job 0.71 1.34 -1.92 3.33 .598 

F face x M behavior -1.00 1.38 -3.71 1.71 .467 

F face x F behavior -1.55 1.67 -4.82 1.73 .354 

M job x M behavior -3.03 0.83 -4.64 -1.41 <.001 

M job x F behavior  -3.12 0.73 -4.56 -1.69 <.001 

F job x M behavior -0.89 0.74 -2.33 0.56 .231 

F job x F behavior -2.98 0.75 -4.44 -1.52 <.001 
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Note. M = masculine, F = feminine, A = ambiguous. Number of participants = 200, Number of observations = 1800. 

 

 

 

Table 13 

Warmth, competence, and attitude towards the target predicted from gender categorization in Study 2 

Effect Estimate SE 95% CI p 

   LL UL  

Warmth      

Nonbinary vs. 

female  

.20 .06 .07 .32 .002 

Nonbinary vs. male  .18 .06 .07 .29 .001 

 

Competence 

     

Nonbinary vs. 

female  

-.08 .06 -.20 .04 .215 
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Nonbinary vs. male  -.10 .06 -.22 .02 .116 

 

Attitude 

     

Nonbinary vs. 

female  

-.21 .19 -.58 .15 .249 

Nonbinary vs. male  -.01 .17 -.35 .33 .952 

Note. Number of participants = 200, total number of observations = 1800. 

 

 



Gender categorization beyond the binary  70 

 

Figure 1. Example of the stimuli presenting information about face, expression, and occupation. 
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Figure 2. Percentage of targets categorized as nonbinary depending on face, behavior, and job in Study 1 

 

Note. amb = ambiguous, fem = feminine, masc = masculine. For specific percentages, see Online Resource 1, Table 6. 
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Figure 3. Multiple correspondence analysis of features and categorization outcomes in Study 1 

 

Note. a = ambiguous, f = feminine, m = masculine. 
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Figure 4.  Percentage of targets categorized as nonbinary depending on face, behavior, and job in Study 2 

 

Note. amb = ambiguous, fem = feminine, masc = masculine. For specific percentages, see Online Resource 1, Table 7. 
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Figure 5. Multiple correspondence analysis of features and categorization outcomes in Study 2 

 

Note. a = ambiguous, f = feminine, m = masculine. 

 


