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Despite the rapid proliferation of Al tools, we know little about how people who use
them are perceived by others. Drawing on theories of attribution and impression man-
agement, we propose that people believe they will be evaluated negatively by others
for using Al tools and that this belief is justified. We examine these predictions in four
preregistered experiments (N = 4,439) and find that people who use Al at work anticipate
and receive negative evaluations regarding their competence and motivation. Further,
we find evidence that these social evaluations affect assessments of job candidates. Our
findings reveal a dilemma for people considering adopting Al tools: Although Al can
enhance productivity, its use carries social costs.

attribution | social evaluation | Al | impression management

A longstanding question in social psychology is how perceivers interpret and explain others’
behavior when there are multiple possible causes (1-4). For example, when someone
accepts assistance completing a task, observers may conclude that this choice reflects
dispositional qualities (e.g., a lack of ability or motivation to complete the task without
help) or situational factors (e.g., receiving assistance is the norm for the task). Attribution
theory posits that observers tend to favor dispositional explanations relative to situational
ones (5, 6), suggesting they may attribute the use of assistance to personal deficits rather
than circumstantial causes. Professional image concerns may therefore motivate people
to avoid appearing dependent on external assistance (7, 8).

The attribution processes that shape evaluations of help-seeking behavior can be fruit-
fully extended to understand the social implications of Al use in today’s workplaces. Al
technologies present a dilemma to the people who use them. On the one hand, Al can
enhance human performance on a variety of tasks (9, 10). People thus have strong incen-
tives to use Al, as it might improve their performance at work. On the other hand, Al
represents a powerful form of assistance. Consequently, using Al may raise doubts about
one’s own abilities and motivation. Consistent with this notion, a recent industry survey
found that apprehension about being perceived as lazy ranks among the top concerns of
people who use AT at work (11). Further, numerous reports suggest that people actively
conceal their Al use in professional settings (12, 13). This apparent tension between Al’s
documented benefits and people’s reluctance to use it raises a critical question: are people
who use Al actually evaluated less favorably than people who receive other forms of assis-
tance at work? Extending theories of attribution, we propose that observers will be likely
to make (negative) dispositional inferences about people who receive help from Al relative
to people who receive other forms of help.

In four preregistered studies, we examine this prediction from the lens of both the help
recipient and observer. In Study 1, we show that people who receive help from Al believe
they will be evaluated as lazier, less competent, and less diligent than people who receive
similar help from non-Al technologies. In Study 2, we demonstrate that this fear is justified:
observers perceive people who get help from Al as lazier, less competent, and less diligent
than people who get help from other sources. Study 3 shows that managers who do not
use Al themselves may act on their negative assumptions of people who use Al in an
incentive-compatible hiring task. Finally, Srudy 4 shows that perceptions of laziness mediate
the relationship between Al use and assessments of poor task fit in a hiring scenario.

Attribution Theory and Emerging Technologies

'The notion that using technologies that reduce the need for effort or ability can cast doubt
on one’s competence and motivation has echoed in debates over new tools for centuries.
For example, Plato’s Phaedrus (370 BC) recounts a question about whether people who
relied on a new invention for learning (writing) would ever develop true wisdom (14).
More recently, educators have questioned how using tools such as calculators would affect
students’ ability to develop mathematics skills, and studies have documented patients’
tendency to assume that physicians who use diagnostic aids are less capable (15, 16).
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Unlike previous tools that simply performed specific operations
or made predictions, Al tools may be perceived as more agentic
because they can learn from experience and operate more auton-
omously (17). Such powerful tools may inzensify doubts related
to the ability and effort of their operators.

Effort and ability have long been among the primary metrics by
which people are evaluated in professional environments (18, 19),
and thus people aim to project these valued qualities to others (7,
20). Assistance of any kind creates attributional ambiguity, raising
impression management concerns for recipients. When a person
receives help to perform a task, observers must determine how much
credit is due to the person versus the assistance (21). In doing so,
they may imagine counterfactual scenarios in which the person did
not receive the assistance and anticipate what outcome might have
occurred (22). This process extends to judgments about effort, where
observers might consider both the actual effort they observed and
counterfactual possibilities about how the outcome might have been
different had the target exerted more effort (23). Receiving help
may thus cast a shadow of doubt over one’s ability and willingness
to exert effort (3, 24). Conscious of this ambiguity, recipients of
help may worry that observers will discount their competence and
motivation and withhold any indication that they received help (8,
25). These social evaluation concerns may be justified, as observers
could interpret the decision to utilize assistance as a signal that the
recipient is not willing or able to perform the task themselves.
Behaviors that are not considered mainstream—or part of the con-
sensus—are especially likely to elicit dispositional attributions (24).
Emerging technologies are, by definition, new, and therefore, their
use is unlikely to be perceived as customary. Extending attribution
theory, we propose that the use of emerging technologies that reduce
the need for effort or ability is especially likely to evoke negative
dispositional inferences about their operators.

The anticipation of these negative perceptions presents a dilemma
to people considering whether to adopt Al: using Al may simulta-
neously enhance their productivity but undermine others’ percep-
tions of their competence and motivation. Although there is a
significant body of work examining how people perceive Al systems
themselves (26), we know little about how evaluators perceive the
people who use them. Understanding whether receiving help from
Al in fact leads to a social evaluation penalty is crucial for antici-
pating and addressing challenges related to the adoption of AL

Results

Study 1. We first examined whether employees would be more
reluctant to disclose the use of an Al tool at work relative to another
(non-Al) tool and how they expected to be perceived for using each
tool. We recruited a sample of 500 online participants and asked
them to imagine that they recently started using either a “generative
Al tool” (Al Tool condition) or a “dashboard creation tool” (Non-Al
700l condition) to perform a task at work. Participants then rated
the likelihood that they would disclose their use of this tool to their
manager and colleagues as well as how they expected to be perceived
by others on four dimensions: laziness, replaceability, competence,
and diligence. Because Al tools may be perceived as more agentic
than non-Al tools (and thus more worthy of receiving credit
for successful task completion), we predicted that Al tool users
would believe others would view them as lazier, more replaceable,
less competent, and less diligent that non-Al tool users. We also
expected that they would be less likely to disclose the use of these
Al tools to managers and colleagues.

We conducted ¢ tests to examine differences between the A7 tool/
and Non-AI Tool conditions for each of the six dependent variables
measured in this study. Fig. 1 depicts the effect sizes (Cohen’s 4) for
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Fig. 1. Effect sizes for differences in expected perceptions and disclosure
to others (Study 1). Note: Positive d values indicate higher values in the Al
Tool condition, while negative d values indicate lower values in the Al Tool
condition. N =497. Error bars represent 95% Cl. Correlations among variables
range from | r |=0.53 to 0.88.

all six # tests. First, we examined whether participants in the A7 700/
condition believed they would be evaluated as lazier and more
replaceable than participants in the Non-Al Tool condition.
Consistent with our hypothesis, participants in the A/ 700/ condi-
tion believed they would be perceived as lazier (M = 3.25, SD =
1.49) than participants in the Non-Al Tool condition (M = 2.72,
SD =1.41), (492.8) = 4.08,95% CI [0.28, 0.79], P < 0.001). They
also reported that they would be perceived as more replaceable in
the A7 Tool condition (M = 3.39, SD = 1.67) than in the Non-Al
Tool condition (M = 2.83, SD = 1.63), #494.3) = 3.84, 95% CI
[0.28, 0.86], P < 0.001).

We next examined how participants believed others would eval-
uate them on the two dimensions of agency we measured in this
study: competence and diligence. Participants reported that they
believed others would judge them as less competent in the A7 700/
condition (M = 4.72, SD = 1.46) than in the Non-AI Tool condition
(M =5.45, SD = 1.22), #(477.5) = 6.00, 95% CI [-0.96, -0.49],
P < 0.001). Similarly, they reported that they expected to be per-
ceived as less diligent in the A7 Too/ condition (M = 4.66, SD = 1.44)
than in the Non-AI Tool condition (M =5.25, SD = 1.28), #487.5)
= 4.86, 95% CI [-0.83, -0.35], P < 0.001). These results support
the notion that people known to use more agentic technologies
believe they may be evaluated as less agentic themselves.

Finally, we examined the two variables related to disclosure.
Participants in the A/ oo/ condition reported that they would be
less likely to disclose the use of the tool to their managers (M = 4.91,
8D = 1.59) than participants in the Non-Al Tool condition (M = 5.25,
SD = 1.55), {494.3) = 2.42, 95% CI [-0.62, -0.06], P = 0.016).
Participants in the A7 700/ condition also reported less willingness
to disclose the use of the tool to colleagues (M = 4.85, SD = 1.58)
than participants in the Non-Al Tool condition (M = 5.17,
SD = 1.57), {494.8) = 2.23, 95% CI [-0.59, -0.04], P = 0.020).
These results are consistent with our prediction that people who use
Al tools may be reluctant to disclose their use to others at work.

Study 2. We next tested whether evaluators assess employees
known to receive help from Al more negatively than people who
receive other forms of help or people who received no help atall.
We recruited 1,215 online participants to complete a study in
which they read a paragraph about an employee and rated how
lazy they perceive the employee to be, as well as how they view
the employee on six dimensions of agency: competent, diligent,
ambitious, independent, self-assured, and dominant (27). The
paragraph presented was randomly selected from 384 unique
stimuli that systematically manipulated gender, occupation,
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Fig. 2. Differences in evaluations for Al help vs. Non-Al help and Al help vs.
Control (Study 2) Note: N = 1,203. Error bars represent 95% Cl. Correlations
among variables range from | r | = 0.05 to 0.76. Positive d values indicate
higher values in the Al Help condition while negative d values indicate lower
values in the Al Help condition.

age, and type of help received at work (Help Conditions: Al
help, Non-AI help, or Control). The support described in the
Help Condition varied based on the occupation. For example,
in the A7 belp condition, a lawyer “sometimes asks generative
Al to summarize information for (him/her).” In the Non-
AI help condition, the lawyer “sometimes asks a paralegal to
summarize information for (him/her).” For each occupation, the
help provided in the A7 help and Non-AI help conditions was
described identically and only the source varied. In the Control
condition, no statement about help was included. Given the
effort-reducing potential of Al, we predicted that observers
would be likely to evaluate people who use Al as lazy relative to
people described as receiving other forms of help or people who
are not described as receiving help.

We conducted ¢ tests to evaluate the differences between assess-
ments of laziness as well as the six measures of agency in the A7 Help,
Non-Al Help, and Control conditions. Fig. 2 displays a summary of
the effect sizes for each dependent variable, with the effect size
(Cohen’s d) for the comparison between Al Help and Non-Al Help
represented by a blue circle and the comparison between A7 Help and
No Help represented by a red triangle. The results revealed negative
evaluations of employees who receive help from Al sources relative
to those who receive help from non-Al sources or no help at all.

Consistent with our preregistered hypothesis, targets described
as receiving help from Al were rated as lazier (M = 2.50, SD =
1.32) than employees described as receiving help from non-Al
sources (M =2.16,SD =1.19, #787.5) = 3.79, P < 0.001) or who
were not described as receiving any help (M = 2.02, SD = 1.10,
#766.9) =5.55, P < 0.001).

We also performed 7 tests on the six measures of agency and found
that targets who received help from Al were also rated as less com-
petent, less diligent, less independent, and less self-assured than
targets who received help from other sources or received no help at
all. The 95% CI indicate that the differences for laziness as well as
four components of agency (competence, diligence, independence,
and self-assuredness) were all significantly different from 0.
Differences for the two remaining dimensions of agency—ambi-
tious and dominant—were not significant. These results suggest
that penalties for Al use arise in perceptions of effort and ability,
but not those related to interpersonal competitiveness.

Testing a broad range of stimuli enabled us to examine whether
the target’s age, gender, or occupation qualifies the effect of receiving
help from Al on these evaluations. We found that none of these target
demographic attributes influences the effect of receiving Al help on
perceptions of laziness, diligence, competence, independence, or
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self-assuredness.® This suggests that the social stigmatization of Al
use is not limited to its use among particular demographic groups.
The result appears to be a general one.

Study 3. Next, we examined whether people act on their beliefs
about people who use Al in a two-stage incentive-compatible
hiring task. In the first stage, we recruited 801 online participants
(job candidates) who completed a short online task in which
they had to count different colored tiles in a grid. After the
task, they reported how often they use generative Al tools. In
the second stage, we recruited 1,718 online participants to serve
as managers. Managers were instructed that they were hiring for
a task that involved describing the content of images and that
they would be compensated based on how well the candidate
they hired actually performed the task. Managers then reviewed
the profile of a single candidate who had actually completed the
task, which corresponded with a candidate who either uses Al
regularly (Daily) or never (None)." Managers then responded to
three items evaluating the employee’s 7ask Fit and made a binary
choice to either Hire the focal employee or instead hire a candidate
randomly drawn from the pool of candidates who had completed
the task. Afterward, they reported their own Al use.

We first tested the effects of manager Al use, candidate Al use,
and their interaction on managers’ evaluation of the candidate’s Zask
Fit using a linear regression model (57 Appendix, Table $5)%. On
average, manager participants rated candidates who regularly use Al
and candidates who never use Al as similarly fit for the task
(P =0.516). However, the effect of candidate Al use on Zask Fit was
dependent on the manager participant’s own Al use (b = 0.06, SE
=0.01, #(1664) = 7.08, P < 0.001). Compared to those who use Al
less frequently, manager participants who use Al more frequently
tended to rate the candidate who uses Al daily as more fit for the task.

The results for the hiring decision were consistent with this pat-
tern. The tendency to hire candidates in each condition depended
on the manager participants own Al use, as revealed by the inter-
action term in the logistic regression model shown in S/ Appendix,
Table S2 (b = 0.15, SE = 0.03, z = 5.80, P < 0.001). The model
reveals that manager participants who use Al less frequently them-
selves favored the candidate that does not use Al at all, whereas
manager participants who use Al more frequently favored the can-
didate that uses Al daily. Fig. 3 depicts these interactive effects.

One potential explanation for this finding is that people who
use Al frequently are aware of the productivity gains it can afford
and therefore expect that the candidates who use Al had an advan-
tage completing the task. Because the description of the task did
not explicitly state whether Al could be used, it is possible that
high AT users inferred that Al could be used and the candidate
who uses Al would perform well at the task. A second potential
explanation is that dispositional inferences about Al users vary
based on one’s own Al use, and thus non-Al users may be more
likely to penalize Al users in hiring decisions. We aim to shed light
on both of these potential explanations in Study 4.

Study 4. In our final study, we examined whether perceptions
of laziness mediate the relationship between candidate Al use
and candidate outcomes. We also examined whether the social
evaluation penalty could be offset if Al is clearly described as
useful for the task for which the candidate is being considered.

“The t test results and models examining interactions for all measures of agency are pro-
vided in the S/ Appendix.

There were no differences in task performance based on candidate Al use (S/ Appendix,
Table S4).

¥In the model, Candidate Uses Al Daily was coded as 1, Candidate Never Uses Al was coded
as -1, and manager participants’ Al use was mean-centered.
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Fig. 3. The interactive effect of Candidate Al use (None vs. Daily) and Participant Al use on task fit and decision to hire candidate (Study 3) Note: N = 1,667.
Panel A plots the model-predicted ratings for Task Fit (1-7 scale). Panel B plots the model-predicted probability that participants Hired the Candidate (1 = yes,
0 =no). Shaded regions represent 95% Cl. Participant Al use frequency categories range from 1 (Never) to 10 (Multiple times per day). The histogram displays

the number of participants in each Participant Al Use Frequency category.

To test these predictions, we recruited 1,006 online participants
to complete a study in which they imagined they were hiring a
gig worker for a task. They then read about a worker who either
uses generative Al tools regularly at work (A7 700/ condition) or
a worker who regularly uses Microsoft Office programs at work
(Non-Al Tool condition) and rated how lazy they perceive this
worker to be. Next, they read that the task for which they were
hiring was either a manual task (Manual Task condition: writing
handwritten notes) or a digital task for which Al could be used
(Digital Task condition: writing personal email messages). After
completing the study, participants reported the frequency of their
own Al use on a 1-5 scale. We predicted that candidates who use
Al would be evaluated as lazier and that this social penalty would
explain differences in perceptions of 7ask Fit and lower rates of
Hiring. We also predicted that the relationship between Al use
and these outcomes would be moderated by Al’s utility for the
task. Specifically, Al users would no longer be perceived as a poor
fit for a task compared to non-Al users when using Al is possible
and beneficial on the task.

‘We examined the effects of the 700/ condition, Zask condition,
and their interaction on evaluations of Zask Fit. A two-way ANOVA
revealed significant main effects of both 700/ condition (#(1, 998) =
7.43, P=0.007) and 7Zask condition [F(1,998) = 256.28, P < 0.001],
as well as a significant interaction between these variables [/(1, 998)
=24.68, P<0.001]. For manual tasks, candidates using traditional
tools were rated as having significantly higher task fit (M = 4.75,
SD = 1.14) than those using Al tools (M = 4.18, SD = 1.50; #998)
=5.44, P <0.001). However, for digital tasks, there was no signifi-
cant difference in task fit ratings between candidates using traditional
tools (M = 5.58, SD = 0.98) and those using Al tools (M = 5.75,
SD = 1.05; £998) = 1.59, P = 0.112).

To identify whether Laziness Perceptions mediated the effect of
100l condition on Zask Fit, we conducted a mediation analysis using
the PROCESS Macro (Model 15, 5,000 bootstrapped resamples,
(28)).5 This analysis revealed that candidates using Al tools were
perceived as lazier than those using traditional tools (2 = 0.47, SE
=0.07, P<0.001), and increased perceptions of laziness were asso-
ciated with lower 7Zask Fit evaluations. However, the effect of

®In our preregistration, we reported that the primary test of our hypotheses would be a
mediation model with only the ¢ path moderated by task (PROCESS, Model 5) but that, for
exploratory purposes, we would separately examine task as a moderator of the b path
(PROCESS, Model 15). We report the preregistered analysis in the S/ Appendlix, Fig. S3.

https://doi.org/10.1073/pnas.2426766122

Laziness Perceptions on Task Fir was moderated by Zask, with a
stronger negative effect for digital tasks (4 = -0.43, SE = 0.05, P <
0.001) compared to manual tasks (= -0.21, SE = 0.05, P< 0.001).
Nonetheless, the indirect effect of 700/ on task fit through Laziness
Perceptions was significant for both Zisk types.® After accounting
for this mediating effect of perceived laziness, the direct effect of
tool choice on task fit depended on task type. For the manual task,
using Al tools had a negative direct effect on Zask Fir (¢’ = -0.49,
SE = 0.10, P < 0.001). In contrast, for the digital task, using Al
tools had a significant positive direct effect on Task Fit (¢ = 0.39,
SE = 0.10, P < 0.001). Taken together, these results show that Al
users are perceived as lazier, which in turn is associated with lower
judgments of task fit. However, this penalty was entirely offset for
the Digital task for which Al was described as useful.

In light of our findings in Study 3 that participants’ personal Al
use shapes how they perceive Al users, we examined a separate
mediation model testing whether the association between 700/ con-
dition and Laziness Perceptions was weaker for participants who
reported higher levels of AT use [PROCESS Model 28, 5,000 boot-
strapped resamples, (28)]. We found that the effect of candidate Al
use on perceptions of laziness was moderated by the participants
personal Al use, such that participants who used Al more frequently
were less likely to perceive the candidate who uses Al as lazy (Personal
Al Use x Tool: b =-0.23, P< 0.001). To further probe this relation-
ship, we separately analyzed Laziness Perceptions by Toolwithin each
of the five levels of self-reported Al frequency (1 = has never used
Al 2 = tried Al once or twice, 3 = occasional use of Al, 4 = weekly
use of Al 5 = daily use of Al). At low to moderate levels of personal
Al use (1-3 on the scale), the candidate who used Al tools was
perceived as significantly lazier than the candidate who used non-Al
tools (87 Appendix, Fig. S2). However, this difference was not sig-
nificant for participants with high levels of AT use (weekly or daily).
Fig. 4 depicts this moderated mediation model for Manual Tasks
(Panel A) and Digizal Tasks (Panel B), with one a path coefficient
corresponding to Low/Moderate Personal AI Use (less than weekly)
and a second « path coeflicient corresponding to High Personal AT
Use (weekly or more frequently).

We examined the same set of mediation models for the binary
Hiring dependent variable. Directionally, all relationships were

The index of moderated mediation was significant (Index: —0.10, SE = 0.04, 95% CI [-0.19,
-0.03]), indicating that the indirect effect was stronger for digital tasks compared to manual
tasks.
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Fig. 4. Perceptions of laziness as a mediator between candidate tool use
and task fit (Study 4) Note: N = 1,002. Coefficients are unstandardized. Panel
(A) depicts the mediating effect of Laziness perceptions on the relationship
between Tool and Task Fit for the manual task. Panel (B) depicts the mediating
effect of Laziness perceptions on the relationship between Tool and Task
Fit for the digital task. High Al Use refers to participants who use Al at least
weekly. Low/Moderate Al Use refers to participants who do not use Al or who
use Al less than weekly.

consistent with those we found for 7ask Fit; however, the interac-
tion between 700/ and Participant Al use did not quite reach statis-
tical significance (P = 0.103). These models are reported in
SI Appendix.

Opverall, our findings suggest that the consequences of Al use
for assessments of task fit are contingent on the evaluators’ own
use of Al tools and the task itself. Evaluators who do not use
Al regularly (less than weekly) evaluate candidates who do use
Al as lazy, and this translates to lower perceptions of task fit.
However, this social penalty can be offset for tasks for which Al
is clearly useful. When Al is described as being useful for the
task, candidates who use Al are perceived as having higher 7ask
Fit. However, when Al is not useful for the task, candidates who
use Al experience a Task Fit penalty relative to those who use
non-Al tools.

Discussion

The experiments reported in this research support our core pre-
diction that individuals expect and receive a social evaluation
penalty for receiving assistance from Al. Study 1 demonstrated
that people believe others will perceive them negatively if they
are known to receive help from Al, and Szudy 2 provided evi-
dence that their hesitation to reveal Al use is well founded:
evaluators tend to assess people who get help from Al as lazier,
less competent, and less diligent than people who get help from
other sources or who get no help at all. Study 3 showed that
people who are not Al users themselves may act on their biases
against employees who use Al by hiring them at a lower rate
than employees who do not use Al. Finally, Study 4 revealed
that the relationship between Al use and job assessment out-
comes is mediated by perceptions of laziness. It also provided
evidence of two contingencies. The association between Al use
and laziness perceptions is dependent upon the evaluators’ own
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Al use, and perceptions of laziness can be offset for tasks in
which Al is clearly useful.

Implications. This work demonstrated that the use of productivity-
enhancing tools can, paradoxically, erode social evaluations of
their operators’ competence and motivation. The implications
of this work are relevant to at least three ongoing conversations
in the psychology and organizational literatures. First, this work
extends attribution theory by demonstrating how the source of
assistance—not just its presence—shapes dispositional inferences
about people who receive help. While prior work shows that
receiving help can raise question about ability and motivation
(8, 29), we demonstrate that agentic technologies like Al evoke
strong dispositional attributions compared to more conventional
forms of assistance. Our research examines people’s beliefs about
how they expect to be perceived for using help from different
forms of technology and how others’ evaluations are influenced by
the type of help received. Our findings suggest that attribution
processes are sensitive not only to whether help is received but also
to observers’ familiarity with and beliefs about the help source. This
insight helps explain why people who achieve productivity gains
through Al might paradoxically be perceived as less competent
or motivated.

Second, this work offers insight into challenges surrounding Al
adoption. Given the potential for Al use to enhance outcomes
such as task performance (9), creativity (10), and decision-making
(30), scholars have devoted considerable effort to understanding
why people are reluctant to use it. This line of inquiry has largely
focused on how potential Al users perceive the technology itself
(e.g., 31-33), however, it has not explored the social evaluation
consequences of Al use. This is an important oversight because
people care about how their actions will be perceived by others
(7): people may choose not to use Al—or not to disclose their use
of AI—if they expect to incur a social penalty. We propose that
this social evaluation penalty is an overlooked barrier to Al
adoption.

Finally, this research enriches our understanding of how people
evaluate unfamiliar technologies in organizational settings (34).
Prior work suggests that people are especially likely to underesti-
mate the impact of technologies that threaten the status quo (35).
Our findings extend this literature by demonstrating that such
skepticism extends beyond the technologies themselves to judg-
ments about their users.

Limitations and Future Directions. Several limitations of this
research warrant discussion. First, although our studies examined
both anticipated and actual evaluations of Al tool use across
different workplace contexts, all of our data were collected through
experimental paradigms using online convenience samples. This
approach afforded us tight control over variables of interest, but
future research is necessary to demonstrate whether our findings
generalize to social evaluations, task assignments, and performance
assessments in established organizations.

Second, the operationalization of Al tools throughout our stud-
ies was intentionally general to capture broad perceptions.
However, this approach may not have fully captured the nuanced
ways in which people evaluate use of different types of Al systems
in real-world contexts. For example, perceptions of people who
use Al may depend on whether the tool augments existing work
processes or automates entire tasks. Similarly, people may be less
inclined to evaluate those who use Al negatively when the Al
system is embedded within a more familiar technology (for exam-
ple, an Al-enabled editing tool included in a word processor) (36).
Although our stimuli in Study 2 examined Al use across a wide
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range of organizational contexts and tasks, future research could
systematically examine how the type of support Al provides shapes
social evaluations of its users.

Finally, our studies were conducted during a period of rapid evo-
lution in workplace Al capabilities and adoption (March 2024 to
February 2025) (37). Perceptions of technology tend to be influ-
enced by its age (35), and thus the social evaluation penalties we
documented are likely to shift as Al tools become more common-
place and organizational norms around their use continue to
develop. In a supplementary study (reported in SI Appendix, Fig. S1),
we found no differences in expected or actual social penalties when
Al use was described as rare (i.c., only one person uses it) or common
(i.e., many colleagues also use it). Yet, the interaction effects we
observed between evaluators’ own Al use and their willingness to
hire others who use Al in Study 3 and perceptions of others’ laziness
in Study 4 may foreshadow that the stigma we document may nat-
urally decrease as more people gain direct experience with Al tools.

Conclusion

This work provides experimental evidence that people incur a
social evaluation penalty for using Al tools at work. This generates
a dilemma for employees: The productivity gains they can achieve
with Al tools carry a social cost.

Materials and Methods

For each study, all data, analysis code, and study materials and preregistrations
are accessible on the Open Science Framework (OSF) (38) https://tinyurl.com/
yvrvsfvw. All studies were preregistered and approved by the Institutional Review
Board at Duke University. Al participants provided informed consent.

study 1. We recruited 500 participants on the participant platform Prolific to com-
plete this study.” We excluded three participants from our analysis based on our
preregistered exclusion criteria, which stated that we would only analyze obser-
vations from participants who spent at least 30 s on the study and who did not
provide identical responses to every rating item. Our final sample thus included
497 participants (Mg, = 37.7, 50% male). Nearly all participants (97%) held at
least a bachelor's degree or higher. Participants were paid $0.60 for their time.

Participants were asked to imagine that they worked in the operations depart-
ment of a company. Participants read that part of their duties as operations spe-
cialists included creating reports for customers, which was a manual process
that required customizing each report and the information presented for each
customer. Next, participants read that they had recently found a tool that could
help them generate the reports much faster. Participants were randomly assigned
to read that the tool was a generative Al tool (A/ Too/ condition) or a "dashboard
creation tool” (Non-Al Tool condition). In both conditions, participants read that
there were no rules prohibiting the use of this tool in their workplace and that
they still ensure that the reports are accurate and meet quality standards.

After reading about the scenario, participants provided ratings on three items
indicating whether they would disclose the use of this tool to their managers
(o= 0.91)and an additional three items indicating whether they would disclose
the use of this tool to their colleagues (o« = 0.93). Next, participants were asked
to rate how they believed others would view them on two dimensions of agency
(27), competence (o = 0.96), and diligence (a = 0.93), as well as whether they
believed others would perceive them as lazy (o = 0.92) and replaceable (o = 0.95).

study 2. We recruited 1,215 participants from the Cloud Research Connect
participant platform to complete this study. We excluded 12 participants based
on our preregistered exclusion criteria, which stated participants who provided
identical ratings to every scale item would be excluded. Ourfinal sample was thus
1,203 (M, = 39.1,59% male). Most participants (69%) held at least a bachelor's
degree. Participants were paid $0.75 for their time.

Participants read a paragraph describing an employee and were informed
that they would be asked to answer several questions about their impressions

*We replicated the results of Study 1 on Pollfish, a market research platform. The effect
sizes for this replication study were similar and are reported in the S/ Appendix, Table S1.
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of the employee. The paragraph presented was randomly selected from 384
unique stimuli that systematically manipulated several attributes: gender(male
or female), occupation (lawyer, accountant, financial analyst, human resources,
sales, software engineer, teacher, or consultant), age (25, 30, 35, 40, 45, 50, 55,
or 60), and type of help received at work (Help Conditions: Al help, Non-Al help,
or Control). The specific support described in the Help Condition varied based on
the occupation. The full text of each of the stimuli is provided on our OSF site.
On the next screen, participants were asked to rate the extent to which they
agree or disagree that several adjectives accurately describe the target employee.
The employee's description was repeated on this page for reference. Participants
completed scales rating the target's laziness (o = 0.95), as well as six dimensions
of agency (27): competent (o = 0.90), diligent (o = 0.90), ambitious (e = 0.81),
independent (o = 0.92), self-assured (o = 0.89), and dominant (o = 0.93).

study 3. We collected data for this study from two separate participant pools:
the candidate pool and the manager pool. First, we recruited 801 candidate par-
ticipants from the Cloud Research Connect platform to complete a task. These
participants comprise the candidate pool, some of whom would ultimately be
presented to the manager participants as stimuli in the candidate hiring task. We
attempted to constrain the variation in the employee participants’ demographics
by recruiting only participants aged between 30 and 45 who held at least a bach-
elor's degree. The purpose for these restrictions was so that we could embed the
information aboutAl use presented to the manager participants alongside other
characteristics that were accurate but consistent across candidates. The candidate
participants were paid $0.40 for completing the task and a bonus of up to $0.10
for performance on the task.

Second, we recruited 1,718 manager participants (M, = 38.5, 54% female).
Most participants (62.4%) held at least a bachelor's degree. We excluded 50
participants based on our preregistered exclusion criteria, which required that
participants pass a comprehension check and spend at least 45 s completing the
study. Our final sample of manager participants was thus 1,668.

Candidate participants began by reading a set of instructions for a task referred
to as the "tile counting” task. For this task, candidate participants were asked
to review 10 x 10 grids that contained a mixture of green, red, and gray tiles.
They were then asked to rank the colors based on the frequency with which they
appeared in the grid. The task was designed to rely primarily on effort rather than
ability. Candidate participants were informed they could review up to 10 images
total and that they would have 90 s to review as many of the grids as they could.
We also informed them that they could receive a bonus of up to $0.10 for accuracy.
When candidate participants advanced to the page following the instructions, a
90 s countdown timer started automatically and was displayed at the top of the
page. When the timerfinished, the screen automatically advanced to the next page,
which contained demographic questions and a question about Al use. Specifically,
we asked them how often they use Al tools (such as ChatGPT, Claude, and Gemini).

Several days later, we recruited manager participants to complete the study.
Manager participants were informed that they would be in the role of manager for
this study and that their task would be to hire a candidate to perform a particular
task. They then read that the task for which they were hiring requires the candidate
to carefully examine 10 images and make judgments about their content and
thatthe accuracy of those judgments would then be evaluated based on objective
criteria. To ensure incentive compatibility, we informed manager participants
that all candidates had already completed the task and that they as managers
would be eligible to eam a bonus of up to $0.25 based on how the candidate
they selected actually performed on the task.

Manager participants read that they would be presented with a single
candidate from the pool of potential employees and that they would have
the option of hiring this candidate to complete the task or hiring a randomly
selected candidate from the remaining candidate pool. The purpose of this
binary choice was so that participants could be compensated based on the
actual performance of one candidate. Manager participants reviewed five data
points for the candidate presented, three of which were held constant across
all stimuli: age range (30 to 45), highest level of education (bachelor's degree
or higher), and employment status (full-time, part-time, or business owner).
We varied two characteristics of the candidate: gender (male or female) and

IIThere was a typo (an incorrect pronoun) in 40 of the 384 stimuli. This error occurred in
both the Al Help and Non-Al Help conditions, and we confirmed that our conclusions are
identical if we exclude all of the data collected with each of these stimuli.
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generative Al use (e.g., ChatGPT) (Daily or None). We used a random number
generator within the survey platform (Qualtrics) to match each manager par-
ticipant with a real candidate that corresponded with the candidate profile that
was displayed to them.

After reviewing the candidate’s information, manager participants evaluated
the candidate’s Task Fit using a three-item scale (o« = 0.90) and indicated their
choice to hire the candidate they reviewed for the task or to hire a randomly
selected candidate from the remaining candidate pool for the task. After mak-
ing their selection decision, participants reported their own Al use frequency
(ona1to 10 scale) and supplied demographic information. After the study,
we awarded bonuses of up to $0.25 based on how the worker the manager
participant hired performed on the task. Manager participants who opted to
hire the candidate whose information they reviewed were paid based on the
performance of the candidate they had been matched to, and we matched
manager participants who chose to hire a random candidate to a random can-
didate from the remaining pool.

study 4. We recruited 1,006 participants from the Cloud Research Connect par-
ticipant platform to complete this study (M,g, = 43.2, 57% female). Nearly all
participants in the sample (98.6%) held at least a bachelor's degree. We excluded
3 participants based on our preregistered exclusion criteria, which stated we
would exclude participants that provided identical ratings to every scale item. We
also excluded 1 additional participant who skipped the three items measuring
task fit. Our final sample was thus 1,002. Participants were compensated $0.60
for their time.

Participants were asked to imagine working at a nonprofit organization that
was hiring a "gig worker” for a short-term task. They read a paragraph describing
a candidate named Mike, a customer support representative applying for the
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position. Participants were randomly assigned to either the Al Too/ condition,
where Mike was described as frequently using Al tools to organize information,
prepare reports, and develop customer training guides, or the Traditional Tool
condition, where he used Microsoft Word and PowerPoint for these same tasks. In
both conditions, Mike was described as available to start as soon as that weekend.
After reading about the candidate, participants rated how lazy they perceived
him to be using four items (o = 0.94). We measured perceived laziness before
introducing the specific task details to capture participants’ general impressions
of the candidate independent of the task requirements.

On the next page, participants read more detail about task. The text explained
that the nonprofit was hiring a temporary worker to help write personal thank
you messages to 750 donors. Participants were randomly assigned to read
that this was a Manual Task or a Digital Task. In the Manual Task condition, the
task was described as writing 750 handwritten notes and mailing them to the
donors home addresses. In the Digital Task condition, the task was described as
writing 750 personal email messages. To ensure it was clear that Al tools would
be useful for the digital task and available to the worker, we added the following
statement to the end of the description: "Generative Al tools might be useful
for this task, and the worker is welcome to use them.” The worker candidate’s
description was then repeated on this page for reference. Participants then
responded to three items measuring the candidate’s Task Fit (o = 0.92) and
make a yes-or-no recommendation as to whether the organization should Hire
the candidate for the task.

Data, Materials, and Software Availability. Data for these experimental studies
have been deposited in OSF (https://osf.io/beun6/) (38).
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