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Introduction: Stereotypes and biases toward social categories are often reflected in mental representations of faces. The current study used a two-phase reverse correlation procedure to visualize mental representations of the faces of a scientist, a hero, a genius, and a person.

Methods: In the first phase, 20 participants completed four blocks of a two-image forced-choice task. In each block, they selected which face from a pair resembled one of the four categories. The images they selected were averaged to create classification images (CIs), which serve as proxy images for their mental representations of the four categories. In the second phase of the study, 251 naive participants rated the CIs based on various valence and demographic characteristics.

Results: We found that the scientist image was rated predominantly as White and male, which reflects stereotypes about who pursues scientific careers. The scientist image was also rated more negatively than the other CIs on several characteristics, which may indicate negative biases toward scientists as unsociable, poor communicators, and incompetent authority figures, especially during the COVID-19 pandemic.

Discussion: These findings deepen our understanding of how social categories are represented and demonstrate how the CI method can reveal stereotypes and attitudes related to these social categories.
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Introduction

Picture a scientist. What kind of person do you envision? Your mental image of a scientist reflects stereotypes associated with the profession, including sex, race, and age. For the last five decades, developmental psychologists have employed “draw a scientist” tests to assess children’s stereotypes of scientists. Although gender diversity has increased somewhat over the decades, most children draw a White man when asked to draw a scientist (Miller et al., 2018). This bias likely reflects the children’s observations: Historically, scientists have mostly been represented as White men (Watts, 2007). In North America, women and minorities have struggled to make a place in science and be recognized for their work (Campbell et al., 2000). While the proportion of women and other minorities in the sciences has increased, the majority of scientists are still White and male. In the United States, as of 2019, men made up 66% of the workforce in Science, Technology, Engineering, and Mathematics (STEM), compared to 48% in non-STEM fields. In the United States, White workers constitute 64% of the STEM workforce in the United States compared to the 61% share of the overall workforce (National Science Board, National Science Foundation, 2021).

Even when women manage to enter the scientific workforce, they face challenges. Men publish more papers, attain more senior positions in academia, and apply for more grants than women (Huang et al., 2020; Larivière et al., 2013; Ley and Hamilton, 2008). Several explanations have been proposed for this disparity, such as parental care, biases in review processes, resource allocation, and work culture (Borsuk et al., 2009; Bronstein and Farnsworth, 1998; Cameron et al., 2016; Duch et al., 2012; Stack, 2004). The stereotypes about scientists likely exacerbate the obstacles that women and minorities encounter in the sciences, as well as the challenges when entering the field. The 2020 documentary Picture a Scientist recounted the experiences of three female scientists and the challenges they faced as women in STEM (Shattuck and Cheney, 2020). Women’s struggles to achieve in science can, in turn, reinforce stereotypes of scientists.

One way to understand stereotypes is by visualizing people’s mental representation of a social category of interest, like the category of scientists. Mental representations are shaped through experience with a given category (Valentine et al., 2004). It is theorized that individuals identify each other’s social category membership by matching their faces to their mental representations of those social categories (Freeman and Ambady, 2014). This process occurs rapidly for social categories, such as race, gender, and age (Ito and Urland, 2003, 2005; Mouchetant-Rostaing et al., 2000; Tanaka, 2001). Individuals also categorize others based on categories without clear perceptual markers, such as political affiliation, social class, and religious identity, more accurately than would be expected by chance (Andrzejewski et al., 2009; Bjornsdottir and Rule, 2017; Olivola et al., 2012; Rule and Ambady, 2010). This implies that individuals maintain unique mental representations for these categories, and occupation may also be one of them. This rapid process of social categorization not only activates mental representations for a specific social category but also triggers the associated stereotype content associated with them (Freeman and Ambady, 2009; Hugenberg and Bodenhausen, 2003). The immediate impressions formed about an individual’s face have significant consequences in the real world, including employment, political, financial, and judicial outcomes (Rule et al., 2016; Olivola and Todorov, 2010; Rule and Ambady, 2011; Todorov et al., 2005; Zebrowitz and McDonald, 1991). The stereotypes individuals hold about scientists, regarding their demographic traits and their other characteristics, may be reflected in their mental representations. The reverse correlation method allows us to create an image that depicts someone’s mental representation of a scientist.

Reverse correlation (RC) is a technique used to create a visual representation of mental representations, particularly of different faces (Brinkman et al., 2017). Randomly generated noise patterns are superimposed over face images to create large sets of varied stimuli, and participants rate or select the stimuli that most resemble the category of interest. For instance, when visualizing female face representations, participants might choose which of two noise-altered faces looks more female, or rate how female a given noise-altered face looks. These selections are then averaged to create a classification image (CI), which serves as a proxy for their mental representation of female faces. Reverse correlation has been used to visualize representations of faces of different genders, occupations, ethnicities, religions, degrees of sickness, and more (Brown-Iannuzzi et al., 2018; Dotsch et al., 2008; Dunham et al., 2014; Hehman et al., 2015; Imhoff et al., 2013; Mangini and Biederman, 2004; Ojeda et al., 2022). It has also been used to visualize bodies, and objects such as cars (Diego-Mas et al., 2022; Lick et al., 2013; Maister et al., 2021).

Many RC studies will incorporate a rating task in which the CIs are rated by a naive sample of participants based on various traits of interest. These ratings can reveal information about stereotypes and attitudes toward the categories represented by the CIs. The biases the first participant group had toward the categories of interest are reflected in the CIs their image selections created, and the ratings from the second set of participants are meant to reveal those biases. The advantage of the RC method is its ability to implicitly assess attitudes toward social categories. Studies using this paradigm have shown, for instance, that individuals with implicit bias against Moroccans visualize faces generated to represent Moroccans as criminal and untrustworthy, and that atheists are perceived negatively compared to theists (Brown-Iannuzzi et al., 2018; Dotsch et al., 2008). CIs can also reflect an individual’s assumptions of how members of a social group will behave. For instance, CIs representing theists are expected to behave more morally than those representing atheists (Brown-Iannuzzi et al., 2018). This suggests that mental images can store stereotypes and also reinforce them. Visualizing how people mentally represent scientists can thus shed light on the stereotypes associated with them, especially those that individuals may be unaware of or reluctant to endorse due to social desirability bias (Tourangeau and Yan, 2007).

While RC has been used to study a variety of social categories, it has not been applied to the study of the category of scientists. It is interesting to examine how stereotypes of scientists differ from those of other categories. Scientists are characterized as intelligent, as are “geniuses.” Unlike scientists, geniuses may be more likely to be perceived as innately gifted and may be more easily associated with any gender or ethnicity. Unlike scientists, they are also not necessarily professionals–one can be a genius in any number of areas. Scientists’ roles as professionals can also be the basis for distrust. They may be seen as out of touch with the general population, occupied by their work in their “ivory tower” (Locke, 1999; Stilgoe et al., 2014). The longstanding issues in the realm of scientific communication can also exacerbate this perception (Koswatta et al., 2023). A “hero” and a scientist may possess traits such as competence and helpfulness, but they may contrast on other traits due to the specific nature of the scientist label. A hero would not have the same training, and could be labeled a hero based on a unique, spontaneous event, such as saving a child from a river. Heroes are also more likely to be seen as altruistic and kind, while scientists are often stereotyped as cold and aloof (Fiske and Dupree, 2014; Fujiwara et al., 2022). Determining whether scientists, geniuses, and heroes have distinct mental face templates would expand our understanding of the types of categories that are represented distinctly in the mind.

Finally, another category which should have a corresponding mental representation is a superordinate one: “person.” Most RC studies select specific social categories, such as gender, ethnicities, and profession, and examine their mental representations. To our knowledge, no one has yet investigated how individuals generally represent a person. This representation would also serve as an interesting contrast to categories like scientist, genius, and hero, as a person should encompass all possible traits, while the others might have particular characteristics based on stereotypes.



The current study

The purpose of the current study is to employ an RC paradigm to visualize mental representations of a scientist, and compare these representations to those of a genius, a hero, and a person. In the first phase of the study, participants selected face images in a two-image forced-choice task that resembled each of the four categories being tested. The stimuli they selected were averaged to create CIs, which were then rated on several valence and demographic characteristics by a naive set of participants. These ratings revealed whether these four categories are viewed positively or negatively, and which traits differed across categories. Ratings also revealed whether these categories are associated with specific genders and ethnicities, highlighting any demographic biases and stereotypes that may exist within these categories. We predicted that the Scientist CI would be rated as White and male in contrast to the other CIs. We also predicted that it would have similar ratings to the genius for traits related to intelligence, and to the hero for traits related to competence. The CI for the category of person was expected to be neutral on valence and demographic traits, as it represents a superordinate category.



Phase 1: image selection


Methods


Participants

Twenty participants (mean age = 18.35 years, 4 males) were recruited for the first phase of the experiment. This sample size was based on sample sizes reported in past reverse correlation research (e.g., Dotsch and Todorov, 2012). Participants were undergraduate students at McMaster University and received course credit for participation. Five participants identified as South Asian, five as East Asian, four as White, three as South East Asian, one as Black, and one as mixed-race (South Asian and East Asian).



Procedure


Stimulus creation

A base image was created by averaging 30 neutral faces (15 males and 15 females) from the four ethnic groups, White, Black, Asian, and Latinx. The faces were taken from the Chicago Face Database (Ma et al., 2015). The average was generated in Webmorph, the web-based version of Psychomorph (DeBruine, 2018). Randomly generated sinusoidal noise patterns were overlaid on the base image using the generateStimuli2IFC function from the rcicr package in R version 4.2.1. Three hundred stimulus pairs were created, with each pair consisting of the base image with a randomly generated noise pattern and the base image with the inverse noise pattern overlaid, such that the dark pixels in one image corresponded to light pixels in the other.



Image selection

Participants completed four blocks of a two-image, forced-choice, reverse correlation task. In each block, participants were asked to select, by clicking on one of the images, the face that most resembled the category label. In one block, they selected the face that looked like a scientist. In another block, they selected the face that resembled a hero, in another, the face that resembled a genius, and in another, the face that resembled a person. Each block consisted of 300 trials, presented in a randomized order for each participant. The order of the blocks was randomized for each participant.



Demographic questionnaire

Participants were asked to report their age, gender, ethnicity, nationality, religious identity, and socioeconomic status prior to the study.





Results


Classification image creation

The images selected in each of the four blocks were averaged using the generateCI2IFC function from the rcicr package in R version 4.2.1 (Brinkman et al., 2017). The resulting averages for each block were the four Classification Images (CIs), and these are taken to be proxy images for mental representations of the categories of interest. Thus, this process yielded CIs that represent what a scientist, hero, genius, and person look like (see Figure 1).
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FIGURE 1
 The 4 classification images (CIs) that were created using data from phase 1. The base images used to create these CIs were formed by averaging faces from the Chicago Face Database (Ma et al., 2015).






Phase 2: image rating


Methods


Participants

A total of 251 participants (mean age = 35.04 years, 136 males) were recruited from Amazon MTurk and were paid 4.60 Canadian dollars (CAD) as compensation for their participation in accordance with Ontario’s minimum wage. A sample size of 251 was deemed necessary to have 80% power to detect differences in CI ratings across groups, based on the effect size reported in the Supplementary material of the study by Dunham et al. (2014). The power analysis was conducted using G*power 3.1. In terms of ethnicity, 154 participants identified as White, 33 as South Asian, 27 as East Asian, 10 as Middle Eastern, 7 as South East Asian, 4 as Latinx, 4 as Black, 2 as Indigenous North American, and 6 identified as mixed-race (2 White and East Asian, 1 White and South Asian, 1 White and Latinx, 1 White and Black, and 1 unspecified).



Selecting valence characteristics

One block of the rating task involved rating the CIs from phase 1 on valence characteristics. We were interested in using valence ratings that examined characteristics relevant to scientists and could reveal potential gender biases. To do this, we gathered data from Ben Schmidt’s “Gendered Language in Teaching Evaluations” database on 12 January 2022 (Schmidt, 2015). This database collects and displays terms used to describe professors on Ratemyprofessor.com, which is categorized by gender. For our purposes, we retrieved terms that were used to describe professors in the sciences. We selected terms with the most significant disparity in how they were used to describe male vs. female professors. Ten male-gendered terms and nine female-gendered terms were selected, and antonyms for each term were generated to use as labels for the rating scale endpoints. The term “clear,” which was taken from the database, was changed to “well-spoken” to prevent participants from rating the image on visual clarity. The terms are shown in Table 1.



TABLE 1 Traits selected for valence ratings in phase 2 of the study, with their frequencies (in words per million) and male-to-female ratios.
[image: Table1]



Procedure


Rating tasks

Participants completed two blocks of a rating task. In the first block, participants rated the four CIs on 19 valence characteristics. In the second block, participants rated the four CIs on 10 demographic characteristics, including gender and ethnicity. The demographic characteristics were male, female, White, Black, Latinx, East Asian, South Asian, Middle Eastern, Pacific Islander, and Indigenous Canadian. The two blocks were presented in this fixed order to prevent social desirability effects on responses. During the rating task, participants viewed one of the CIs on the computer screen, accompanied by a slider representing a 6-point Likert scale below it. Participants clicked on the slider to indicate how much the CI fit the characteristic. Each participant rated all four CIs on all of the characteristics. The trials within each block were presented in a randomized order across participants; however, the order of the blocks was arranged so that all participants completed the valence ratings before the demographic ratings.



Demographic questionnaire

Participants in phase 2 of the experiment completed the same demographic questionnaire as those in phase 1.




Data availability statement

All study materials and raw data for both phases of this experiment are openly available on OSF at https://osf.io/ycnzg/?view_only=57a646052c2d49fcb0b948355b10b562.




Results


Findings: demographic traits

We conducted a within-subjects analysis of variance (ANOVA) using rating scores as the dependent variable1. Independent variables included classification image (CI; scientist vs. hero vs. person vs. genius) and trait (10 levels, see Figure 2). We found a significant main effect of CI (F (3, 738) = 5.72, p < 0.001, Cohen’s f = 0.14, 95% confidence interval CI [0.07, 0.22]). We also found a main effect of trait (F (9, 2,214) = 72.54, p < 0.001, Cohen’s f = 0.54, 95% CI [0.49, 0.58]). Critically, we found a significant CI × Trait interaction (F(27, 6,642) = 22.09, p < 0.001, Cohen’s f = 0.29, 95% CI [0.27, 0.32]).
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FIGURE 2
 Mean ratings of confidence intervals (CIs) on demographic traits. Error bars represent 95% CIs.


At this stage, we conducted one-way within-subject ANOVA tests using CI as the within-subject independent variable. We found a significant effect of CI on “Female” Ratings (F(3, 738) = 54.85, p < 0.001, Cohen’s f = 0.47, 95% CI [0.39, 0.54]). Post hoc tests revealed that the person CI was rated as significantly more female than the remaining CIs (p-values below 0.001). We also found a significant effect of CI on “male” ratings (F (3, 738) = 58.47, p < 0.001, Cohen’s f = 0.48, 95% CI [0.41, 0.56]). Post hoc tests revealed that the person CI was rated as significantly less male than the other CIs (p-values below 0.001). Next, we examined the effect of CI on race demographic ratings. We found a significant effect of CI on “White” ratings (F (3, 738) = 11.05, p < 0.001, Cohen’s f = 0.20, 95% CI [0.13, 0.28]). Conducting post hoc analyses, the scientist CI was rated as significantly more White than the remaining CIs (p-values below 0.05). We also conducted a one-way ANOVA investigating the effect of CI on Black ratings. We found a significant effect of CI on Black ratings (F (3, 738) = 3.81, p = 0.01, Cohen’s f = 0.11, 95% CI [0.03, 0.19]). For Black ratings, the scientist CI was rated significantly less Black than the hero CI (p = 0.02); however, no other post hoc comparisons reached significance.



Findings: valence traits

As with the demographic traits, we first conducted a within-subjects ANOVA on rating scores with CI (scientist vs. hero vs. person vs. genius) and trait (19 levels, see Table 1) as independent variables, as well as the interaction between them. We found a significant main effect of CI (F (3, 738) = 52.99, p < 0.001, Cohen’s f = 0.46, 95% CI [0.38, 0.54]). Post hoc analyses revealed that the scientist CI received significantly lower scores (which were rated more negatively) than the other CIs (p-values below 0.001; see Figure 2). We also found a significant main effect of trait (F(18, 4,428) = 45.05, p < 0.001, Cohen’s f = 0.42, 95% CI [0.39, 0.45]). Critically, we again found a significant CI × Trait interaction (F (54, 13,284) = 6.62, p < 0.001, Cohen’s f = 0.15, 95% CI [0.13, 0.17]).

At this stage, we conducted one-way within-subjects ANOVAs with CI as the independent variable. All one-way within-subjects ANOVAs revealed a significant main effect of CI, but we report only the findings where the corresponding post hoc comparisons were significant after a Bonferroni correction. We found a significant effect of CI on “warm ratings” (F (3, 738) = 17.24, p < 0.001). The hero CI was rated as “more warm” (p-values below 0.005) than the remaining CIs, while the person CI was rated as “more warm” than the scientist. We found a significant effect of CI on “sweet/harsh” ratings (F (3, 738) = 15.17, p < 0.001, Cohen’s f = 0.24, 95% CI [0.17, 0.32]). Again, the hero was rated as “more sweet” (p-values below 0.005) than the remaining CIs. We found a significant effect of CI on “strict/lenient” (F (3, 738) = 6.34, p < 0.001, Cohen’s f = 0.15, 95% CI [0.08, 0.23]) and “mean/king” (F (3, 738) = 7.79, p < 0.001, Cohen’s f = 0.17, 95% CI [0.09, 0.24]) ratings. In this case, the hero CI was rated as “less strict” (p-values below 0.05) than the remaining CIs, and the scientist was “more mean” than the hero CI (p < 0.001).

There were various characteristics where the scientist CI was rated the lowest among the four CIs. In the cases of “funny/dull” (F (3, 738) = 23.54, p < 0.001, f = 0.31), “engaging/tedious” (F (3, 738) = 19.78, p < 0.001, f = 0.28), “cool/awkward” (F(3, 738) = 11.33, p < 0.001, f = 0.21), and “brilliant/dim” (F (3, 738) = 10.50, p < 0.001, f = 0.20) ratings, all CIs were rated more positively than the scientist CI (p-values below 0.001). Similarly, all CIs were rated as “more entertaining” (F (3, 738) = 14.02, p < 0.001, f = 0.24) and more Chill (less uptight) (F (3, 738), = 13.78, p < 0.001, f = 0.24) than the scientist (p-values below 0.002). The scientist was also rated as the lowest on “charismatic/uncharismatic” ratings (F (3, 738) = 10.81, p < 0.001, f = 0.21); specifically, they were rated significantly worse than the person and the hero CI (p-values below 0.001). The scientist was also rated as the lowest on competent/incompetent ratings (F (3, 738) = 8.81, p < 0.001, f = 0.19); specifically, the scientist was rated as less competent than the genius and person (p-values below 0.002). The scientist was also rated the lowest on smart/dumb ratings (F (3, 738) = 8.80, p < 0.001, f = 0.19); specifically, the scientist was rated as “less smart” than the genius and the person CIs (p-values below 0.001). Again, the scientist was rated lowest on the “personable/irritating” ratings (F (3, 738) = 6.29, p < 0.001, f = 0.16); specifically, the scientist was rated lower than the genius and the hero (p-values below 0.01). Finally, the scientist was rated as less intelligent (more obtuse) (F (3, 738) = 8.05, p < 0.001, f = 0.18) and “less well-spoken” (more ineloquent) (F (3, 738) = 7.38, p < 0.001, f = 0.17) than the person (p < 0.001).



Correlational analysis

For each of our valence traits, except for “well-spoken” (a term we created), we calculated the ratio of usage to describe male professors compared to female professors in reviews on RatemyProfessor.com. Higher ratios mean that the word was used more often to describe male professors than female professors. For example, the word arrogant had a ratio value of 3.38, meaning that the word arrogant is used 3.38 times more often to describe male professors than female professors. We correlated these ratios with the corresponding mean rating for each valence trait for the scientist CI. There was a significant negative correlation between the male-to-female ratio and mean responses (r (18) = −0.57, 95% CI [−0.82, −0.14], p = 0.01), indicating that more positive ratings were associated with more masculine traits.



Order effect

When graphically observing the data (see Figure 3), it appeared that the scientist CI was consistently rated the lowest across all personality traits. To assess if this was true, we conducted a chi-square test of independence to test the null hypothesis that there was no relationship between classification image and valence ranking. A significant chi-square test would indicate that certain CIs received the same ranking (e.g., highest, lowest, etc.) across multiple characteristics. We operationalized high and low mean ratings by “ranking” the mean ratings. Figure 3 shows the four confidence intervals whose means were visualized. If the mean rating for a CI was the highest among the four CIs for a given trait (e.g., happiness), it was counted as “first,” and that CI received one observation for the “first” rank. We recorded the frequencies at which the CIs were first, second, third, and fourth highest on the 19 valence characteristics listed in Table 2. The chi-square test was significant (χ2(9) = 75.58, p < 0.001). The scientist CI was ranked the lowest more often than would be expected by chance.
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FIGURE 3
 Mean ratings of confidence intervals (CIs) on valence traits. Error bars represent 95% CIs.




TABLE 2 Observed frequencies for CI means in each rank position for valence traits.
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Discussion

The purpose of this study was to visualize participants’ mental representations of scientists, heroes, geniuses, and other individuals, and to test whether demographic and valence characteristics were associated with these mental representations. Using a reverse correlation paradigm, we created images representing each category and collected demographic and valence ratings of each image. We found that the scientist image was rated as more male and more White than the other three categories, and had the most negative ratings overall. Specifically, the scientist was rated lower on traits associated with sociability, communication skills, and competence. The hero image was rated as warm and kind, and the person was rated as the most feminine in appearance.

The generation of four unique CIs in this study illustrates the utility of the reverse correlation method. We were able to create face images that reflect the mental representations of our participants. Further, we have extended previous research that has used reverse correlation to visualize individuals with certain occupations (Hehman et al., 2015; Imhoff et al., 2013). Similar to these studies, we found that people have representations of faces associated with specific occupations, even though occupation is a flexible, chosen identity. Since stereotypes about occupations are reflected in these mental representations, reverse correlation can be used to reveal stereotypes. This is especially useful given that reverse correlation is an implicit method—this allows us to capture more spontaneous responses, with less response biases than are present in methods that directly ask about stereotypes. Heroes and geniuses are even more nebulous categories than scientists, but participants revealed distinct representations that reflect stereotypes for these categories as well. The reverse correlation method lends itself to exploring attitudes and stereotypes about various social categories and labels that have not been examined before.

The fact that the Scientist CI was perceived as more male and more White than other categories suggests that there is a stereotypical image of a scientist, and this image is relatively White and male. This result is consistent with the idea that mental representations of faces are based on all of the faces one has encountered. In the United States, White males traditionally pursue careers in the sciences more than women or people of color do (Campbell et al., 2000). This would lead to the formation of a White, masculine mental representation of a scientist, as it reflects the characteristics of the scientists that people have seen.

The way scientists are represented in the media may also contribute to people’s mental representations. News stories about scientists differ by gender. While typically masculine and feminine traits (e.g., drive and collaboration, respectively) are attributed to scientists of all genders, the personal lives and work–life balance of female scientists receive more attention (Mitchell and McKinnon, 2019).This perpetuates the idea that science is something men can perform without having to balance anything else, while women are expected to balance priorities.

The scientist, hero, and genius were all rated as more masculine in appearance than the person. As discussed above, men outnumber women in the sciences. Heroes may also be male-coded: Fictional male superheroes often outnumber their female counterparts and tend to exhibit stereotypically masculine traits, whereas female superheroes are often feminine and sexualized (Anderson and Cavallaro, 2002; Cocca, 2014; Harriger et al., 2022). Geniuses may be perceived as more male due to the associations between intelligence and maleness. Intelligence, in the West, is conceptualized as a rational, logical trait, which is considered to be a masculine trait (Räty and Snellman, 1992; Sternberg, 1985; Sternberg et al., 1981). Compared to these three categories, the superordinate category of person would appear less masculine.

The scientist CI consistently received the least favorable ratings of any of the four CIs across all valence characteristics. Specifically, it was rated significantly lower than other CIs on characteristics that can be grouped into three “themes,” which reflect perceptions individuals have of scientists. First, the scientist CI was perceived as less sociable and was rated significantly as more dull, tedious, awkward, and irritating. The scientist CI was seen as a poor communicator, and was rated less engaging, charismatic, entertaining, and well-spoken. Finally, the scientist CI was even seen as less capable academically, and was rated less brilliant, competent, smart, and intelligent. Some of these findings reflect broad stereotypes about scientists, and others can be understood by comparing the connotations of being a scientist, vs. a hero, genius, or a regular person. When compared to the hero and genius, the authority associated with the role of a scientist might explain their relatively negative perception. Heroes, by definition, are altruistic and use their abilities for the greater good. Scientists do not necessarily do so, and their portrayals in fiction perpetuate this idea. In contrast, scientists and geniuses share the connotation of intelligence and competence, but scientists are professionals, often in roles of authority. Distrust toward authorities and attitudes toward scientific guidance on issues like climate change, vaccines, and, more recently, the COVID-19 pandemic, might mean scientists are viewed as less competent and poorer at communicating.

Heroes are perceived as more powerful and competent than the general population, and this allows them to save others and lead them through difficulties (Kinsella et al., 2015a, 2015b). They are seen as altruistic and likeable (Fradkin et al., 2016; Muller et al., 2020). This applies to heroes in real life (e.g., Volodymyr Zelenskyy’s leadership during the invasion of Ukraine) as well as in fiction. In theory, scientists are also considered competent in their area of expertise, distinguishing from the general population. These two categories can overlap, as some scientists are recognized as heroes for their groundbreaking contributions to science and the betterment of society, such as Alan Turing’s code-breaking in World War II and Katherine Johnson’s contributions to NASA’s first human-crewed space flight (Bullynck et al., 2015; Malcom, 2020). However, not all scientists are viewed this way.

The hero was rated as warmer and kinder than the scientist, and the scientist was also rated lower on other traits associated with sociability, perhaps due to the stereotypical image of scientists as cold, clinical, and calculating (Fiske and Dupree, 2014; Fujiwara et al., 2022). While the ability to be objective and thorough is helpful for research, it does not make scientists appear approachable or likable. The Western conception of logical intelligence being separate from social and emotional intelligence may also feed the perception of scientists as logical individuals who are not socially adept (Sternberg, 1985; Sternberg et al., 1981). However, it is essential for scientists to gain not only the respect but also the trust of the general public by projecting warmth and competence, thereby effectively communicating and enacting their findings (Fiske and Dupree, 2014).

Unfortunately, distrust of scientists is prevalent, and appears to be increasing, especially regarding issues like climate change and vaccines, and this may have contributed to the surprising finding that individuals perceive scientists as incompetent (Dixon and Jones, 2015; Kabat, 2017; Peters, 2013; Pittinsky, 2015; Rutjens et al., 2018a; Rutjens et al., 2018b). Some of this lack of trust is related to individuals’ ideologies and political views, and whether these views align with those of scientific authorities. For instance, there is growing distrust among right-wing individuals in the United States toward scientists, due to their perception that scientific institutions are becoming increasingly liberal (Cofnas et al., 2018). This also applies to COVID-specific distrust of scientists, with right-wing individuals being less trusting of scientists and vaccine mandates than during the pandemic (Kossowska et al., 2021). The recommendations scientists made regarding social distancing, mask wearing, and vaccination were viewed by many as part of a larger agenda. This sentiment has only increased with the emergence of the COVID-19 pandemic, which coincided with the time this study was run (Sanchez and Dunning, 2021). During this time, scientists became an important authority, informing communication about and responding to the pandemic (Grundmann, 2021; Van Dooren and Noordegraaf, 2020). There were many who felt that scientists were overstating the risks associated with COVID-19 or that guidelines were infringing on their personal freedoms. Updates to guidelines could be perceived as mixed messages and may have exacerbated the view among the general public that scientists are incompetent and that they struggle to communicate information clearly. While scientific findings and guidelines are the products of rigorous study, the gap between the work and the public’s understanding of it, especially when information is presented differently by various outlets—scientists, journalists, governments, et cetera—can lead to the perception that scientists are out of touch, and do not know what they are doing (Salita, 2015; Weingart and Guenther, 2016). Negative messaging in the media also likely contributed to a lack of trust in scientists and their competence. News outlets in certain parts of the world portray scientists as members of the corrupt elite in contrast to the general population (Kulas, 2018). In the United States, President Donald Trump and right-wing media outlets downplayed the expertise of scientific authorities, such as the World Health Organization and leading American scientists, including Dr. Anthony Fauci (Raihl and Lilian, 2023; Rutledge, 2020). There is some research suggesting that President Trump’s messaging did not have a direct effect on individuals’ attitudes toward scientists and their competence in the United States (Evans and Hargittai, 2020). Instead, their social group membership—political alignment, race, religion, and socioeconomic status—seems to be a better predictor. However, it is important to note that this research was conducted using self-report measures, whereas the current study used an implicit measure. Even individuals who outwardly express belief in scientists’ competence may implicitly hold the opposite view, and this may explain our pattern of findings. While there are many possible explanations for feelings of distrust and negativity toward scientists, it is possible that the context of the COVID-19 pandemic contributed in some way to the sentiments reflected in the scientist CI and its ratings.

A significant amount of distrust in science comes from conspiracy-like beliefs, where individuals believe that others are secretly working toward nefarious ends (Douglas et al., 2017). In these cases, individuals fear that scientists are not acting objectively, and are instead working under the influence of some other power or corporation (Dixon and Jones, 2015). These sentiments likely increased negative sentiments toward scientists, leading individuals to select colder, less friendly-looking faces when completing the scientist image selection task. These attitudes may be exacerbated by real cases of unethical research, such as the Tuskegee Syphilis Study, where researchers studying the advancement of syphilis withheld life-saving treatment from the hundreds of Black men in the study (Brandt, 1978).

Fictional representations of scientists can also be negative. Consider the trope of the “mad scientist” (Weingart et al., 2003). It is very common for scientists to be portrayed as villains in fiction—consider characters such as Dr. Jekyll, Dr. Frankenstein, and the geneticists in Jurassic Park. Fictional scientific organizations include Aperture Science, featured in the Portal series of video games, and the Umbrella Corporation in the Resident Evil series of games. These scientists are typically shown experimenting, often in secret, with the human body and human nature, and creating things that are harmful to our health (Weingart et al., 2003). As such, even scientists who do their job well may be associated with different traits than heroes, geniuses, and ordinary people are.

There are caveats to consider when interpreting the results of this study. First, the negative results regarding scientists may be a result of this study’s context: the COVID-19 pandemic. Conducting a similar study at a different time, or with different populations, that have varying exposure to scientific information and scientific involvement in pandemic-related regulations might yield different results. Studying individuals who are not science undergraduate students or who have particularly strong feelings about science might also yield different results and would be an interesting area of study for the future research. Our sample may have also influenced the characteristics seen in the CIs: specifically, the person, which appeared more female than the other three CIs. Our sample consisted of more females than males, and they may have a more feminine representation of a typical person, perhaps because they have more interaction with other females. Future studies using undergraduate participants could also collect information about participants’ majors or recruit students from specific majors (e.g., science and non-science students) to see how their area of study influences their view of scientists.

The impacts of the base images on the resulting CIs are not quantified but are likely to be substantial. In our study, the base images used to create the stimuli included faces of males and females of various ethnicities. Many reverse correlation studies create their stimuli solely using Caucasian male faces (e.g., Dotsch et al., 2008). It is possible that the characteristics of a CI, especially its perceived gender and ethnicity, are constrained or influenced by the gender and ethnicity of the base images. Future studies could explore this issue and determine, if any, impact the starting point on the end product in a reverse correlation study.

The specific two-phase reverse correlation method also has certain caveats. Recent studies have shown that when CIs are created by aggregating the images selected by all participants, and those CIs are presented to new participants for rating, the differences between those CIs can be overestimated, and this can lead to an inflated type-I error rate (Cone et al., 2021). As such, it is possible that the findings in the current study were significant, or that the differences between CIs appeared larger due to the way the CIs were generated. To address this, we included effect sizes, with confidence intervals, for all main effects and interactions, and only reported on post hoc comparisons that remained significant after correction. Often, in cases where Type I error rates are likely, significant p-values are associated with weak effect sizes as indicated by confidence intervals that cross zero (e.g., Rothman, 2010). In our study, no effect sizes were associated with confidence intervals that crossed zero. This increases confidence that the effects observed in our study were not merely Type I errors (Rothman, 2010). Additionally, we included non-parametric analyses to support the conclusion that there were systematic differences in how CIs were rated. With this in mind, future studies could generate CIs for each participant in the first phase of the experiment and collect ratings, or calculate informational value of the CIs to assess stereotypes with a lower Type I error rate.

Finally, the current work may have benefited from the use of factor analysis to combine our valence traits into fewer factors. Doing so would have reduced the number of post hoc comparisons necessary across CIs. Due to the repeated-measure nature of our data, a post hoc exploratory factor analysis would not have been suitable (Newsom, 2023). Participants responded to the same valence question multiple times, and those responses could not be combined or correlated as they differed systematically by CI (Newsom, 2023). However, future research would benefit from a priori confirmatory factor analysis. Prior research using the Stereotype Content Model indicates that many of our valence traits may have combined into factors such as “warmth” or “competence” (see Cuddy et al., 2008). As such, future research using similar traits could utilize the Stereotype Content Model to support the theoretical development of factors that reduce the number of post hoc comparisons.



Conclusion

This study aimed to visualize the mental representations of scientists, geniuses, heroes, and ordinary people, and to measure the demographic and valence traits associated with each category. We found that scientists are perceived as relatively White and male, reflecting stereotypes of who works in the sciences, as well as media and fictional portrayals that exaggerate the extent to which White men dominate science. Scientists are also rated low on characteristics associated with sociability, competence, and communication abilities. This may reflect negative stereotypes associated with scientists as authority figures, especially when they are the face of issues like the COVID-19 pandemic. Future research can explore other occupations, even within the sciences, to learn about the stereotypes and attitudes that are held toward these groups.
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Footnotes

1   We conducted within-subject ANOVAs to mimic analyses conducted in previous reverse correlation studies using social categories (e.g., Dunham et al., 2014). However, to account for the nested nature of the data, mixed-effect linear models were conducted to mimic the analyses presented here. The results of the mixed-effects linear models can be found in Appendix A.
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