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Abstract
While women’s representation in STEM fields has increased over the past several decades, some
fields have seen a greater increase women’s participation than others. In the present research, we
explore how women'’s participation in STEM disciplines influences labeling of those disciplines
as hard vs. soft sciences. Study 1 found that increasing perceived participation of women in a
STEM discipline increased the likelihood that participants would label it a soft science. Study 2
found that among people who did not work in science, this tendency to associate women’s
participation with soft science was correlated with endorsement of stereotypes about women’s
STEM competency. And Studies 3A and 3B showed that labeling disciplines as soft sciences led
to the fields being devalued, deemed less rigorous, and less worthy of federal funding. These
studies show that stereotypes about women’s STEM competency can impact perceptions of
fields in which women participate, with consequences for how scientific disciplines are
perceived.

Keywords: Gender stereotypes, STEM, Gender gaps, Hard and Soft Sciences
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Gender Representation Cues Labels of Hard and Soft Sciences

Colloquially, people distinguish between “hard sciences” and “soft sciences”. The so-called
hard sciences include natural or physical sciences, including domains such as physics, chemistry,
biology, and computer science, whereas the so-called “soft sciences” include psychology,
sociology, and political science. The so-called hard sciences are imbued with perceptions of
objectivity, whereas the so-called “soft sciences” are imbued with perceptions of subjectivity.
For example, MRI evidence from the hard science discipline of neuroscience is perceived as
more objective than cognitive test evidence from the “soft science” discipline of cognitive
psychology (Munro & Munro, 2014). Yet the lines between these categories are at best blurry:
Indeed, research on substrates of psychiatric illness and the physics of social neuroscience blend
the “soft” science of psychology with the hard sciences of biochemistry and neuroscience. In this
research, we examine how perceived gender representation within fields of study serve as
heuristics to judge whether a field is a hard vs. soft science. Specifically, we argue that fields
with greater representation of women are labeled as “soft sciences” and, consequently, devalued.
Stereotypes of Science as “Soft” or “Hard”

Consistent with social structural theories of stereotype content (Eagly & Koenig, 2021),
beliefs about science, technology, engineering, and math (STEM) fields are associated with the
groups observed to occupy these roles. This principle carries implications not only for overall
perceptions of science, but for particular subcategories of science (i.e., “soft” or “hard” science).

Despite increases in women’s engagement in STEM educational and career paths, women
continue to be underrepresented in STEM (National Center for Science and Engineering
Statistics, 2021). The link between STEM categories and maleness is strong: The traits ascribed

to scientists overlap more with the traits ascribed to men than with those ascribed to women
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(Carli et al., 2016), and concepts related to science and math are more easily associated with men
than with women (Kessels, Rau, & Hannover, 2006; Nosek & Smyth, 2007). Additionally,
students asked to draw a scientist are more likely to draw men than women (Miller et al., 2019;
Rahm & Charbonneau, 1997). Such stereotypes that associate men or maleness with STEM can
dampen women’s interest in entering STEM fields (see Cheryan et al., 2017, for review).

Yet the reverse causal direction also operates —that is, the representation of women in a field
can influence stereotypes about that field (Cejka & Eagly, 1999). That fields are judged in part
by their gender ratios is consistent with research in sociology on the “feminization” of fields
(England et al., 2007). Analyses of men and women’s pursuit of doctoral degrees in different
fields from 1971 to 2002 indicate that once women’s representation reached a certain point
(greater than 24%), men were subsequently less likely to pursue doctoral degrees in that field.
This pattern is consistent with the devaluation of “feminized” fields, suggesting that perceptions
of a field (and individuals’ choices to enter that field) are influenced by gendered representation.
Thus, the presence of women in scientific fields can change perceptions of specific STEM
disciplines.

Labeling Sciences as “Soft” or “Hard.” We posit that one manifestation of the gender
stereotyping of science fields is the use of the labels soft science and hard science. The origin of
these terms is somewhat unclear—Storer (1967) highlighted the two categories, but does not
seem to have originated them. Empirical support for the distinction is largely credited to Biglan
(1973), who asked faculty to sort academic disciplines (including fine arts and humanities) in
similar clusters. Using multidimensional scaling, he identified three underlying dimensions that
predicted clustering. These were labeled “hard/soft”, “pure/applied”, and “life/non-life.” Biglan

explained the hard/soft distinction by referencing Kuhn’s (1962) concept of paradigm, arguing
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that the fields categorized as “hard” were paradigmatic, meaning they had “greater consensus
about content and method” (Biglan, 1973, pp. 2020); the “soft” fields were classified as non-
paradigmatic. This classification system has been persistently used in studies of higher
education, despite concerns about flattening dimensions into categories (Simpson, 2015), and
contradictions in how disciplines are categorized.

Perhaps unsurprisingly, women have historically participated at lower rates in fields
Biglan classified as hard than in fields classified as soft (Malaney, 1986). But while universities
tend to organize programs along the hard/soft dimension (Simpson, 2015), and teaching practices
(Michel et al., 2018), career attitudes (Smart & Elton, 1982), and salaries differ among the
categories (Smart & McLaughlin, 1978), whether the classifications represent clear distinctions
in domains of study is less clear. There are apparent contradictions in how the system classifies
fields—for example, nursing is categorized as “soft/applied/life” while dentistry is categorized as
“hard/applied/non-life” (Stoecker, 1993). In addition, empirical analyses of the content of hard
vs. soft sciences have failed to find clear evidence of objective differences along the continuum.
For example, empirical investigations have failed to validate the claim that hard sciences have
more consensus than soft sciences, despite concerted attempts (Cole, 1983). Other justifications
for the hard/soft distinction describe hard sciences as incorporating advanced mathematics
(Storer, 1967) and emphasizing formal models (Zuckerman & Merton, 1971). Yet exceptions to
this typology are readily available—for example, advanced statistical modeling is prominent in
sociology and psychology, and economics incorporates both mathematics and formal models, yet
all three are typically categorized as a “soft science” (Mayer, 1980). Alternatively, others have
suggested that the extent of scientific control distinguishes hard from soft sciences, with social

sciences being considered soft because of the inability to control aspects of participants’
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experience outside the lab setting (e.g., Gutting 2012). Here too are many exceptions: The so-
called hard sciences of astronomy and geoscience lack true experimental control, whereas the so-
called soft science of experimental psychology relies heavily on establishing effective
experimental control. The fuzziness of the hard vs. soft science categories is reflected in
contradictions and inconsistencies in labeling. Biology, for example, is sometimes labeled a soft
science (e.g., Previs, 2016) and other times labeled a hard science (Helmenstine, 2019). Indeed,
Storer (1967) placed botany and zoology with economics in a middle-ground category of
“medium-hard sciences.”

While the academic literature reflects ambiguity regarding the basis for the hard/soft
science distinction, the terms are widely used by members of the general public. News articles
(Reinhold, 1981), opinion columns (Balko, 2018), profiles of entrepreneurs (Smith, 2020) and
book reviews targeting general audiences (Maslin, 2010) have used the phrases without
clarifying them to readers for decades. Google ngram, which charts the frequencies of particular
word strings, indicates that the phrase “hard sciences” appeared in texts as frequently as common
phrases like “science lab” or “scientific rigor.” In contrast, the usage of “soft sciences” while
somewhat less common, appeared about as frequently as terms such as “science news” or
“science career”. In other words, despite the lack of consensus from the academic literature on
their meaning there is at least some evidence that these phrases are used and understood by
members of the general public.

Gender representation guides labeling as “soft” or “hard.” How, then, does the
average person categorize scientific disciplines as hard vs. soft? We propose that colloquial use
of the hard vs. soft science terms is guided by perceptions of gender representation across fields.

Generally speaking, we predict that perceivers will categorize majority-men fields as hard
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sciences and majority-women fields as soft sciences. One reason for this alignment might be the
perceiver’s sense that a discipline matches the prototype of a hard science vs. a soft science. For
many, hard science may closely align with prototypical views of science and of scientists. The
tendency to view prototypical scientists as men (Carli et al., 2016; Rahm & Charbonneau, 1997)
could lead people to perceive female-dominated STEM disciplines as less prototypic and
therefore more likely to be labeled soft sciences.

Linguistic labels like soft and hard science may seem innocuous, but they potentially
convey information about status. Indeed, sociological analysis has delineated a hierarchy among
scientific disciplines. For example, Storer (1967) argued that soft sciences are easier to learn and
study than hard sciences (see also Barnes et al., 2001; though cf. Laird et al., 2008), that findings
in hard science are more objectively evaluated and thus subject to greater rigor (see also Fanelli,
2010), and that the currency with which science is rewarded (namely recognition) is thus
justifiably greater and more consistent for hard science than for soft science. Such beliefs can
have important downstream consequences if scientists or the public are less inclined to have
respect for the field’s expertise, to trust in the field’s research findings, to invest resources in the
field, or to pursue a career in the field. Whether colloquial use of the labels accord rigor and
respect to hard sciences more than to soft sciences has yet to be tested. The labeling of female-
dominated fields as soft sciences has the potential to result in decrements in respect, resources,
and high-quality candidates.

Who Shows the “Women=Soft Science” Effect?

We examine three potential moderators of the tendency to equate female-dominated

fields with the label of “soft science.” We test (a) endorsement of gender stereotypes; (b)

participant experience or intention to work in a science role; (c) participant gender.
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First, we examine whether individual differences in stereotype endorsement will
influence the use of soft and hard science labels. Individuals who believe that women and men
differ strongly in their characteristics may be more likely to show other gender categorization
effects (e.g., Ellemers, 2018). In this view, individuals who endorse gender stereotypes will
associate men and women with different areas of science, showing a stronger “women=soft
science” effect. We explore relationships between this association and specific dimensions of
gender stereotypes: gender stereotypes about STEM interest, gender stereotypes about
competence, and gender stereotypes about physical softness and fragility. Thus, personal
endorsement of gender stereotypes might predict greater likelihood of using information about
gender representation in applying soft vs. hard science labels.

Second, we test whether individuals within a science professional track differ in their use
of gendered numeric representation for labeling hard and soft science fields. For example, more
primary experience with science may lead scientists to rely less on gendered representation as a
cue, focusing instead on the questions and methodologies a field employs. This prediction is
consistent with evidence that stereotypes exert more impact on judgments under conditions of
ambiguity or uncertainty (e.g., Kunda & Sherman-Williams, 1993; McConnell et al., 2008). Yet,
scientists and non-scientists alike often hold similar stereotypes about science. For example,
college students both in and outside of STEM majors perceive STEM careers as lacking
opportunities for collaboration or prosociality (Diekman, Joshi, & Benson-Greenwald, 2020).
Thus, scientists as well as nonscientists may use numerical representation of women to determine
categorization of fields.

Third, we examine whether perceiver gender influences the extent to which gender

representation is used as a signal for field categorization. Evidence suggests, though, that both
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men and women endorse gender stereotypes (e.g. Eagly et al., 2020). Similarly, we anticipated
that both men and women might use gender representation as a heuristic for categorizing soft vs.
hard sciences. In all reported studies, we tested moderation by gender. For simplicity, we report
only analyses in which significant gender differences were identified.
Overview of Current Research

In the present research, we test the hypothesis that the numerical representation of women
in a scientific field influences whether the field is categorized as a soft science vs. a hard science.
Study 1 documents the core effect: Manipulating perceptions of a scientific field as majority-men
vs. majority-women affects the assignment of hard vs. soft science labels. In Study 2, we show
that this effect is associated with stereotypes about women’s STEM competence. In Studies 3A
and 3B, we provide evidence that the labels of soft vs. hard science have crucial consequences
for evaluation of the field, with the label of soft leading to devaluation and lower funding
priority. We also demonstrate that this association works in the reverse direction: Fields that are
labeled as “soft sciences” are expected to have higher representation of women.
Ethical Oversight. All procedures of all studies were approved by the IRB at first author’s
institution.

Study 1

Study 1 had two primary aims. First, it served as an initial test of whether manipulating
perceptions of women’s representation in a given field influences categorization as a soft or hard
science. Second, it explored whether this “women = soft sciences” effect depended on the actual
numerical representation of women in a field. We hypothesized that, regardless of the true
representation of women in a field, perceptions that a field is dominated by women would

increase the likelihood of it being labeled as a “soft science.”
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Method

Participants. One hundred and sixty-seven residents of the United States, United
Kingdom, and Canada were recruited from Amazon’s Mechanical Turk. Participants received
$0.50 for completing the study. Of these, 56 identified as women, 108 identified as men, and 3
declined to state their gender. Ages ranged from 20 to 74 (M = 34.5, SD = 10.94). Only 23
participants were currently students. A total of 60 participants reported that they worked in
science, either previously, currently, or planned to in the future.

Study 1 followed a 2 (Numerical representation: majority-men vs. majority-women) x 2
(a priori categorization: social vs. engineering/physical science) within-subjects design. A pilot
study with a similar design revealed initial support for our hypothesis, and obtained an effect size
of f = .19 for the predicted effect of numerical representation (see Online Supplement for full
details.) We conducted a sensitivity power analysis (n = 167, alpha = .05, power = .80) for a 2
(Numerical representation: majority-men vs. majority-women) x 2 (a priori categorization: social
vs. engineering/physical science) repeated measures ANOVA with 4 measurements (1 for each
level of each factor). Such a repeated measures ANOVA could detect could small effects of at
least f = 0.09 or larger.

Procedure. Participants were asked to read descriptions of eight different scientific fields
that included information about gender representation. Fields were selected to include a range of
fields that varied in their actual gender representation (see Online Supplement for more details
on selection process); the key experimental variable was the presented gender representation
(majority-women or majority-men). To ensure a range of scientific fields, we included four
social sciences (economics, psychology, political science, and sociology), and four

engineering/physical sciences (computer science, biomedical science, earth science, and civil
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engineering). Similarly, we included social science and engineering/physical science fields that
varied in their actual gender representation: Six fields were actually majority-men (economics,
computer science, political science, earth science, and civil engineering), and three fields were
actually majority-women (biomedical science, psychology, and sociology), determined by
degrees conferred at the undergraduate and graduate level (National Center for Education
Statistics, 2017).

Participants read brief descriptions of fields that included ostensible numbers of women
and men in each field, without the discipline’s name. The key manipulation of gender majority
occurred through information about the relative numbers of women and men in each field. To
understand the power of perceived representation independent of topic, for each field, half of
participants saw numbers indicating that the majority of people in the field were women, and half
of participants saw information indicating the majority of people in the field were men. For
example, for the field of earth science, participants in the majority men information condition
read as follows:

The study of the earth or one or more of its parts, i.e. ocean, rock, atmosphere. There are

66,000 men in this field compared to 15,000 women.

In contrast, the majority women information condition read as follows:

The study of the earth or one or more of its parts, i.e. ocean, rock, atmosphere. There are

15,000 men in this field compared to 66,000 women.

Which fields were described as majority men vs. majority women were counterbalanced across
two versions of the questionnaire.

Labeling as soft or hard science. After reading each description, participants were asked

to circle to indicate whether they thought the field was a hard science or a soft science.
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Responses were coded such that 0 = soft science and 1 = hard science. For each participant, we
calculated indices of perceived “hardness” of field by averaging within ostensibly majority-men
fields and within majority-women fields. Higher numbers reflect a greater tendency to choose the
hard science category.
Results

A 2 (numerical representation: majority-women vs. majority-men) x2 (a priori
categorization: social vs. engineering/physical science) repeated measures ANOVA examined
effects on labeling of field as a soft vs. hard science. Engineering/physical sciences were more
likely to be categorized as hard sciences (M = .61, SE = .022) than were social sciences (M = .33,
SE =.021), F(1, 165) = 77.94, p < .001, f = .69. Key to our hypotheses, a significant main
effect of numerical representation emerged, F(1, 165) = 6.70, p = .011, f = .20. Describing
fields as majority-women led participants to categorize them as hard sciences less often (M = .44,
SE =.021) than describing fields as majority-men (M = .51, SE = .020; see Figure 1). This
“women = soft science” effect was not moderated by a priori categorization®, F(1,165) = .00, p =
1.00, f = .00)2.
Figure 1. Tendency to Label Field as a Hard Science Depends on Presented Numerical

Representation.

! For clarity, we chose to model our binomial dependent variable using linear probability models (Gomila, 2020;
Hellevik, 2007). Means thus represent the probability of categorizing a field as a hard science. To ensure that these
results were not due to improper modeling of the binomial dependent variable, we additionally tested a related
generalized linear multi-level model with a logit link function, using specific field (e.g. psychology, earth science,
etc.) and numerical representation as fixed factors, with a random intercept for participant. We additionally
controlled for actual gender representation in the field, operationalized as the percent of doctoral degrees granted to
women in the past year (Snyder, de Brey, & Dillow, 2019). In addition to expected differences between specific
disciplines, there was a significant effect of depicted numerical representation such that fields described as majority
women were less likely to be labeled as hard sciences (B = -.35, SE = .12, Z = 2.97, p = .003.) In addition, there was
a marginally significant effect of actual gender representation (B = .71, SE = .40, Z = 1.79, p = .073) such that
controlling for all other variables, greater participation of women predicted greater likelihood of the field being
categorized as a hard science.

2 Additional analyses exploring moderation of the key effects by participant science role and participant gender are
reported in the Online Supplement.



Running Head: GENDER CUES HARD VS. SOFT SCIENCE LABELS 13

© o © © ©
[N} w IS " o

Tendency to Label Field as "Hard Science"
=
o

Majority-Men Majority-Women

Note. Error bars represent 95% Confidence Intervals.

Discussion

As predicted, Study 1 found that perceived gender representation affected the tendency to
label fields as hard or soft sciences. In both studies, participants tended to label fields described
as majority-women as “soft sciences” and tended to label fields described as majority-men as
hard sciences. This effect did not differ depending on whether the field was a social science or
engineering/physical science. In other words, the “women = soft science” bias was applied
equally to fields regardless of the subject the field studied.

Study 2

Study 2 investigated three potential stereotypes underlying the “women = soft science” bias.
Although some part of this association might align with a “kernel of truth” that women
participate more in social sciences than in engineering/physical sciences, the findings from Study

1 show that the association of women with soft science occurs across different fields, and thus
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the nature of the work itself is not sufficient to explain the association. We thus turn to testing
potential psychological explanations that might exacerbate or mitigate the “women=soft science”
association. We test different forms of gender stereotyping that might underlie the “women=soft
science” bias. One possibility is that specific dimensions of gender stereotyping associated with
“hard” or “soft” meanings underlie the bias. First people may judge fields with more women in
them as being “soft science” based on the belief that women are less capable at science and math
and thus less engaged in “hard” or rigorous sciences. Both academics and non-academics believe
that certain domains of science (e.g., physics) require greater brilliance or innate ability than
others (e.g., psychology), and fields thought to require brilliance are more male-dominated in
their actual composition (Storage et al., 2016; Meyer et al., 2015). People who believe that
women and men differ in STEM competence may use the presence of women vs. men in a field
as an indicator of the field’s rigor, and label male-dominated fields as “hard sciences.” A
different stereotyping explanation focuses instead of gender stereotypes about physical
characteristics and connotations of physical softness: Here, the label of “soft science” could be
associated with fields dominated by women simply due to semantic associations between
softness and femininity (Slepian, Weisbuch, Rule, & Ambady, 2011). Among people who
strongly associate women with physical softness (vs. hardness), perceiving more women in a
field might semantically prime the word “soft”, increasing the likelihood that fields dominated
by women are labeled as “soft sciences.”

A different possibility is that the “women=soft science” bias is rooted in a general
tendency to categorize by gender; if this is true, more general stereotyping dimensions would be
associated with the bias. To investigate this, we assess stereotypes about the different

motivations and characteristics of men and women. The demarcation of “hard” and “soft”
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sciences might then align with utilizing subtypes of science (i.e. “soft science” as a subtype of
the category “science”) to retain (rather than adapt) endorsed stereotypes of fields (Maurer et al.,
1995). We assessed broader gender stereotyping in line with the Stereotype Content Model
(Fiske et al, 2002). Women are generally perceived as lower in competence than warmth ,
whereas men are generally perceived as higher in competence than warmth (Eckes, 2002).
Consistent with evidence that people’s prototype image of a scientist is more masculine than
feminine, stereotypes of scientists using the Stereotype Competence Model’s dimensions suggest
scientists are viewed as more similar to the typical man—high in competence, and low-to-
moderate in warmth (Fiske & Dupree, 2014). Given the centrality of competence-related traits to
perceptions of science, we anticipated that just as gender stereotypes about STEM-related
abilities might lead people to label fields with majority-men as hard sciences and fields with
majority women as soft science, so too might gender stereotypes of competence predict “women
= soft sciences” responding. Similarly, gender stereotypes that men more than women are
interested in STEM might lead to greater tendency to associate men with hard sciences and
women with soft sciences. Although gender differences in STEM interest are a focus of a great
deal of research, less research documents gender stereotypes about interest compared to
stereotypes about ability (see Master, 2021).

Further, we investigate whether any relationships between stereotyping endorsement and
the “women=soft science” bias are moderated by perceivers holding science roles. Stereotypes
are more likely to influence judgments in cases where individuals have less knowledge or
information is ambiguous (e.g., Kunda & Sherman-Willaims, 1983; McConnell et al., 2008). We
thus anticipate that endorsement of stereotypes will be associated with greater tendency to

associate women with “soft science” among participants who are not in STEM fields.
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In Study 2, we tested these hypotheses by exploring relationships between “women=soft
science” bias and individual differences in different forms of gender stereotyping — (1) beliefs
about gender differences in competence in STEM and competence generally, (2) associations
between women and physical softness, and (3) beliefs about gender differences in interest in
STEM. If indeed these forms of gender stereotyping leads to the “women = soft science”
association, then participants who endorse those beliefs to a higher degree should show higher
levels of the association than participants who do not endorse such gender stereotypes.

Method

Participants. Sample size was determined based on a power analysis, estimating the
effect size of the “women = soft science” bias as f = .21 based on the results of Study 1. Using
G*Power, we determined that a sample size of n = 177 would achieve power = .80 to detect the
effects observed in Study 1. Following Simonsohn’s (2015) recommendations for identifying
sample sizes for replication plus moderation designs, we estimated that we would require twice
as many observations per cell to test the hypothesis that the effect of numeric representation
would be moderated by individual differences in gender stereotypes. Given our 2 (Numerical
representation: majority-men vs. majority-women) x 2 (a priori categorization: social vs.
engineering/physical science) within-subjects design, this would be achieved with a target n =
354. A total of 361 MTurk participants from the United States, Canada, and the United Kingdom
completed the study. Participants received $1.00 for completing the study. Sixteen participants
failed an attention check (“Select disagree for this item,”) and were excluded from analysis,
yielding a final sample size of n = 345. Of these participants, 146 were women (198 men). Ages
ranged from 19 to 70 (M = 35.76, SD = 10.97). A total of 129 participants reported past, present,

or future careers in science or engineering—of these, 48 were women, and 81 were men.
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We conducted sensitivity power analyses using n = 345, alpha = .05, and power = .80.
alpha = .05). The primary 2 (numerical representation: majority-men vs. majority-women) x 2 (a
priori categorization: social vs. engineering/physical science) repeated measures ANOVA could
detect a small effect of at least f = .06. A 2 (science pathway: scientist, nonscientist) x 2
(participant gender: women, men) between-subjects ANOVA could detect a small effect of f =

.15. Finally, regressions with up to 3 predictors (stereotype endorsement, science role, and their
interaction) could detect coefficients of at least f = .02.

Procedure. Participants first completed the same field categorization task as in Study 1,
categorizing eight fields as soft sciences vs. hard sciences based on a brief description of each
field and information about gender representation. The numbers of men vs. women in each field
were manipulated identically to Study 1.

Science role. Participants reported whether or not they held or planned to hold a job or
career in a science field.

Women = soft science index. Field categorization responses were coded such that 0 =
soft science, 1 = hard science. An index of “women = soft science” responding was created by
averaging responses to fields described as majority-women, averaging their responses to fields
described as majority-men, and subtracting the former from the latter. VValues potentially ranged
from -1 to 1. A score of 1 would reflect labeling every majority-women field as soft and every
majority-men field as hard. In contrast, negative values would reflect counterstereotypic
responding, and a score of 0 would reflect no impact of gender information.

STEM ability stereotypes. Participants responded to four items created for this study
assessing endorsement of stereotypes that women lack competence in science and math (“On

average, men tend to be better at math than women,” “Women often struggle more than men in
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rigorous science and engineering courses,” “Most scientific geniuses have been men,” “In
general, women have less of a talent for math and science than men”). Participants responded to
each item on a fully-labeled, seven-point scale from Strongly Disagree to Strongly Agree.
Responses were coded such that higher numbers reflected stronger endorsement of gender-
STEM ability stereotypes. We averaged these to create indices for stereotypes of STEM ability
(a0=.90, M =3.55, SD = 1.54)

STEM interest stereotypes. Participants responded to three items created for this study
assessing endorsement of stereotypes about women’s interest in science careers (“Women are
less interested in careers in science and technology than men,” “Women are more interested in
people, while men are more interested in objects,” “Men are typically more focused on
achievement and careers, while women are typically more focused on their families.”).
Participants responded to each item on a fully-labeled, seven-point scale from Strongly Disagree
to Strongly Agree. We averaged these to create an index for interest stereotypes (o = .84, M =
3.95, SD = 1.59), with higher numbers indicating stronger endorsement of gender-STEM interest
stereotypes.

Trait stereotypes. Participants next rated men, women, scientists, and several filler
groups (teachers, managers, engineers, lawyers, and social workers) on 13 semantic differentials
(adapted from Kervyn et al., 2013). Ratings assessed perceived competence (e.g.,
competent/incompetent, brilliant/stupid), warmth (e.g., warm/cold, agreeable/disagreeable), and
physical characteristics (e.g., soft/hard, sturdy/fragile). Participants responded on seven-point
bipolar scales. For example, perceived competence included ratings from 1 (competent) — 7
(incompetent) and 1 (brilliant) to 7 (stupid) scales. Ratings were reverse scored so that higher

numbers reflect higher levels of competence, warmth, or physical softness. We averaged ratings
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within each of these three domains to create measures of perceived competence, warmth, and
physical characteristics for men, women, and scientists. We created gender stereotyping indices
by subtracting ratings of women from ratings of men, with higher numbers reflecting a tendency
to ascribe a given characteristic more to women than men (Competence: a =.78, M =-.05, SD =
.97; Warmth: o = .72, M = .82, SD = 1.05; Physical softness/fragility: o =.79. M =1.02, SD =
1.57;)

Results

Replication of women=soft science association. As in Study 1, we conducted a 2
(numerical representation: majority-women vs. majority-men) x 2 (a priori categorization: social
vs. engineering/physical science) repeated measures ANOVA predicting categorization of the
field as a soft vs. hard science®. Replicating Study 1, describing fields as majority-women led to
less categorization as hard sciences (M = .488, SE = .013) than when describing fields as
majority-men (M = .52, SE = .013; F(1, 344) = 4.47, p = .035, f = .11. This effect was not
moderated by a priori categorization as engineering/physical sciences or. social sciences, F(1,
344) =.041, p = .84, f=.00.

To simplify subsequent analyses, we combined categorization of fields described as
majority-women vs. fields described as majority-men into a single index of “women = soft
science” bias, as previously detailed. Positive numbers represent a tendency to label fields
described as majority-men as hard sciences, and fields described as majority-women as soft
sciences, whereas negative numbers represent counterstereotypic labeling. Comparing this index

to a value zero with a one-sample t-test is computationally equivalent to testing the effect of

% Including participant gender and science role as additional factors did not change the pattern or significance of the
effects of interest.
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numerical representation in the previously described repeated measures ANOVA (M =.039, SE
=019, (344) = 2.11, p = .035, Cohen’s d = .11)

Stereotype endorsement as predictors of women = soft science association. We first
investigated whether the index of “women = soft science” bias was correlated with any of the
three forms of gender stereotyping [i.e., competence (general competence or STEM ability),
interest, or physical softness]. Zero-order correlations failed to show significant relationships
between the women=soft science index and (1) stereotypes of competence [r(345) = .05, p = .32]
or STEM ability stereotypes [r(345) = .06, p =.28], or (2) stereotypes of STEM interest [r(345)
= .05, p =.37], or (3) physical softness [r(345) = .09, p = .10]. Thus, endorsing any of these
stereotypes does not appear to relate to stronger labelling of majority-female fields as soft
sciences. We then turned to examine whether stereotype endorsement effects occur differentially
among respondents who are within a science pathway or not.

Stereotype endorsement and science roles moderate women = soft science
association. We next explored whether science career experience/intention moderated the
relationship between gender stereotypes and the “women = soft science” bias. Using Hayes
(2017) Process Model 1, we investigated whether the relationship between each stereotyping
dimension and the “women = soft science” bias was moderated by science pathway. The
stereotype-to-“women = soft science” bias relationship was moderated by science pathway for
competence stereotyping, both in terms of general competence (B competence x Science Role = -.088, SE
=.040, p =.028, f = .12) and STEM-related ability (B stem ability x Science Role = -.057, SE =.025, p =
022, f = .14).

We proceeded to probe the interaction between competence/ability stereotypes and

participant science roles (see Figure 2). Among nonscientists, believing that women were less
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competent than men (B =.050, SE =.024, p = .035, f =.14) and believing that women had less
STEM-related ability (B = .037, SE =.015, p =.018, f = .15) both predicted higher levels of
“women = soft science” responding. Among scientists, this relationship did not emerge
(competence stereotypes: B = -.037, SE =.032, p = .24, f = .12; STEM ability stereotypes: B = -
.020, SE =.019, p = .30, f =.11)* Thus, stereotypes about women’s lesser competence and
STEM ability predicted the tendency to label fields described as majority-women as soft sciences
among non-scientists but not among scientists.

By contrast, stereotypes about STEM interest (B stem interest x Science Role = -.038, SE = .024,
p =.12, f =.08), physical softness (B physical softness x Science Role = -.017, SE =.025, p = .68, f =.03),
or warmth (B physical softness x Science Role = .02, SE = .036, p = .60, f = .03) did not interact with

science role.

Figure 2. Gender-based STEM ability stereotypes positively predict “women = soft science”

responses among non-scientists, but not among scientists.

4 As in Study 1, we additionally modeled these results using a generalized linear mixed model with a logit link
function, predicting labeling of the field as a soft science, with gender numeric information (majority men vs.
majority women), participant endorsement of stereotypes about women’s STEM ability, participant’s STEM
experience, and all 2-way and 3-way interactions, controlling for a priori categorization and actual gender
representation (percent of PhDs awarded to women in the prior year), all entered as fixed factors. This analysis
replicated the findings using the index—there was a numeric information x stereotype endorsement x participant
science role interaction (B = -.31, SE = .011, Z = 2.77, p = .006), such that stereotype endorsement was positively
associated with labeling fields described as dominated by women as soft sciences (and conversely labeling fields
described as dominated by men as hard sciences) among non-scientists, while among participants with a science
role, there was no relationship between stereotype endorsement and soft vs. hard science labeling. As in Study 1, a
priori categorization significantly predicted categorization as hard vs. soft science (B = 2.19, SE =.10, Z=21.28, p
<.001). In addition, fields that actually had higher representation of women were more likely to be categorized as
hard sciences (B = .62, SE = .29, Z = 2.13, p = .03.) We note that this surprising result only emerges when
controlling for a priori categorization of the fields—when not controlling for natural/engineering vs. social science
category, higher actual representation of women negatively predicted participants categorizing the field as a hard
science (B =-2.27, SE =.23,Z=-9.71, p <.001.)
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Note. * p <.05. Depicted results are of STEM ability stereotyping; a similar pattern emerged for
general competence stereotyping.

Science role and gender moderate women = soft science association. A 2 (Science
role: Non-scientist, Scientist) x 2 (Participant gender: women, men) between-subjects ANOVA
revealed only a significant Science Role x Participant Gender interaction, F(1, 341) =10.46, p =
.001, f =.18. Among non-scientists, men showed higher levels of the “women = soft science”
association (M = .09, SE =.031) than women (M = .00, SE =.034; F(1, 341) =3.72, p = .054,

f =.11). Among scientists, however, women showed higher levels of this association (M = .12,
SE =.049) than did men (M =-.037, SE = .038; F(1, 341) =6.73, p = .01, f = .14. The main
effects of science role and participant gender were nonsignificant: science role: F(1, 341) = .003,
p =.96, f =.00; participant gender: F(1, 341) = .82, p = .36, f = .04. This pattern of moderation
was unexpected, and not observed in other studies, but may reflect that women in science are

sensitized to the association between women and “soft science.”
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Discussion

Replicating Study 1, Study 2 provides additional evidence that labeling of soft sciences
vs. hard sciences is influenced by the perceived gender representation in the field. Study 2 also
demonstrates that for nonscientists, negative stereotypes about women’s relative competence and
ability in STEM predict the “women = soft science” bias. This pattern is consistent with the
hypothesis that stereotyping women as less capable, both in and outside of STEM, is associated
with labeling ostensibly majority-women fields as soft sciences. Yet the tendency to affix a
particular label matters because there are consequences to that labeling. We investigate the
consequences of the soft science label in the next two studies.

Studies 3A and 3B

In these studies, we test the downstream consequences of labeling fields as “soft
science.” In Study 3A, we measured participants’ subjective evaluation of hard sciences vs. soft
sciences. In Study 3B, we tested the hypothesis that describing a field as a soft science leads to
devaluation. Finally, to evaluate the robustness of the “women = soft science” association, we
tested whether labeling a field as a soft science led people to assume the field had a higher
representation of women.
Study 3A

Method.

All pre-registration materials are available at https://osf.io/tsj8f

Participants. We aimed to recruit 220 residents of the United States from Amazon’s
Mechanical Turk to participate in a study on perceptions of science. Participants received $0.20
for completing the study. Although 220 responses were requested, a total of 222 respondents

answered questions relevant to the present analyses (115 women). The study consisted of a 2
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condition (hard sciences vs. soft sciences) within-subjects design. Ages ranged from 20 to 69 (M
= 36.28, SD = 11.20). A total of 76 participants reported that they currently worked, had
previously worked, or planned to work in science, whereas 144 reported that they had never
worked in science and did not plan to in the future.

We conducted sensitivity power analyses for all effects of interest (n = 222, alpha = .05,
power = .80). Our core analysis (a two-tailed paired samples t-test; hard sciences vs. soft
sciences) was powered to detect a small effect size of at least d = 0.19. Moderation analyses
using mixed model ANOVAs with 2 groups and 2 measures [2 (Participant gender: men,
women) x 2 (Field: Hard sciences, soft sciences) and 2 (Science role: scientists, non-scientists) x
2 (Field: Hard sciences, soft sciences)] were powered to detect a small effect of at least f = .09.
Finally, regressions with up to 2 predictors (hard science evaluations, soft science evaluations)
could detect coefficients of at least f = .04.

Procedure. Participants were asked to provide their general impressions of hard and soft
sciences. No other information about the fields was provided; participants were simply
instructed: “Now we'd like you to think about fields that are known as hard [soft] sciences.
Please answer the following questions while thinking about hard [soft] sciences”. All participants
rated the hard and soft science categories on the same items, in counterbalanced order.
Participants were asked to answer the following questions: (1) how important it is for the federal
government to fund research this field (not at all important to extremely important), (2) how
difficult coursework in this field is (extremely easy to extremely difficult), (3) the extent to which
they would listen to the advice of experts in this field (never to always), (4) how reliable they

thought research in this field was (extremely unreliable to extremely reliable), (5) and how
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prestigious the field was (not at all prestigious to highly prestigious). All responses were made
on five-point, fully-labeled scales.

Finally, participants were given information about allocation of the National Science
Foundation’s budget. Based on data from 2016, we estimated that around 12% of the NSF’s
funding for extramural research is allocated to social, behavioral, and economics sciences. We
informed participants that 12% of the budget was typically allocated to soft sciences, and 88% to
hard sciences. We then asked participants how they thought funding should be allocated.
Participants responded by dragging sliders to indicate the percentage to be allocated to each

general area, with the requirement that the two percentages had to add to 100%.

Table 2. Evaluations of Soft and Hard Sciences

Dimension of Evaluation Hard Sciences Soft Sciences t df d
M (SD) M (SD)

Importance of federal funding 4.00 (.94) 3.44 (1.05) 8.17* 221 .55
Difficulty of coursework 4.12 (.98) 3.59 (.91) 7.58* 220 51
Taking advice of experts 3.98 (.83) 3.58 (.90) 6.77* 218 46
Reliability of research 4.14 (.68) 3.71 (.88) 7.91* 218 .53
Prestige 4.09 (.91) 3.45 (.97) 10.04* 221 .67
Percentage of funding 64.18 (16.26) 35.82 (16.26) 13.00* 221 .87

Note. Ratings were made on scales ranging from 1 to 7; * p < .05

Results.

Are Soft Sciences Devalued? Paired-samples t-tests indicated that across all five
dimensions, soft sciences were devalued relative to hard sciences (see Table 2). Additionally, a

significant Field Type x Participant Gender interaction emerged, F(1, 209) = 10.04, p =.002,
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d = .49. Specifically, both women and men devalued soft sciences significantly more than hard
sciences, but this effect was larger among men [women: F(1, 209) =41.19, p<.001, d = .91;
men: F(1, 209) = 109.84, p <.001, d = 1.46]. Women evaluated soft sciences more positively (M
=3.62, SE =.07) than did men (M = 3.38, SD =.07; F(1, 209) =5.88, d = .33), even as women
and men did not differ in their evaluation of hard sciences (women: M = 4.02, SE = .06; men: M
= 4.06, SE = .078; F(1, 209) = .22, p = .64, d = .03).

Finally, the devaluation of soft sciences was not moderated by science role, F(1, 218) =
.67, p=.41d = .11. The only effect of science role was an unexpected main effect: Scientists
evaluated both hard and soft sciences more negatively (M = 3.65, SE = .07) than did non-
scientists (M =3.90, SE = .05), F(1, 218) =9.19, p=.003, d = .41.

Are Soft Sciences Allocated Less Funding? Given that responses to the funding
allocation questions were not independent (i.e., they were required to add to 100%), we used
Friedman’s test to identify whether participants were more likely to allocate greater funding to
hard sciences than soft sciences. As predicted, participants allocated less funding to soft sciences
(M = 35.82, SD = 16.26) than to hard sciences (M = 64.18, SD = 16.26; y2(1) = 103.91,p <
.001, d =.87).

It is possible, however, that participants perceive hard science research as more
expensive, due to needs for equipment, personnel, and other materials, and that these expense
expectations explain discrepancies in funding allocation for hard vs. soft sciences. If so,
individual differences in evaluation of hard vs. soft sciences would not predict funding allocation
above and beyond the hard/soft evaluation. Yet if funding allocations are related to attitudes, we
would expect this relationship to emerge. Thus, in exploratory analyses, we further probed this

result by testing whether evaluations of hard vs. soft sciences are associated with differences in
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funding allocation. We ran a regression using average evaluations of hard sciences and average
evaluations of soft sciences to predict the discrepancy in funding allocation to hard vs. soft
science. Both were significant predictors of funding allocation—participants’ favorable
evaluation of hard sciences positively predicted their funding allocation to hard vs. soft science
(B =22.76, SE =3.82, t(219) = 5.96, p < .001), and participants’ favorable evaluation of soft
sciences negatively predicted their allocation to hard vs. soft sciences (B = -20.56, SE = 3.49,
t(219) = 5.89, p <.001). The two predictors combined explained 17% of the variance in funding
allocation. This analysis provides evidence that differential evaluation enters into funding
allocation.

Discussion. Consistent with our hypothesis, participants asked to consider the category of
“soft sciences” reported more negative impressions than when they considered the category of
“hard sciences.” This method has the advantage of assessing beliefs based solely on the labels of
hard or soft science; however, this method also leaves open the question of which scientific
disciplines participants thought of when rating each category. Our contention is that labeling a
field as soft science contributes to devaluation, not simply that some members of the public value
physics more highly than political science. In Study 3B, we sought to demonstrate that the mere
label of hard vs. soft science causally influences judgment of specific fields.
Study 3B

All pre-registered materials available at https://osf.io/evdny

Method.

Participants. Study 3A identified an average effect size of d = .60 for the effect of soft
vs. hard science label on evaluation of the field; however, we anticipated that the effect of

applying the label to a specific field would be smaller. Thus, we conducted a power analysis to
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determine the sample size needed to detect an effect of d = .30 with power of .95 with a 2 (target
field: computer science vs. psychology)x 2 (label: hard science vs. soft science) between-
subjects design. Using G*Power, we determined the necessary sample size was n = 580. We
recruited 580 residents of the United States using MTurk. Participants received $0.40 for
completing the study. A total of n = 585 participants completed the relevant measures. Of these,
253 identified as women, 330 as men, and one as non-binary. Age ranged from 19 to 82 (M =
36.43, SD = 11.36). A total of 229 reported holding or intending to hold a science role in the
future, while 353 reported no science role or intention.

We conducted sensitivity power analyses for all effects of interest (n = 585, alpha = .05,
power = .80). The core 2 (target field: computer science vs. psychology) x 2 (label: hard science
vs. soft science) between-subjects ANOVA was powered to detect an effect size of at least f =
.12. A 2 (Science role: scientist, non-scientist) x 2 (target field) x 2 (label) between-subjects
ANOVA was powered to detect an effect size of at least f = 0.19.

Procedure. The key variables were manipulated in a 2 (target field: Computer Science,
Psychology) x 2 (label: hard science, soft science) between-subjects design. Participants were
randomly assigned to read about and evaluate a single scientific field (Computer Science vs.
Psychology) that was labeled as either a hard or soft science. The full text of these manipulations

is given in Table 3.

Table 3. Experimental Stimuli: Manipulations of Field and Hard/Soft Label

Label
Field Soft Hard
Computer While many people think of computer Many people classify Computer Science as
Science science as a hard science, it is actually a hard science, and that's definitely true.

more accurately understood as a soft Much of the work in computer science is



Running Head: GENDER CUES HARD VS. SOFT SCIENCE LABELS 29

science. Much of the work in computer
science is focused on humans' interactions
with computers, and designing computer
systems around the ways that people think
and act. Think about all the ways that
computers impact your daily life, from
programs you use for work, to tools for
communication, to the ways that you just
use the to relax and have fun. Computer
scientists need to understand the way that
people interact with their machines in
order to make computers work for you.

focused on electrical engineering, and
designing computer systems to apply our
knowledge of physics and chemistry.
Think about all the ways that computers
impact your daily life, from programs you
use for work, to tools for communication,
to the ways that you just use the computer
to relax and have fun. Computer scientists
need to think beyond to the mechanics of
how machines work in order to make
computers work for you.

Psychology Many people classify Psychology as a While many people classify Psychology as
soft science, and that's definitely true. a soft science, it's actually more accurately
Much of the work in psychology requires understood as a hard science. Much of the
an intuitive understanding of human work in psychology requires use of the
behavior and emotions, and using that scientific method to conduct carefully
understanding to explain behavior. Think controlled studies, and complex
about all the ways that people around you mathematical analysis to understand the
act in your daily life, from the people you results. Think about all the ways that
work with, to your neighbors, to the people around you act in your daily life,
people you relax and have fun with. from the people you work with, to your
Psychologists rely on intuitions about neighbors, to the people you relax and
emotions and the mind to explain how have fun with. Rather than simply relying
people think, act, and feel. on intuitions, psychologists conduct
systematic research and focus on
quantifying the mind and emotions to
explain how people think, act, and feel.
Measures.

Evaluation. Participants evaluated the field on the same items as Study 3 (importance of

funding, difficulty of coursework, taking advice of experts, reliability of research, and prestige).

These items were averaged to create an overall index of evaluation (o = .73).

Estimate of Gender Representation. Participants estimated what percentage of people in

the field were men vs. women, using sliding scales varying from 0-100, with the total of the two

summing to 100%.

Results.
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Field Evaluations. Evaluations of target field were submitted to a 2 (field: computer
science vs. psychology) x 2 (label: hard vs. soft science) between-subjects ANOVA. As
predicted, a significant main effect of hard vs. soft science label emerged, such that fields framed
as soft sciences were evaluated more negatively (M = 3.66, SE = .038) than when they were
framed as hard sciences (M = 3.82, SE =.037; F(1, 581) =9.72, p =.002, f = .13). Additionally,
psychology (M = 3.61, SE = .037) was evaluated more negatively than computer science (M =
3.87, SE =.03; F(1, 581) = 23.26, p < .001, f =.20.). Finally, an unexpected, albeit marginal,
Field x Label interaction emerged, F(1, 581) = 3.34, p =.068, f = .08, such that the effect of
hard vs. soft science label more strongly influenced evaluations of computer science than
psychology.

Estimate of Gender Representation. Perceptions of gender representation were submitted
to a 2 (field: computer science vs. psychology) x 2 (label: hard vs. soft science) between-subjects
ANOVA. As predicted, participants perceived greater representation of women in fields labeled
as soft sciences (M = 43.28%, SE = .81) than hard sciences (M = 39.74%, SE = .79; F(1, 581) =
9.83, p=.002, f = .13). Moreover, participants believed women to represent a higher
percentage of psychologists (M = 49.93%, SE = .79) than computer scientists (M = 33.09, SE =
.81; F(1,581) = 221.97, p < .001, f = .62). The impact of labeling the field as a hard science did
not significantly differ by field, F (1, 581) = .81, p = .37, f = .03.

Participant Science Role. Scientists evaluated fields more negatively (M = 3.67, SE =
.042) than nonscientists [M = 3.78, SE =.034; F(1, 574) = 4.12, p =.043 f = .08], but science
role did not moderate either the effect of soft vs. hard science framing, F(1, 574) = 1.66, p = .20,
f = .05, nor the effect of field, F(1, 574) = .54, p = .46, f = .03. Moreover science role did not

influence estimates of gender representation, F(1, 574) =1.52, p = .22, f = .05, nor did it
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moderate the effect of soft vs. hard science framing, F(1, 574) = .04, p = .84, f = .00, nor the
effect of field, F(1, 574) = .74, p = .39, f = .03. When controlling for participants’ science role,
the effect of hard vs. soft science label on both evaluations and perceptions of gender
representation remained significant.
Discussion

Consistent with the results of Study 3A, the label of soft science led to subjective
devaluation of scientific fields. Moreover, Study 3B provides evidence that the association
between women and soft science also operates in the opposite direction—Ilabeling fields as soft
sciences led participants to believe that there were more women in the field.

General Discussion

Collectively, these studies demonstrate a link between women’s numerical representation
and the label of soft science. Studies 1 and 2 show that experimentally manipulating perceptions
of gender representation influences whether both lay people and science students/professionals
will categorize a field as a soft science. Study 2 demonstrated that among non-scientists, this
association between women and soft science is stronger among people who perceive women to
be less competent and to have less STEM-related ability. Studies 3A and 3B show that these
labels have consequences—that the general category of soft sciences is perceived as less
rigorous, trustworthy, and worthy of funding than hard sciences, and that describing a field as a
soft science leads it to be devalued compared to describing it as a hard science. Finally, Study 3B
demonstrated that the strength of the association between soft sciences and women’s numerical
representation by demonstrating that the cues also operate in reverse: describing a field as a soft

science leads to the perception that a greater percentage of its professionals are women.
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The present work seeks to understand the perceptions and consequences of these labels of
scientific fields, rather than to address genuine differences in fields’ subject matter, methods, or
general practices that might cleave them into the hard and soft categories, as explored by
historians and sociologists of science (e.g., Storer, 1967). However, it is interesting to note that
many of the fields that are inconsistently categorized in previous research are often fields that do
not cleanly fit into a the “women = soft science” category. For example, biological sciences have
gained relative gender parity in recent years, and are categorized as hard sciences in some
formulations (e.g., Biglan, 1973), and soft sciences in others (Camp et al., 2009). Similarly,
economics is a social science, which would typically lead it to be categorized as a soft science
but has fewer women that most other social sciences (Goldin, 2013). Interestingly, Storer (1967)
chose to classify economics as a “medium hard” science, along with botany and zoology. While
there likely are measurable, objective differences among fields categorized as hard sciences vs.
soft sciences that are unrelated to gender representation, the fact that these edge cases are often
fields whose gender representation runs counter to their typical category suggests that
academicians who construct these classification systems (or the faculty they survey to create
them, in the case of the Biglan classifications; 1973) may, too, be influenced by the “women =
soft science” association. An implication may be that labeling fields with high participation of
women as soft sciences could lead stereotyping of women’s capacity and interest in STEM if
these fields are devalued relative to “hard” sciences.

Crucially, the present studies show that whether a field is labeled as a hard science or a
soft science has important consequences. Studies 3A and 3B showed that soft sciences are
perceived as less difficult, less reliable, less prestigious, and less worthy of funding than hard

sciences, and that people are less likely to listen to experts in soft science compared to hard
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science. Study 3B went further by showing that describing a specific field as a soft science (vs. a
hard science) led to similar devaluation of the field. This pattern suggests the disturbing
possibility that contrary to the claim that increasing women’s representation in STEM will
diminish negative gender stereotypes, perceivers will instead devalue fields that women enter at
high rates (e.g., see England et al., 2007). Unless gender stercotypes about women’s competence
are challenged, scientists working in fields with increasing representation of women may face
negative consequences, such as less respect and resources in the eyes of the public, funding
agencies, or trainees considering the field. As disturbing as this possibility may be,
understanding the psychological processes at play is essential in challenging these biases.

In Study 3A, we found that participants thought less federal funding should be allocated to
soft sciences than to hard sciences, which we argue reflects a devaluation of fields labeled as soft
sciences. However, it is plausible that participants responses did not reflect their valuation of
hard vs. soft sciences, but rather their assumptions about the relative expense of hard vs. soft
sciences. It may be true that engineering/physical sciences are more resource intensive, which
may factor into funding allocations in this study — yet our analyses also show that the differential
evaluation of hard vs. soft sciences is related to recommended funding allocations. What a field
is perceived to require may in part be driven by cultural norms and expectations, and association
of maleness with certain scientific fields can imbue those fields with greater status and in turn
greater resources.

Overall, these findings are consistent with broader work on the “feminization” of
academic disciplines, which similarly suggests that women’s numerical representation in a field
can impact evaluations of and desirability of the discipline (England et al., 2007). Collectively,

this work presents a troubling complication of the assumption that stereotypes about women’s
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competence in STEM can be eradicated by increasing women’s representation in STEM. Rather,
this research suggests that as women enter specific STEM fields in higher numbers, the public’s
impressions of those fields may shift to accommodate gender stereotypes.

Limitations and Future Directions

Although these findings clearly demonstrate a link between gender representation and the
labeling of fields as hard or soft sciences, as well as the consequences of those labels, additional
questions remain, and future research can address the limitations of the current work.

Science role. These findings detected differences between how scientists and non-
scientists use the hard and soft science labels. Yet we acknowledge that individuals with
experience or intent to work in science were a minority, and thus cautious interpretation is
warranted. For example, these participants are not in positions where they make funding
recommendations, and so the funding allocation is best regarded as indexing public opinion
about funding allocation than as a proxy for actual funding decisions. Yet the patterns that
emerged cohere with existing research and suggest avenues for future research. For example,
Study 2 identified differences between groups in the predictors of “women = soft science”
responding. For nonscientists, the women=soft science response correlated with beliefs that
women are less competent in general and in STEM specifically; for scientists, these relationships
did not emerge. Similarly, while nonscientist women exhibited less “women = soft science” bias
than nonscientist men, the pattern was reversed among scientists.

These results may suggest that different mechanisms may guide the application of soft
and hard sciences labels among people with more or less experience with the scientist role.
Stereotyping effects on judgment tend to be stronger when information is ambiguous (e.g.,

McConnell et al., 2008), and thus future research could directly manipulate experience with a
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particular scientific field to see if the effects of competence stereotypes on “women=soft
science” bias are mitigated. Another route would be to explore the different implications of the
science role by gender: It may be that women in science particularly show the “women=soft
science” association because they are sensitized to the gender disparities that emerge across
different fields of science. Women in science might be exhibiting something akin to the “Queen
Bee” response to being a gender minority in a male-dominated field (Ellemers et al., 2004):
Perhaps this effect is driven by women in science fields with more men differentiating their
fields from those with more women by labeling such fields as “soft sciences.” To investigate this
idea, systematic study of the beliefs of women in fields with different levels of female
representation is warranted.

Subtyping mechanism and consequences? We speculate that the process by which
gender representation influences hard and soft science labels may be akin to subtyping in
response to stereotype disconfirming individuals. In this view, “soft sciences” may be a subtype
of the larger category of science. Subtyping in social perception occurs when individuals who
disconfirm a group stereotype are mentally clustered together and excluded from the stereotyped
group (Richards & Hewstone, 2001). Individuals with higher prejudice against a particular group
are more likely to subtype positive group members (Riek, Mania, & Gaertner, 2013), and
subtyping appears to maintain stereotypes (Richards & Hewstone, 2001). Just as perceivers may
subtype counter-stereotypic individuals, so too may they subtype counter-stereotypic scientific
disciplines by clustering them together and mentally excluding them from the category of
“science”. People who believe that women lack competence for math and science would tend to
perceive scientific fields with high rates of participation by women as counterstereotypic.

Subtyping these fields—by categorizing them as “not real sciences”, or perhaps “soft sciences”,
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could allow the individual to maintain stereotypes about STEM fields in the face of such
stereotype disconfirming evidence.

Consistent with this idea, Study 2 demonstrated that the “women = soft science”
association was highest among participants who stereotyped women as being less competent
generally and in STEM, in a similar fashion as subtyping for racial outgroup members is more
common among participants with higher levels of prejudice (Riek et al., 2013). Yet, the present
studies do not offer a direct investigation of subtyping effects. Future research could test whether
the use of hard and soft science labels maintains beliefs about the broader requirements and
attributes of STEM fields.

Manipulation checks. Finally, we chose not to include manipulation checks in Studies 1
and 2 to assess whether participants believed the numerical information about gender
representation provided, nor did we include a manipulation check in Study 3b to assess whether
participants accepted the framing of psychology/computer science as soft vs. hard sciences. We
elected not to use manipulation checks across studies because we believed they might undermine
the efficacy of manipulations. Specifically, we were concerned that asking participants whether
they believed the description of the field in question (e.g., economics has more women than men,
or computer science as a soft science) might encourage them to be skeptical and generate
counterarguments. Indeed, the use of manipulation checks has been noted as a complicated issue
given that they have the potential to influence responses to the dependent variable itself (Hauser
et al., 2008). Although we felt that this design choice was important, it does have its drawbacks
as we are unable to definitively demonstrate whether or not participants rejected the framing. In

open-ended questions at the end of all studies, virtually no participants spontaneously mentioned
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suspicion regarding manipulations. That the framing impacted participants’ responses as
predicted provides some evidence that they believed and accepted the framing provided to them.
Conclusion

Many STEM fields have made great strides toward gender parity over the past several
decades. For example, as of 2017, women make up about 49% of the life sciences workforce, up
from 40% in 2003 (National Science Board, 2019). Yet in other areas, women’s advancement in
STEM has been stubbornly stalled, such as in the physical sciences where women’s
representation has held steady at around 30% since 2003. The present research highlights how
stereotypes about women’s STEM competency may continue to impact science even as women’s
participation in STEM increases. STEM fields with a high percentage of women may be
evaluated through the lens of gender stereotypes, with consequences for the general public’s
perception of those fields. Moreover, the language used to communicate about science may be
covertly carrying these gender stereotypes.
Open Science Practices

Across all studies, we report all measures, manipulations, and exclusions. In addition, we
provide pre-registration materials for Studies 3A (https://osf.io/exsta) and 3B
(https://osf.io/evdny). No changes were made to the pre-registered analysis plans for the primary
confirmatory analyses for these studies, and all analyses described in the registered plans are

reported in the article.
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