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ABSTRACT
The adoption of Generative Artificial Intelligence (GenAI) is reshaping the very nature of work, yet its social meaning and 
evaluative implications—particularly for women—remain underexplored. Although existing research has mainly examined 
GenAI adoption, use, and algorithmic bias, less is known about how the use of GenAI shapes how individuals are evaluated by 
others. Drawing on the Stereotype Content Model, Role Congruity Theory and techno‐feminism perspectives, this study ex
amines how women's use of GenAI influences perceptions of competence and warmth in academia. Using a 2 × 2 × 2 
experimental vignette design [gender*GenAI adoption*task type (teaching vs. research)] with 651 participants, we examine how 
evaluations vary by academic gender, GenAI adoption, and task domain (teaching vs. research). We find that GenAI adoption 
generally enhances perceived competence. Women, however, gain the most in research tasks, where technical skills challenge 
gendered expectations. Conversely, GenAI use reduces perceived warmth, disproportionately penalizing women, especially in 
research. These findings reveal a “double bind,” highlighting how GenAI adoption may reproduce and intensify gendered 
evaluative tradeoffs within academic prestige hierarchies and the need for institutional strategies to mitigate relational penalties 
while recognizing competence.

1 | Introduction

The rapid diffusion of Generative Artificial Intelligence (GenAI) 
is transforming knowledge‐intensive work (Storey et al. 2025), 
including academic work, as a paradigmatic context of knowl
edge production. Unlike previous waves of digitalization, GenAI 
directly affects the very core of many professions, blurring the 
boundaries between human expertise, knowledge production, 
and automated assistance. Yet this transformation cannot be 
understood only as a matter of productivity, work organization, or 
task redesign. GenAI is also imbued with social and organiza
tional meanings. Its use may be interpreted as signaling changes 
in professional relations and in the distribution of technical 
expertise, power, politics, and status. These challenges are 
particularly salient in professional contexts, where professional 

legitimacy also depends on the conscious and expert use of 
innovative technologies. In this sense, GenAI use becomes part of 
the evaluative repertoire through which social contexts assess 
individuals' work and conduct; its adoption may therefore shape 
how individuals' competence, credibility, and professional au
thority are evaluated (Orlikowski and Gash 1994). These impli
cations are especially important because technologies can both 
challenge and reproduce existing inequalities in the workplace. 
Particular attention has already been paid to whether GenAI may 
help narrow gender gaps, especially given that women's use of 
technology has historically been associated with questions of 
legitimacy. Although GenAI is increasingly recognized as a new 
opportunity to reduce inequalities and, potentially, to lower the 
barriers that limit the full participation and the potential of 
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underrepresented groups, it must also be acknowledged that 
women's use of innovative technologies—such as GenAI— 
continues to be associated with, and often reinforces, 
(gendered) judgments in professional contexts (Gross 2023). This 
risk is not simply due to fewer women using technology but rather 
stems from women's historically limited space and power to 
shape how technology is designed, positioned, valued, and eval
uated. As a result, women's technological expertise is often sub
ject to greater scrutiny, requiring them to repeatedly demonstrate 
competence and legitimacy, in line with the so‐called “prove it 
again” bias (J. C. Williams et al. 2016, 2020). In investigating the 
potential impact of GenAI for women, it is crucial to acknowledge 
that technologies are not neutral, but rather socially determined 
artifacts (Compagni et al. 2015) designed and embedded within 
social constructs that inherently attribute gendered meanings to 
them. Feminist scholarship has largely contributed to under
standing how this view of technology applies to digital tools, 
which are imbued with cultural codes and gendered meanings 
(Cockburn 1991, 1988, 1993, 1997, 2009, 2025; Faulkner 2001; 
Wajcman 2004). For instance, technologies designed for support 
and assistance are often described as feminized, whereas data 
coding, data analysis, and decision‐making systems are 
frequently associated with masculine expertise or framed as 
technically neutral (Lohan and Wendy 2004; Wajcman 2004). 
This perceived neutrality is contested: while algorithmic systems 
may be designed to reduce some forms of human bias, their ef
fects depend on how they are designed, trained, and embedded in 
organizational decision‐making processes (Barocas and 
Selbst 2016; Fortin et al. 2021). However, GenAI use cannot be 
understood as a neutral individual choice. The decision to use it, 
the competence attributed to its users, and the value assigned to 
its adoption within organizations are interpreted within social 
contexts and may contribute to reproducing and legitimizing 
existing social orders. Despite these broader insights into the 
relationship between technology and social behavior, we still 
know remarkably little about how the use of GenAI influences 
perceptions of women in professional contexts. Existing evidence 
points to two related concerns: a persistent gender gap in the 
adoption and trust of digital tools (Tang et al. 2025), and the 
reproduction of stereotypes in their outcomes (Nivenitha and 
Nagarajan 2025). Hence, most discussions remain focused on 
technical aspects—such as how to train algorithms to minimize 
bias (Ali et al. 2026)—rather than on organizational or behavioral 
consequences of GenAI use. Yet, there remains a significant gap 
about how the use of GenAI shapes power dynamics, professional 
recognition, and legitimacy, particularly when adopted by 
women (Barry and Stephenson 2025; Nedungadi et al. 2024; Otis 
et al. 2024). This gap can be addressed by considering the fact that 
the use of GenAI may intersect with gender stereotypes through 
the dimensions of competence and warmth. On the one hand, 
GenAI adoption may be interpreted as a signal of innovation, 
technical ability, and enhanced competence. On the other hand, 
because technology use is often associated with automation, ef
ficiency, and rationality, it may also raise concerns about 
authenticity, relational engagement, and warmth. This duality is 
particularly critical for women, as it generates tension between 
the competence signal associated with technology use and the 
stereotypically gendered expectations of warmth, care, and rela
tional availability. We examine the existence and persistence of 
these dynamics in academia, a context characterized by contin
uous evaluations of competence and by a strong orientation 

toward the attainment of status and professional legitimacy. In 
this sense, academia is not merely an empirical setting for our 
investigation but assumes specific theoretical relevance. Existing 
scholarship shows that academic evaluations are not neutral 
(Acker 1990, 1998; O'Connor 2020; van den Brink and Ben
schop 2012), and that women continue to be exposed to gendered 
and stereotyped judgments across different domains of academic 
work, including research, teaching, service, and grant acquisition 
(Guarino and Borden 2017; Herschberg et al. 2018; Järvinen and 
Mik‐Meyer 2025a, 2025b). The distinctiveness of this context lies 
precisely in the socially shared meanings attached to these 
different task domains. In this study, we investigate the use of 
GenAI and its effect on perceptions of women academics. In this 
sense, the study opens the socio‐evaluative black box of GenAI 
adoption and professional evaluation by examining the social 
mechanisms through which the same adoption cue is translated 
into judgments of competence and warmth. Specifically, we ask: 

How does the use of Generative AI shape perceptions 
of competence and warmth, and how do these per
ceptions vary by gender and task domain?

We draw on the Stereotype Content Model (SCM; Fiske 
et al. 2002; Cuddy et al. 2008) and Role Congruity Theory (RCT; 
Eagly and Karau 2002) as our core theoretical frameworks, 
together with feminist technology studies (Faulkner 2001; 
Wajcman 2004), and research on gendered organizations in the 
higher education sector (Acker 1990; van den Brink and Ben
schop 2012; O'Connor 2020) to explore social meanings and 
evaluative implications of GenAI adoption. To address this 
question, we conduct a 2 × 2 × 2 experimental vignette study, 
manipulating gender, GenAI adoption, and task domain, 
namely teaching versus research. Our findings show that GenAI 
use operates as a double‐edged evaluative signal: it increases 
perceived competence, particularly for women in research‐ 
oriented tasks, while decreasing perceived warmth, with 
women facing distinctive penalties especially in research con
texts. The study contributes to debates on how emerging tech
nologies may reproduce, reshape, or intensify gendered 
evaluations in knowledge‐intensive work.

2 | Theoretical Background and Hypotheses 
Development

2.1 | GenAI as a Socially Meaningful Cue of 
Competence and Warmth

In their modern meaning, technologies are often associated with 
efficiency, expertise, knowledge, and competence, and their use 
may therefore act as a signal of analytical and technical abilities. 
However, the way they are established and diffused within social 
contexts is neither neutral nor reducible to their functional use 
(Faulkner 2001; Wajcman 2004); rather, their implementation is 
imbued with socially shared meanings and associations. Tech
nologies are, in fact, social artifacts that incorporate and elicit 
specific values and beliefs (Leonardi 2011; Orlikowski 1999). As 
Compagni et al. (2015) emphasize, technologies help define—and 
sometimes even modify—organizational and social resources, 
such as relationships and their characteristics. Their use therefore 
does not merely reflect a technical operation but also conveys 
social and value‐based meanings that may influence how 
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adopters and nonadopters are perceived. This signaling function 
is particularly relevant in the case of GenAI, whose adoption may 
communicate not only technical proficiency, but also innovation 
and alignment with emerging professional norms and power re
lations (Kalluri 2020).

Moreover, the socially shared meanings associated with tech
nologies are processed differently depending on individuals' 
cognitive schemas and evaluative frames. The SCM (Cuddy 
et al. 2008; Fiske et al. 2002; Connor and Fiske 2017; Fiske 
et al. 2018; Fiske et al. 2007; Fiske and Cuddy 2005) is partic
ularly useful in this respect, as it describes how individuals and 
groups are socially evaluated. The model considers two core 
dimensions of social evaluation: (i) competence, which em
phasizes ability, efficacy, and skill, and (ii) warmth, which 
captures relational traits, such as empathy, helpfulness, and 
cooperation. Although SCM has traditionally been applied to 
groups and individuals with distinctive characteristics (Kervyn 
et al. 2010), its application has more recently been extended to 
social artifacts and innovative technological entities such as AI, 
robots, and GenAI tools (McKee et al. 2023). Thus, the frame
work provides a useful lens for understanding how GenAI 
adoption is socially interpreted through the dimensions of 
competence and warmth.

When individuals use GenAI, others around them observe and 
evaluate that use. In doing so, observers do not simply judge the 
performance of the technology itself; they also evaluate the user 
through a technological lens. GenAI may therefore become a 
social cue through which others infer whether the user appears 
more competent, up to date, technically skilled or innovative, 
and whether this enhanced competence is associated with lower 
relational orientation or reduced authenticity. These judgments 
are highly consequential in professional contexts, precisely 
because professional legitimacy does not derive only from what 
individuals do, but also from how they are perceived by others 
(Compagni et al. 2015). This extension of evaluations of tech
nology to evaluations of its users is critical, as attributes asso
ciated with technological artifacts may be transferred to those 
who adopt them through processes of social signaling (Berger 
et al. 1998; Podolny 2005). For example, technologies such as 
computers have historically been culturally associated with 
masculinity, rationality, and technical competence, and these 
associations may extend to their users.

GenAI users may therefore be evaluated through these socially 
shared associations. This corresponds to higher perceived 
competence and greater consistency with the agentic dimension 
of the SCM model. We therefore expect that the adoption of 
GenAI is associated with higher perceived competence, inno
vation and productivity. Simultaneously, increasing and 
continuous interaction with machines may produce perceptions 
of relational distance, reduced humanity, and—consistent with 
the SCM framework—lower warmth (Fiske et al. 2002). In or
ganizations, warmth translates into trust, cooperation, and a 
community‐oriented mindset (Kervyn et al. 2010). Because the 
use of advanced technologies can be associated with efficiency, 
distance, and reduced authenticity, the use of GenAI may be 
interpreted as implying lower relational engagement. If GenAI 
is interpreted as a social cue associated with technical expertise, 
innovation, and efficiency, its adoption may decrease perceived 

warmth by making users appear less relationally engaged, 
empathic or socially connected. This may translate into weaker 
judgments of users' authenticity and emotional availability. 
More formally:

H1a. The use of GenAI will be positively associated with perceived 
competence.

H1b. The use of GenAI will be negatively associated with 
perceived warmth.

2.2 | Technology, Gender, and Stereotypes

Techno‐feminist scholarship has long argued that technologies 
are not neutral artifacts within organizations. Rather, their 
meanings are produced and sustained through broader relations 
of power, legitimacy, and gender (Cockburn 1988, 1997, 2009, 
2025; Haraway 1991; Wajcman 1991, 2004; Faulkner 2001). 
Technologies do not play a merely functional role, but operate 
as socially constructed, politically situated, and socially mean
ingful artifacts that contribute to defining, shaping, and legiti
mizing particular social orders. They may reproduce gendered 
assumptions embedded in existing social arrangements, but 
they may also become sites through which such assumptions 
are contested and renegotiated (Haraway 1991; Wajcman 2004). 
This broader literature explains how gendered meanings 
become culturally associated with technologies.

This argument has been extended to disruptive technologies, 
such as GenAI and data‐driven systems (D'Ignazio and 
Klein 2020; Browne et al. 2023; Toupin 2024; Wajcman and 
Young 2023; West et al. 2019; Noble 2018). Although often 
framed through the language of technical neutrality, digital and 
AI‐based technologies are culturally associated with traits of ra
tionality, technical mastery, control, and expertise, all historically 
coded as masculine (Lohan and Wendy 2004; Wajcman 2004; 
Cheryan et al. 2015). GenAI may therefore be socially interpreted 
as a masculine‐coded technology, insofar as its use is associated 
with domains such as computer science, data analysis, pro
gramming, and algorithmic decision‐making. Even practices 
such as prompting may be read as evidence of analytical ability, 
technical control, and rational problem‐solving. In this sense, 
GenAI does not simply enter organizations as a neutral tool, but 
as a socially meaningful evaluative cue that may be interpreted 
through existing gendered roles and hierarchies.

When women use these technologies, gender stereotypes and 
technological meanings may come into tension. On the one 
hand, as argued above, the use of GenAI may signal compe
tence, technical skill, innovation, and alignment with agentic 
forms of professional evaluation. On the other hand, gender 
stereotypes traditionally associate women with communal traits 
such as warmth, empathy, care, collaboration, and relational 
engagement. This creates a potential double bind (Jamie
son 1995): women who appear assertive and technologically 
skilled may be judged as cold or unfeminine, whereas those who 
conform to communal expectations may be perceived as less 
suitable for leadership, innovation, or technological authority 
(Rudman 1998; Rudman and Glick 2001).

Although the SCM allows us to identify competence and 
warmth as the main evaluative dimensions through which 
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GenAI users are judged, RCT (Eagly and Karau 2002) helps 
explain why these judgments may vary by gender. RCT suggests 
that social evaluations are shaped by the perceived congruity or 
incongruity between gendered role expectations and the specific 
practices, behaviors, or domains in which individuals are 
observed. In the case of GenAI, women's adoption of a tech
nology associated with rationality, control, and technical 
expertise may reduce perceived role incongruity on the 
competence dimension, allowing them to be seen as more 
technically skilled and professionally capable. For men, by 
contrast, GenAI adoption is more consistent with agentic gender 
expectations and may therefore produce weaker competence 
gains. At the same time, women's use of GenAI may increase 
incongruity on the warmth dimension, because it may distance 
them from communal expectations of care, empathy, and rela
tional engagement. In this sense, SCM identifies the evaluative 
dimensions through which GenAI users are judged, whereas 
RCT clarifies why the same technological signal may produce 
different evaluative consequences for women and men. We 
therefore expect that women will gain more than men in 
perceived competence from GenAI adoption but will also face a 
greater penalty in perceived warmth. More formally:

H2a. Gender will moderate the relationship between GenAI use 
and perceived competence, such that the increase in competence 
associated with GenAI use will be stronger for women than 
for men.

H2b. Gender will moderate the relationship between GenAI use 
and perceived warmth, such that the reduction in warmth asso
ciated with GenAI use will be stronger for women than for men.

2.3 | Gendered Evaluations of GenAI Use Across 
Academic Domains

Academia constitutes a theoretically relevant organizational 
field in which competence, legitimacy, authority, and relation
ality are continuously evaluated. Drawing on feminist organi
zational theory, universities can be understood not as neutral 
communities, but as organizational contexts where relational 
dynamics, hierarchies, and, more broadly, the entire social order 
may reproduce gendered assumptions and stereotypes (Ben
schop and Brouns 2003; Acker 1990, 1998). Although academia 
is often portrayed as a meritocratic field guided by values such 
as transparency, ethics, excellence, rigor, social relevance, and 
international standing, prior research has shown that these 
principles may coexist with the reproduction and perpetuation 
of gender inequalities (Araneda‐Guirriman et al. 2023; van den 
Brink and Benschop 2012; O'Connor 2020). The very concept of 
excellence, for example, does not refer to a purely objective 
standard, but can operate as a gender‐sensitive evaluative 
dimension through which individuals' professionalism can be 
recognized or contested (Herschberg et al. 2018; Lagesen and 
Suboticki 2024; van den Brink and Benschop 2012). As a result, 
socially shared meanings associated with academic work, such 
as innovation and technical competence, are attributed to men 
and women based on gendered evaluative schemas. Conse
quently, women may be less readily recognized as embodying 
technical competence and authority (Phillips et al. 2022) and 
more readily associated with support, service, and relational 
work.

In this context, competence and warmth—as well as the agentic 
and communal traits associated with different tasks—operate as 
evaluative lenses through which academic domains and 
scholars' professional legitimacy are judged (Fiske et al. 2002). 
For example, research is associated with typically agentic 
meanings such as excellence, rigor, originality, prestige, intel
lectual depth, funding acquisition, international recognition, 
and career advancement. Teaching and service activities, by 
contrast, are more often coded as communal and associated 
with availability, support, care, and orientation toward re
lationships and students. These communal expectations are not 
gender‐neutral: women faculty are frequently cast in explicitly 
caring roles and expected to embody care and relational avail
ability, particularly in teaching (Blalock and Stefanese‐ 
Yates 2024). These domains are therefore neither equivalent in 
terms of academic prestige nor neutral with respect to gender.

To fully understand the organizational dynamics these cate
gories may generate, it is important to integrate them within 
RCT (Eagly and Karau 2002). Prior research has shown that 
women are often associated with communal domains such as 
teaching, mentoring, and service (Guarino and Borden 2017; 
Heijstra et al. 2017; Järvinen and Mik‐Meyer 2025a, 2025b), 
whereas agentic tasks such as research and grant acquisition are 
more easily aligned with masculine behaviors and identities.

In the context of AI adoption, this suggests that the way GenAI 
use modifies individuals’ perceived competence may vary 
depending on the domain in which it takes place. In the case of 
competence, we expect that, in agentic tasks such as research, 
the use of GenAI may reduce the perceived incongruity between 
feminine role expectations and the agentic demands associated 
with effectiveness, performance, and technical expertise. As a 
result, women who use GenAI in research‐oriented activities 
may be perceived as more competent. In the case of warmth, by 
contrast, we expect women who use GenAI in agentic domains 
to be particularly penalized, in line with research on prescriptive 
gender stereotypes and backlash toward agentic women (Rud
man and Glick 2001). For instance, in research‐oriented tasks, 
the use of a masculine‐coded technology may compound the 
perceived violation of communal expectations traditionally 
associated with women, as they are evaluated within a domain 
already coded as masculine and associated with authority, 
excellence, and competence. More formally:

H3a. The joint effect of GenAI use and gender on perceived 
competence will vary as a function of task type, with women being 
perceived as more competent in agentic (i.e., research) than in 
communal tasks (i.e., teaching).

H3b. The joint effect of GenAI use and gender on perceived 
warmth will vary as a function of task type, with women being 
more penalized in agentic (i.e., research) than in communal (i.e., 
teaching) tasks.

3 | Materials and Methods

3.1 | Setting

Our study is situated within academia, the organizational 
context in which academics' work is continuously assessed by 
peers, students, institutions, and external audiences. Academic 
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activity is also structured around institutionally distinct task 
domains, including research and teaching, which provide the 
empirical basis for our task manipulation. As theorized above, 
academia is particularly suitable for this study because evalua
tion is structurally embedded in everyday academic work. Hir
ing, promotion, peer review, grant allocation, and student 
feedback all produce recurrent judgments of competence, 
legitimacy, and professional worth. These judgments are not 
neutral: they unfold within gendered evaluative hierarchies. In 
this context, GenAI use may become an additional evaluative 
cue through which academics are assessed. Yet, existing studies 
on GenAI in academia have mainly examined adoption prac
tices, perceptions, and barriers among researchers themselves 
(Andersen et al. 2025; Dorta‐González et al. 2024; Hsiao and 
Tang 2025), leaving open the question of how academics who 
use these technologies are perceived by others, and whether 
such perceptions vary by gender and task domain. Academia 
therefore provides a theoretically meaningful and empirically 
tractable context in which to examine how GenAI use shapes 
perceptions of competence and warmth, and their interaction 
with gender and task domain.

3.2 | Design

The study employs a 2 × 2 × 2 between‐subjects factorial 
design, manipulating gendervignette (female vs. male), AI adop
tion (adoption vs. nonadoption), and task (teaching vs. 
research), leading to eight possible experimental conditions. 
Because the study focuses on the social meaning of AI adoption, 
we use GenAI as an umbrella term encompassing widely 
available generative AI tools—that is, ChatGPT, Claude, 
Gemini, and similar systems—typically employed for activities 
such as brainstorming, text editing, or supporting information 
analysis. Our aim is not to compare the technical affordances or 
normative implications of specific GenAI applications. Rather, 
the experimental manipulation isolates the social meaning 
attached to GenAI adoption itself, allowing us to examine how 
this cue informs evaluations of the user across gender and task 
domains. To this aim, we employed a vignette‐based experi
mental design, a methodological approach particularly suited to 
the study of evaluative perceptions, which are inherently sub
jective and context‐dependent. By combining controlled 
manipulation with realistic scenarios, vignettes allow for causal 
inference while preserving ecological validity (Aguinis and 
Bradley 2014; Atzmüller and Steiner 2010; Highhouse 2009).

The study relies on primary data collected through an online, self‐ 
administered survey, implemented and distributed via Qualtrics. 
Online administration is consistent with established practice in 
experimental vignette research, as it allows access to geographi
cally dispersed participants, facilitates random assignment to 
experimental conditions, and ensures consistency in stimulus 
presentation (Aguinis and Bradley 2014; Atzmüller and 
Steiner 2010). Moreover, self‐administered formats are particu
larly appropriate for studying social evaluation, as they reduce 
interviewer effects and social desirability bias, enabling re
spondents to express their judgments more freely (Podsakoff 
et al. 2003). The survey was organized into three sections. The first 
section was devoted to collecting demographic and professional 
information, including age, gender, marital status, parental 

status, migrant status, race, ethnicity, job position, and institution 
type (teaching/research and public/private). These variables were 
included as controls to account for potential sources of hetero
geneity in evaluative perceptions. Prior research shows that 
judgments of competence and warmth are systematically shaped 
by social characteristics such as gender, ethnicity, and status‐ 
related attributes. For instance, gender has been shown to influ
ence standards of competence evaluation (Biernat and Fue
gen 2001), whereas ethnicity and gender jointly affect perceptions 
of task competence (Foschi and Buchan 1990). In addition, status‐ 
related characteristics—such as those proxied by organizational 
role—have been found to shape the relationship between 
competence and warmth in social evaluation (Lin et al. 2011). In 
this vein, demographic and professional characteristics such as 
age, gender, organizational role, institutional context, and back
ground variables (e.g., migration status, race, and ethnicity) may 
influence how individuals interpret and evaluate signals related 
to competence, relationality, and technology use. Including these 
variables therefore allows us to more precisely estimate the effects 
of the experimental manipulations. In the second section, par
ticipants were randomly assigned to one of the eight vignettes, 
ensuring experimental control through random allocation to 
conditions and systematic manipulation of independent vari
ables. The vignettes employed in the study are available in Sup
porting Information S1: Appendix A. The third section assessed 
perceived warmth and competence. In line with the SCT litera
ture (e.g., Cuddy et al. 2009; Fiske and Cuddy 2005; Krings 
et al. 2011), competence and warmth were operationalized 
through sets of trait descriptors rather than through a single 
validated psychometric scale. Participants were asked to evaluate 
the target described in the vignette on a series of attributes 
commonly used to capture perceived competence and warmth, 
using a 7‐point Likert scale. Specifically, competence was 
measured using six items—competent, confident, capable, effi
cient, intelligent, skillful—, and warmth was measured using five 
items—friendly, well‐intentioned, trustworthy, good‐natured, 
and sincere.

3.3 | Participants

The study targets individuals operating within academic con
texts, as the scenarios presented in the vignettes refer to aca
demic work and evaluation processes. 955 participants took part 
in the study; 304 participants were excluded due to revoked 
consent (i.e., participants did not complete the full experiment). 
The final sample includes 651 participants (341 male, 296 fe
male, 2 nonbinary, 12 prefer not to say; age = 43.75 ± 12.69) 
with roughly 81 participants allocated to each experimental 
condition (Teaching‐noAI‐Male = 81; Teaching‐noAI‐Fe
male = 84; Teaching‐AI‐Male = 79; Teaching‐AI‐Female = 84; 
Research‐noAI‐Male = 83; Research‐noAI‐Female = 77; 
Research‐AI‐Female = 83; Research‐AI‐Male = 80).

In line with the Declaration of Helsinki and APA ethical stan
dards, participants were asked to provide their informed consent 
prior to participation. Further, all data was collected anony
mously and analyzed in aggregate. Participants were fully 
informed about the study and their right to withdraw at any 
time.
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Participants were recruited by means of various channels. Spe
cifically, the sampling strategy combined purposeful and 
snowball approaches targeting academic participants. All the 
authors posted an invitation to participate via their personal 
social media (e.g., LinkedIn, academic groups on Facebook etc.), 
as well as through direct and indirect academic contacts 
(e.g., inviting colleagues to participate and encouraging them to 
share the invitation within their professional networks, consis
tent with a snowball sampling approach). Finally, to maximize 
reach and enhance the heterogeneity of the sample within 
academia, a series of invitation emails were sent to publicly 
available email addresses (obtained by universities and research 
institutions websites), for a total of approximately 17,000 emails 
distributed. This recruitment strategy aimed to capture a broad 
and heterogeneous sample of academics across institutions and 
contexts, rather than achieving statistical representativeness, 
consistent with experimental research designs that prioritize 
internal validity and causal inference through controlled 
manipulation over population generalizability (Shadish 
et al. 2002; Calder et al. 1981; Highhouse 2009). Table 1 provides 
an overview of the demographic and work‐related characteris
tics of the sample.

3.4 | Statistical Analyses

3.4.1 | Hypotheses Testing

The first set of analysis was computed to evaluate the effect of 
GenAI on the perception of competence and warmth of men and 
women in academia across teaching and research duties. The 
statistical significance of such effects was tested using two sepa
rate analyses computed using General Linear Models (GLM).

The first model was run using competence ratings as the 
dependent variable, and with gendervignette (M, F), AI adoption 
(AI, noAI), task type (teaching, research), and all second‐ and 
third‐level interactions, as fixed effects. The model also included 
a series of covariates, namely age, genderparticipant, marital sta
tus, parental status, migrant status, race, ethnicity, job position, 
and institution type (teaching/research and public/private).

The second model was identical to the first but used warmth 
ratings as the dependent variable. All the post hoc inspections of 
the interaction effects were corrected for multiple testing using 
the Fisher's Least Significant Difference (LSD) test (L. J. Williams 
and Hervé 2010).

3.4.2 | Exploratory Analysis

An additional set of GLMs were performed to explore the 
gendered effect in perceived warmth and competence, as a 
function of participants' gender. We estimated two separate 
models—one for competence rating, and one for warmth rat
ings. Both models followed the same specification described in 
the previous section, with the addition of the main effect of the 
factor genderparticipant (male, female), along with all the second‐, 
third‐, and forth‐level interactions. Full details of the analysis 
are provided in the Supporting Information S1: Appendix C.

4 | Results

4.1 | Hypotheses Testing

The results indicated that the first model, with competence scores 
as the dependent variable, was significant overall (F = 3.46, 
p < 0.001). Specifically, the main effect of AI adoption was sig
nificant (F = 22.52, p < 0.001), indicating that AI adoption was 
associated with higher perceived competence compared to non
adoption, thus confirming hypothesis H1a. The main effects of 
task (F = 1.06, p = 0.30) and gendervignette (F = 2.75, p = 0.10) were 
nonsignificant as were the two‐way interactions (task*AI adop
tion: F = 0.49, p = 0.48; task*gendervignette: F = 0.15, p = 0.70; AI 
adoption*gendervignette: F = 0.51, p = 0.47). The lack of statistical 
significance of the AI adoption by gendervignette interaction in
dicates that H2a was not supported at the level of the hypothe
sized interaction effect. Importantly, the three‐way interaction 
effect task*gendervignette*AI adoption was significant (F = 6.49, 
p < 0.01). The post hoc inspection of the third‐level interaction 
effect revealed that in teaching activities, AI use increases the 
perceived competence of academics both men and women, 
though the effect is stronger for males (no‐AI‐M < AI‐M: 
p < 0.001) than females (no‐AI‐F < AI‐F: p = 0.12). In the no‐AI 
condition, the difference in perceived competence between male 
and female is significant (no‐AI‐M < no‐AI‐F: p < 0.05), penal
izing males more heavily; with AI, the gap is not significant (AI‐ 
M = AI‐F: p = 0.43). In research activities, AI increases the 
perceived competence of females (no‐AI‐F < AI‐F: p < 0.01) but 
not males (no‐AI‐M = AI‐M: p = 0.17). With AI, females are rated 
marginally more competent than males (AI‐F > AI‐M: p = 0.09), 
whereas without AI, the difference is not significant (no‐AI‐ 
F = no‐AI‐M: p = 0.23). The comparisons across research and 
teaching activities, with or without AI, across males and females, 
revealed that most of the comparisons of interest were nonsig
nificant, with the only exception of the comparison between 
research and teaching without AI of male vignettes, which 
resulted in a marginally significant effect (T‐no‐AI‐M < R‐no‐AI‐ 
M: p = 0.08), which suggests that men who do not use AI are more 
heavily penalized when they do so in teaching rather than in 
research tasks. No such effect was found for women (T‐no‐AI‐ 
F=R‐no‐AI‐F: p = 0.89). Supporting Information S1: Table S1 
(Appendix B) provides an overview of the post hoc comparisons. 
Overall, the significance of the third‐level interaction, along with 
the results of the post hoc tests, supports hypothesis H3a, 
showing that women, indeed, gain more competence than men 
when using AI, specifically in agentic tasks such as research.

Among covariates, only age was significant (p < 0.001), showing 
that as participants' age increased, perceived competence tended 
to decrease, resulting in more severe evaluations, regardless of 
the experimental condition. Table 2 provides a comprehensive 
report of the results of the GLM computed on competence rat
ings, and Figure 1 displays the graphical representation of the 
effects.

In the second model, with warmth ratings as the dependent 
variable, the overall model was significant (F = 2.39, p < 0.001). 
In particular, the main effect of task was significant (F = 14.11, 
p < 0.001), showing that teaching activities are perceived as 
warmer than research activities, regardless of gender or AI 
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adoption. AI adoption also had a significant main effect 
(F = 8.62, p < 0.001), being associated with lower perceived 
warmth across tasks and genders; this result confirms hypoth
esis H1b. The main effect of gendervignette (F = 0.68, p = 0.41) 
and the two‐way interactions (Task*AI adoption: F = 0.16, 
p = 0.69; Task*Gendervignette: F = 1.65, p = 0.20; AI adop
tion*Gendervignette: F = 1.03, p = 0.31) were nonsignificant. The 
nonsignificant AI adoption*Gendervignette interaction indicates 
that H2b was not supported at the level of the hypothesized 
interaction effect. The three‐way interaction (F = 0.15, p = 0.70) 
was also found to be nonsignificant; nonetheless, post hoc in
spection revealed that although AI decreased perceived warmth 
overall, this penalty was significant only for women across both 
teaching (no‐AI‐F > AI‐F: p < 0.05) and research (no‐AI‐ 
F > AI‐F: p = 0.05). Although the AI adoption*Gendervignette 

interaction did not support H2b, the post hoc comparisons 
revealed a pattern consistent with the underlying theoretical 
expectation, as the reduction in perceived warmth associated 
with AI use was significant for women in both research and 
teaching, but not for men. The comparisons between teaching 
and research task also revealed that women are penalized more 
in their perceived warmth for using AI when employed for 
research as compared to teaching tasks (R‐AI‐F < T‐AI‐F: 
p < 0.05). Further, the same comparison across the no‐AI 
condition, revealed that when not using AI women are 
perceived as warmer in teaching as compared to when they do 
research (R‐no‐AI‐F < T‐no‐AI‐F: p < 0.01); in other words, 
even when not using AI, women are perceived as less warm 
when they do research as compared to teaching and they are 
penalized even more when they use AI. Although the 

TABLE 1 | Demographic and work‐related characteristics of the sample.

Demographics

Marital status Race

Married 49.92% White 78.34%

In a relationship 26.57% Prefer not to say 7.22%

Single 20.12% Asian or Pacific Islander 6.61%
Separated/divorced 3.38% Hispanic or latino/a/x 4.45%

Parental status Middle eastern or North African 2.30%

Nonparent 52.69% Black 0.77%
Parent 47.31% Indigenous 0.31%

Geographical area (nationality) Ethnic origin

Europe 83.41% Western Europe 80.95%

North America 10.08% Eastern Europe 4.92%

Asia 7.32% Prefer not to say 4.76%

South America 1.63% South and Southeast Asia 3.38%

Oceania 1.46% East and Central Asia 2.15%

Prefer not to say 1.30% West Asia/Middle East 1.54%
Africa 0.65% South America 0.92%

Migrant statusa Sub‐Saharan Africa 0.77%

Yes 80.34% North Africa 0.31%

No 17.97% North America 0.31%
Prefer not to say 1.69%

Work related information

Position Public/private institution

Associate professor 24.12% Public 81.57%

Full professor 19.05% Private 18,43%

Assistant professor 17.97%

PhD student 16.59% Type of institution

Postdoctoral fellow 11.83% Research 61.75%

Lecturer 7.37% Teaching 38.25%

Research assistant 2.61%
Teaching assistant 0.46%

aMigrant: refers to people who work in a country other than the one of their nationality.
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nonsignificant three‐way interaction did not formally support 
H3b, the post hoc comparisons revealed a pattern consistent 
with the hypothesis, showing that women were more penalized 
in agentic than in communal tasks. This pattern suggests a 
double punishment: women are perceived as losing warmth 
both for engaging in research and for employing AI in their 
activities. Supporting Information S1: (Table S2, Appendix B) 
provides an overview of the post hoc comparisons.

Among the covariates, only age was significant (p < 0.05), 
showing that as participants' age increased, perceived warmth 
tended to decrease, resulting in more severe evaluations, 
regardless on the experimental condition. The effect of gen
derparticipant was found marginally significant (p = 0.09), indi
cating that women tend to evaluate the academics described in 
the vignettes as less warm, compared to male respondents, 

regardless the experimental condition. Table 3 provides a 
comprehensive report of the results of the GLM computed on 
competence ratings, and Figure 2 displays the graphical repre
sentation of the effects.

4.2 | Exploratory Analysis

In an exploratory follow‐up analysis, we examined whether 
competence and warmth evaluations were influenced by par
ticipants' gender and its interaction with task type, AI adoption, 
and vignette gender. Full results are reported in the Supporting 
Information S1: (Appendix C).

The results for competence ratings replicated the main findings, 
showing overall higher competence ratings in the AI condition. 
Moreover, competence evaluations varied as a function of task 
type, vignette gender, and participant gender. Men tended to 
evaluate the male vignette in teaching tasks less positively than 
women evaluating female vignette involved in research tasks, 
reflecting a gendered evaluation pattern consistent with tradi
tional gender roles, given that teaching is a communal task. 
Women also showed a marginal tendency to rate female aca
demics in research more favorably than male ones, suggesting a 
potential women solidarity effect. A similar marginal pattern 
emerged for the interaction between AI adoption, vignette 
gender, and participant gender: in the no‐AI condition, women 
tended to rate female academics more positively than male aca
demics, whereas men showed no such difference. Hence, women 
seem to apply a gendered evaluation of competence, with male 
academics being penalized more for not adopting AI—as might be 
expected based on gender role norms—compared to female 
academics.

TABLE 2 | Results of the GLM performed using the competence ratings as a dependent variable.

Type III sum of squares Mean square F p
Corrected model 62.25 3.46 3.48*** 0.00
Task 1.05 1.05 1.06 0.30
AI adoption 22.37 22.37 22.52*** 0.00
Gendervignette 2.73 2.73 2.75 0.10
Task * AI adoption 0.49 0.49 0.49 0.48
Task * gendervignette 0.15 0.15 0.15 0.70
AI adoption *gendervignette 0.51 0.51 0.51 0.47
Task * AI adoption * gendervignette 6.45 6.45 6.49** 0.01
Genderparticipant 1.16 1.16 1.17 0.28
Age 12.43 12.43 12.51*** 0.00
Marital status 2.54 2.54 2.55 0.11
Parental status 1.22 1.22 1.23 0.27
Geographical area 0.00 0.00 0.00 0.95
Migrant status 0.22 0.22 0.22 0.64
Race 0.32 0.32 0.32 0.57
Ethnic origin 0.12 0.12 0.12 0.73
Job position 1.49 1.49 1.50 0.22
Public/private institute 2.63 2.63 2.64 0.10
Type of institute (teaching, research) 1.55 1.55 1.56 0.21

***p < 0.001.
**p < 0.01.
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FIGURE 1 | Bar‐plots of the results of the GLM performed using the 
competence ratings as a dependent variable.
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In a second exploratory analysis, we examined whether warmth 
evaluations were influenced by participants' gender, task type, 
and AI adoption. The overall pattern replicated the main find
ings: warmth was rated higher for teaching tasks than for 
research tasks and lower in the AI condition compared to the 
no‐AI condition. No other main or interaction effects were 
significant.

5 | Discussion

In today's academic environment, the rapid diffusion of GenAI is 
reshaping not only how knowledge is produced, but also how 
those who produce it are perceived. Drawing on a sample of 651 
participants, this study investigates how the use of GenAI—a 
technology that may be socially interpreted as masculine 
—differentially shapes perceptions of competence and warmth 

across gender and across two task contexts (teaching and 
research) within academia.

Existing empirical studies have predominantly explored AI 
adoption behaviors enacted by women (Adewale 2025), the 
barriers they encounter (Buele and Llerena‐Aguirre 2025), or 
the disadvantages generated by algorithms (Shrestha and 
Das 2022). What remains largely unaddressed is how the use of 
Generative AI shapes perceptions of competence and warmth, 
and how these perceptions vary by gender and task domain. Our 
study advances the debate by shifting the analytical lens from 
access and use to social evaluation, treating GenAI as a socially 
meaningful evaluative cue that is interpreted through gender 
stereotypes and task expectations, and whose adoption becomes 
part of the evaluative repertoire through which women's aca
demic work is perceived. In adopting this lens, our study does 
not examine the situated construction or negotiation of these 
meanings; rather, it examines how such preexisting associations 
inform the evaluation of individuals who use GenAI.

Consistent with this SCM framing (Cuddy et al. 2008; Fiske 
et al. 2002; Fiske et al. 2007), we found that GenAI adoption is 
positively associated with perceived competence (H1a) and 
negatively associated with perceived warmth (H1b). This 
pattern supports the idea that technology use functions as a 
signal of analytical and innovative capability (Cheryan 
et al. 2015; Compagni et al. 2015), confirming that artifacts are 
not merely functional but carry socially shared associations with 
expertise that may inform evaluations of those who use them. 
Adewale (2025), for instance, shows that women themselves 
perceive GenAI as productivity‐enhancing but ethically risky; 
our results extend this insight by showing that this ambivalence 

TABLE 3 | Results of the GLM performed using the warmth ratings as a dependent variable.

Type III sum of squares Mean square F p
Corrected model 43.00 2.39 2.40*** 0.00
Task 14.06 14.06 14.11*** 0.00
AI adoption 8.59 8.59 8.62*** 0.00
Gendervignette 0.68 0.68 0.68 0.41
Task * AI adoption 0.16 0.16 0.16 0.69
Task * gendervignette 1.64 1.64 1.65 0.20
AI adoption * gendervignette 1.03 1.03 1.03 0.31
Task * AI adoption * gendervignette 0.15 0.15 0.15 0.70
Genderparticipant 2.86 2.86 2.87† 0.09
Age 3.80 3.80 3.81† 0.05
Marital status 1.42 1.42 1.42 0.23
Parental status 0.11 0.11 0.11 0.74
Geographical area 1.61 1.61 1.62 0.20
Migrant status 0.07 0.07 0.07 0.79
Race 2.49 2.49 2.50 0.11
Ethnic origin 1.05 1.05 1.05 0.31
Job position 2.77 2.77 2.78 0.10
Public/private institute 1.64 1.64 1.65 0.20
Type of institute 0.21 0.21 0.21 0.65

***p < 0.001.
†p < 0.1.
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FIGURE 2 | Bar‐plots of the results of the GLM performed using the 
warmth ratings as a dependent variable.
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is not only a feature of how women experience GenAI, but also 
of how they are perceived through it.

The two‐way interactions between GenAI use and gender were 
not significant for either competence (H2a) or warmth (H2b): 
accordingly, neither hypothesis was supported at the level of the 
omnibus interaction test. Post hoc comparisons, however, 
revealed a pattern consistent with the theoretical expectations 
underlying H2b, although they did not provide formal support 
for the hypothesized interaction effect. Although AI adoption is 
associated with a decreased perceived warmth overall, this 
penalty was significant only for women both in teaching and 
research. This pattern is consistent with the gendered expecta
tions of warmth, care, and relational availability identified in 
our argument: men, already seen as less warm, were not 
affected, whereas women who are held to stricter communal 
expectations, face warmth penalties when adopting technologies 
that signal masculine‐coded competence (Rudman and 
Glick 2001).

Importantly, the three‐way interaction between task, gender, 
and AI adoption on competence ratings suggests that the 
moderating role of gender is itself a function of the domain. In 
research, GenAI adoption appears to increase perceived 
competence for women but not for men, supporting H3a. In 
teaching, GenAI use is associated with greater perceived 
competence for both genders, although the pattern is stronger 
for men. In this sense, women appear to gain more competence 
in agentic tasks because GenAI offsets stereotypes of lower 
technical ability—a pattern that resonates with the “prove it 
again bias” whereby women must repeatedly demonstrate 
competence to be granted legitimacy (J. C. Williams et al. 2016). 
For men—whose technical competence in research is already 
presumed (Wajcman 2004)—GenAI adds a less evaluative value. 
Coherently, men who do not adopt GenAI are more penalized in 
teaching than in research, whereas no such asymmetry emerges 
for women. Taken together, gender moderates the competence 
effect of GenAI only when the alignment among gender ste
reotypes, task expectations, and the socially shared associations 
attached to technology use is considered simultaneously.

Turning to warmth, H3b was not supported at the level of the 
omnibus interaction: the three‐way interaction between GenAI 
use, gender, and task was not significant. However, post hoc 
comparisons reveal a pattern consistent with the theoretical 
logic underlying H3b: women using GenAI face stronger 
warmth penalties in research than in teaching, and even 
without GenAI, women are perceived as significantly less warm 
in research than in teaching. Although these comparisons do 
not formally support H3b, they suggest a pattern of double 
punishment: women lose warmth both for engaging in research, 
a masculine‐coded domain, and for adopting GenAI within it. 
This pattern is consistent with the persistent association be
tween research and masculinity (Galvin et al. 2024). Women's 
presence in research contexts, regardless of technology use, may 
already be perceived as less congruent with communal expec
tations and be associated with lower warmth evaluations. When 
GenAI is added, the post hoc pattern suggests that these pen
alties may compound, as women cross multiple gender bound
aries simultaneously, working in a masculine domain while 
using masculine technology. This pattern resonates with the 

framing of academia as a context in which evaluations are not 
neutral (Acker 1990; van den Brink and Benschop 2012), and in 
which research is not a neutral evaluative space but a regime in 
which credibility, authority, and professional legitimacy are 
unevenly distributed (van Helden et al. 2023), and where the 
perceptual cost of using a masculine‐coded tool may concentrate 
precisely where institutional rewards are highest.

Taken alongside prior work, Adewale (2025) and Buele and 
Llerena‐Aguirre (2025) suggest that AI tools may ease women's 
research workload and partially mitigate structural disadvan
tages, whereas Ali et al. (2026) argue that algorithmic systems 
mostly reproduce existing inequalities. Our results identify an 
additional, perceptual channel through which inequality is 
reproduced—one that these studies do not isolate: women who 
use AI to enter or thrive in masculine‐coded domains may 
receive the competence dividend the literature predicts, but this 
competence dividend may be accompanied by a social cost in 
warmth, a cost that is rarely measured and seldom theorized.

These findings directly address the central question motivating 
this study: whether emerging technologies reproduce, reshape, 
or intensify gendered evaluations. They suggest that GenAI may 
do all three simultaneously, but along different evaluative di
mensions. They indicate a more cautious reading of recent 
claims that AI tools may help close gendered gaps in research 
productivity (Adewale 2025). The competence boost is real but 
partial, and the post hoc comparisons suggest that it may be 
accompanied by a warmth cost, particularly in the domain 
where the productivity gains are most needed. This extends the 
double bind framework (Jamieson 1995) by suggesting that 
women in knowledge work struggle to balance competence and 
warmth, with tradeoffs particularly severe in male‐dominated 
domains and when masculine‐coded technological tools are 
employed.

5.1 | Theoretical Implications

Our study contributes theoretically in three ways. First, it con
tributes to innovation literature by specifying the social‐ 
evaluative role of GenAI in gendered evaluation and advances 
the view of technology as a socially determined artifact. Tech
nologies are not neutral instruments but social artifacts that 
incorporate and elicit specific meanings, values, and beliefs 
(Faulkner 2001; Leonardi 2011; Orlikowski 1999; Wajc
man 2004), and these socially shared meanings may inform the 
evaluation of those who adopt them. As a technology stereo
typically associated with rationality, technical control, and 
innovation, GenAI may be socially interpreted as carrying 
values that have long been culturally coded as masculine 
(Cheryan et al. 2015; Lohan and Wendy 2004; Wajcman 1991, 
2004); when women adopt it, these associations are interpreted 
in relation to gender expectations in ways that shape how their 
competence and warmth are read. Our findings suggest that 
GenAI adoption may simultaneously operate as a competence‐ 
enhancing signal and as a warmth‐penalizing signal, with the 
post hoc patterns suggesting that the warmth penalty may vary 
by gender and academic domain. The same artifact, in other 
words, may be perceived differently depending on the gender of 
its user, and the direction and intensity of these perceptions 
appear to depend on the alignment among the socially shared 
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meaning of the technology, the socially shared meaning of the 
task, and the gender of the user.

This contribution also shifts the analytical focus of feminist 
technology studies. Work in this tradition has long understood 
technologies as cultural artifacts that encode and reproduce 
gendered values, hierarchies, and worldviews. Our findings 
suggest that, even when algorithmic outputs are not at issue, the 
social meaning attached to GenAI use can itself inform 
gendered evaluations, operating through the perception of users 
rather than through the behavior of systems. In this sense, 
inequality may be reproduced not only through biased systems, 
but also through the ways in which users of these systems are 
perceived. By doing so, we shift attention from the technical 
black box of algorithmic functioning to the social black box of 
evaluation: the process through which socially shared associa
tions attached to GenAI use inform perceptions of users' 
competence, warmth, and legitimacy. Hence, AI does not enter 
academic evaluation as a neutral instrument; rather, it may 
amplify the gendered logics already embedded in academia, 
understood as a gendered organizational field (Acker 1990; 
O'Connor 2020; van den Brink and Benschop 2012), where the 
evaluative regimes of credibility, authority, and legitimacy are 
already unevenly distributed (Guarino and Borden 2017; 
Herschberg et al. 2018; Järvinen and Mik‐Meyer 2025a, 2025b).

Second, our findings have implications for the SCT and RCT. 
The SCM understands competence and warmth as relatively 
stable dimensions through which individuals and groups are 
socially evaluated (Cuddy et al. 2008; Fiske et al. 2002), and 
recent extensions of the model have positioned technological 
artifacts mainly as objects of evaluation rather than as forces 
that shape it (Kervyn et al. 2010; McKee et al. 2023). Our 
findings suggest that technology may also operate as a socially 
meaningful evaluative cue that shapes how users are evaluated 
along these same dimensions. GenAI does not appear to enter 
evaluation simply as another target to be rated along the 
competence and warmth dimensions; rather, it may operate as a 
socially meaningful signal that informs how the user is evalu
ated along those same dimensions. For women, this process 
appears to shift competence and warmth in opposite directions 
simultaneously, whereas for men it appears to move compe
tence primarily. This suggests that SCM can be further extended 
by considering how technological artifacts condition evaluations 
differently depending on the gender of the user and the socially 
shared meaning of the task domain. In this sense, our findings 
point to the importance of recognizing the fact that stereotype 
activation is conditional on the alignment among user, task, and 
artifact coding, and that the warmth cost of competence repair 
may become more pronounced with the socially shared 
masculine coding of the field in which adoption takes place. 
Thus, the contribution is not only to show that GenAI may be 
evaluated as a cold‐and‐competent artifact, but also to specify 
how such artifact‐based associations may inform the evaluation 
of those who use it (Aue et al. 2021; Bigman and Gray 2018). 
Our findings also refine RCT: it understands the evaluative 
disadvantage women face in agentic roles as a violation of 
communal expectations (Eagly and Karau 2002; Rudman 1998; 
Rudman and Glick 2001), and this prediction has typically been 
investigated in leadership and selection settings, where the 
violation is enacted through behavior. Our findings suggest that 

this violation may also be triggered by the artifacts a woman 
adopts: in our study, the use of a masculine‐coded technology 
was associated with post hoc patterns consistent with role‐ 
incongruity penalties on the warmth dimension, even when 
the task itself remains the same. At the same time, our findings 
invite a more careful engagement with a tension that recent 
optimistic accounts of GenAI as an equalizer for women in 
academia have not fully addressed (Adewale 2025; Buele and 
Llerena‐Aguirre 2025). From an RCT perspective, the compe
tence gains associated with GenAI may simultaneously activate 
communal violations that generate warmth penalties. Our re
sults are consistent with this reading and add a specification the 
theory had not previously articulated: role incongruity does not 
resolve through technology adoption but may be redistributed 
across the competence and warmth dimensions, and the post 
hoc patterns suggest that the warmth side of this redistribution 
may concentrate in the field where the competence gain is 
largest. In this sense, the double bind described by Jamie
son (1995) does not dissolve when women adopt new tools; it 
migrates with them.

Third, our study contributes to understanding academia as an 
organizational field in which evaluative regimes structure the 
recognition of competence, warmth, and legitimacy. Drawing 
on prior literature, universities are not gender‐neutral merito
cratic arenas but gendered organizations in which apparently 
neutral criteria of value, commitment, and authority reproduce 
gendered hierarchies (Acker 1990; van den Brink and Ben
schop 2012; O'Connor 2020). Within this regime, academic work 
is internally differentiated: research is associated with excel
lence, originality, and intellectual authority, whereas teaching 
and service are associated with availability, care, and relational 
labor—domains that are neither equivalent in prestige nor 
gender‐neutral (Guarino and Borden 2017; Herschberg 
et al. 2018; Järvinen and Mik‐Meyer 2025a, 2025b). Our findings 
show that GenAI use enters this regime as an additional eval
uative signal that is interpreted through, and may amplify, these 
preexisting logics. The post hoc pattern of a compounded 
warmth penalty for women in research, alongside the three‐way 
interaction on competence, suggests that the evaluative conse
quences associated with GenAI use may vary by domain, and 
that such warmth penalties may concentrate where institutional 
rewards are highest. In this sense, academia is not a neutral 
backdrop in which gendered evaluations of GenAI happen to 
occur, but an analytically generative context in which social‐ 
evaluative, stereotypical, and institutional mechanisms unfold 
together to produce gendered evaluative outcomes.

5.2 | Practical Implications

Beyond its theoretical contribution, this study provides practical 
implications for academic leaders seeking to address the 
gendered dynamics of GenAI use. Our study shows that GenAI 
adoption produces both opportunities and penalties, with the 
significant competence interaction and the post hoc warmth 
patterns indicating that these consequences may vary across 
gender and task domains, and that these competence and 
warmth dynamics call for distinct recommendations.

Decades of research show that many of the most common 
organizational interventions, such as diversity training, 
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awareness campaigns, and generic mentoring programs, pro
duce limited and sometimes counterproductive effects (Dobbin 
and Kalev 2013, 2016; Calluso and Devetag 2026). More 
recently, McEwen et al. (2026) have argued that diversity, 
equality, and inclusion initiatives risk becoming “repressive 
equality regimes” that are formally inclusive but functionally 
depoliticizing, using the language of equality without disturbing 
the structures that produce inequality (Calluso and Iaco
pino 2026). Against this backdrop, our findings support two 
specific recommendations for academic leaders.

The first recommendation is related to “where” intervention 
should be addressed. Our results indicate that the gendered 
evaluative consequences of GenAI use are produced at the 
moment of evaluation, not at the moment of adoption: it is 
evaluators who interpret GenAI use through gendered schemas, 
not women's decisions to adopt or disclose that generate the 
evaluative patterns identified in our analyses. This locates the 
appropriate site of intervention in concrete evaluative 
practices—hiring committees, promotion reviews, peer evalua
tion, and student assessment—rather than in policies that target 
users. By contrast, AI‐use disclosure rules, AI literacy cam
paigns for women, or interventions aimed at encouraging 
women's AI adoption are currently among the most visible 
policy responses, reflecting a literature focused on closing 
gender gaps in AI familiarity and use. Gesser‐Edelsburg 
et al. (2024), for instance, find that men report significantly 
higher familiarity with GenAI tools than women (27% vs. 13%), 
even though actual usage rates do not differ; accordingly, the 
authors recommend AI literacy initiatives, mentorship pro
grams, and curriculum integration to bridge this divide. While 
such interventions address an important dimension of the 
gender–AI relationship, they do not address the perceptual 
channel we identify and may even reinforce it by making GenAI 
use a more visible evaluative cue.

The second recommendation is related to “how” intervention 
should be designed. Existing research suggests that in
terventions which constrain evaluators' discretion and create 
accountability for evaluative outcomes are more effective than 
those that seek to change evaluators' attitudes (Castilla 2008; 
Dobbin and Kalev 2016). Applied to our work, this points to 
evaluative architectures that make GenAI use a less salient cue 
and competence judgments more directly tied to substantive 
work, such as prespecified, criterion‐based rubrics in hiring and 
promotion; blinded or partially blinded review where feasible; 
calibration sessions in which evaluators compare judgments and 
surface inconsistencies; and the routine auditing of evaluative 
outcomes disaggregated by gender and task domain. Together, 
these practices reduce the space in which gendered in
terpretations of GenAI use can shape evaluative outcomes.

5.3 | Limitation and Future Research

Although this study provides novel insights into the gendered 
perceptions associated with GenAI use in academia, several 
limitations point to important avenues for future research.

First, the study conceptualizes GenAI primarily as a socially 
meaningful cue of technological adoption, without differenti
ating between specific applications or uses. This focus reflects 

the study's aim to open the social‐evaluative, rather than the 
technical, black box of GenAI by examining how observable 
adoption shapes professional judgments. At the same time, 
different forms of GenAI use—such as writing assistance, data 
analysis, or coding support—may carry distinct professional 
meanings, normative expectations, and ethical implications 
within academic work, and may therefore be evaluated differ
ently by academic audiences (Andersen et al. 2025). Dis
tinguishing among these applications would instead address the 
technical black box and whether specific uses generate different 
evaluations. Future research could further unpack these dis
tinctions to examine how different uses of GenAI are differently 
interpreted and evaluated across academic domains, thereby 
complementing our analysis of the social‐evaluative process 
through which GenAI adoption itself becomes a meaningful cue 
in professional evaluation.

Second, the vignette‐based experimental design enables the 
identification of causal relationships through controlled manip
ulation but necessarily reduces the complexity of real‐world 
contexts in order to isolate the variables of interest (Skilling 
and Stylianides 2020). As such, our study captures evaluative 
perceptions rather than enacted practices. This distinction is 
particularly relevant in academic settings, where the use of 
GenAI is often negotiated, contested, and embedded in local 
norms. Future research could therefore adopt complementary 
methodological approaches—such as qualitative or mixed‐ 
method designs—to explore how these perceptions translate 
into situated practices. Furthermore, our study offers a valuable 
cross‐sectional snapshot of the gendered perceptions surround
ing GenAI in academia, but this emerging technology and the 
discursive frames through which it is understood are evolving 
rapidly. Perception captured at this stage may shift as GenAI use 
become routinized. Replication and longitudinal extensions of 
this study will be important for understanding whether the 
gendered perceptions we identify are fixed features of academic 
culture or artifacts of an early‐stage technological transition.

Third, the socially shared meanings associated with GenAI use 
as an evaluative cue are likely to be shaped by broader cultural 
and institutional contexts. Although the sample includes par
ticipants from multiple countries, it is predominantly drawn 
from Western academic systems, in which dominant techno
logical imaginaries and gendered expectations are deeply 
intertwined (Čičigoj et al. 2025). Given that both technological 
imaginaries and gendered expectations are culturally contingent 
(Calluso et al. 2026), the generalizability of the findings beyond 
these contexts remains an open question. Future research 
should therefore examine how these dynamics unfold across 
different cultural and institutional settings. Furthermore, per
ceptions of GenAI use also intersect with users' social positions 
beyond gender, such as disability, race, career stage, and disci
plinary affiliation, and recent studies suggest that AI technolo
gies are entangled with structures of power and exclusion that 
shape both who is seen as a legitimate user and how their use is 
evaluated (Foley and Melese 2025). Future research should 
examine how these dynamics unfold in non‐Western systems 
and across other social dimensions that interact with gender.

Finally, although teaching and research were operationalized as 
proxies for communal and agentic task domains, these 
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categories inevitably simplify the heterogeneity of academic 
work. Academic labor encompasses a wide range of activities 
that may not neatly align with these distinctions. Future studies 
could develop more fine‐grained operationalizations to better 
capture how different dimensions of academic work intersect 
with gendered evaluations and the socially shared meanings 
attached to technology use.

6 | Conclusions

This study shows that Generative AI (GenAI) adoption in 
academia has gendered effects on perceptions of competence and 
warmth. GenAI use enhances perceived competence for all aca
demics, but women gain most in agentic research tasks, whereas 
men's evaluations are less affected due to existing stereotypes. 
Conversely, GenAI adoption reduces perceived warmth, with 
this penalty appearing to affect women more strongly and to be 
particularly pronounced in research. This pattern is consistent 
with a “double bind” in which women's competence gains may 
come at the expense of relational perceptions.

In conclusion, although GenAI offers opportunities to signal 
expertise, it may also reinforce gendered tradeoffs, underscoring 
the need for institutional and cultural interventions to ensure 
technological proficiency benefits all academics equitably.
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