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1 Introduction

ChatGPT was released on November 30, 2022, and OpenAI claimed 100 million users by

January 2023. While generative AI had existed previously, ChatGPT provided an accessible

platform where individuals could ask questions conversationally. Survey research consis-

tently shows that AI use among college students is now widespread (e.g., Gallup and Lumina

Foundation (2026)). Within higher education there has been considerable handwringing

about what that use means for academic integrity (e.g., McMurtrie (2025), McIvor (2026),

Whitford (2026), Vance (2026)). Institutions are responding by considering a return to

standardized admissions tests (University of California), requiring proctored exams (Prince-

ton) (Belkin, 2026b), and banning technology from core courses (University of Chicago).

Stories of student misuse of generative AI have begun to reach the popular press (e.g.,

Whitford (2026), Belkin (2026a), Belkin (2026b), Svrluga (2026), Gioino (2026)). What

remains unclear is how employers, who ultimately price a college degree, view student AI

use. Employers adopting AI in their own workplaces may value graduates who arrive with

AI experience. Alternatively, if employers grow to believe that students used AI in place of

their own skills and effort, the credentials colleges award could lose value. These questions

are now pressing: the first cohort of students who had access to generative AI for most of

their college careers entered the labor market in Spring 2026.

This paper combines a survey of U.S. professionals with hiring responsibilities with

an information experiment about student AI use to provide early answers to four questions.

First, how concerned are employers about whether AI use makes it more difficult to identify

high-quality job applicants? Second, how are hiring outcomes (interview likelihood, salary

negotiations) different if employers believe that student AI use is a complement versus a

substitute for student ability and effort? Third, do these effects differ by the applicant’s

GPA, race, and sex? Finally, what information would employers want from applicants to

ease their concerns about the academic ability of recent college graduates?

Existing research offers reasonable, and often competing, predictions for these ques-
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tions. Much of the growing economics literature on AI focuses on productivity and labor

demand. Workers report that AI has improved their productivity (Bick et al., 2025) while

also raising concerns about AI-related job loss (Hartley et al., 2024). Evidence suggests

that AI assistance increased productivity for customer support agents (Brynjolfsson et al.,

2025b) and software developers (Cui et al., ahead of print), with the largest gains found in

less-experienced workers. In a randomized trial of patent attorneys, Autor et al. (2026) find

that AI use increased average productivity but these gains in productivity only carried over

to higher offline (no use of AI) productivity for senior attorneys. Evidence generally sup-

ports the idea that AI is reorganizing tasks at work (Dillon et al., 2025; Hampole et al., 2025;

Humlum and Vestergaard, 2026; Freund and Mann, 2026; Alekseeva et al., ahead of print);

evidence on employment and wages is less clear (see Alekseeva et al. (2021), Webb (2025),

Hartley et al. (2024), Humlum and Vestergaard (2026), Teutloff et al. (2025), Johnston and

Makridis (2026), Chen and Wang (2026)).1 Part of the disagreement in this literature re-

flects the fact that AI complements some occupations and tasks while replacing others (see

Autor and Thompson (2025), Althoff and Reichardt (2026)). Taken together, this literature

suggests one plausible prediction for our setting: if AI is a productivity tool that employers

are actively adopting and there is rising demand for AI skills (Alekseeva et al., 2021), then

employers might reward applicants when reminded that students use AI, treating that use

as preparation for the modern workplace. Evidence on this point is thin; Danilov et al.

(2026) find that listing advanced AI skills on a resume has no average effect on callbacks,

with positive effects only for some positions.2

A related literature investigates the ways in which automation and generative AI

influence the hiring process; this literature is arguably closer to the purpose of this study.

The general focus has been on how applicants may use AI to help them prepare application

materials and the subsequent effects that has on hiring. Cui et al. (2025) find that a newly-
1A related set of papers measures occupation or industry AI-exposure based on job tasks. See, for

example, Felten et al. (2021), Eloundou et al. (2024), Hampole et al. (2025), Massenkoff and McCrory
(2026), and Verschuere and Cameron (2026).

2One additional note of caution: extant research is a mix of studies using older automation technologies
that predate ChatGPT and similar platforms, as well as studies using newer generative AI tools.
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deployed AI cover-letter tool on an online job-posting platform improved alignment with

job descriptions and raised callbacks, but weakened the link between cover-letter alignment

and callbacks. In other words, the signal value of cover letter “quality” appears to have

decreased as a result of AI-written cover letters. Galdin and Silbert (2025) similarly find

employers highly valued customized applications before generative AI but not after, and

Cowgill et al. (ahead of print) show experimentally that AI-written cover letters and emails

sent to potential employers compress the signal gap between high- and low-quality applicants.

Wiles et al. (2025), in contrast, find that algorithmic writing assistance on resumes increases

hiring and wages; this potential contradiction may not be a result of changes to signal value,

but rather as a result of resumes becoming easier to read.

The focus of this study is an extension of this literature, moving away from applica-

tion materials to investigate how AI use (or perceptions of AI use in college) affects hiring

decisions. If AI use lowers the cost of producing good grades, it may undermine the logic

that high GPA signals high ability. Widespread AI misuse in college would then reduce the

signal value of a college degree. In a similar vein to previous work which found AI use in

producing application materials weaken the value of cover letters, research can apply the

use of AI to the entire college career - this would include not only academic performance

but also major choice. AI use in this setting could effectively reduce the cost of effort (and

thereby substitute for skills) such that there is no longer a separating equilibrium between

high and low performers. The cost of reduced signal value from college credentials may fall

hardest on new graduates, who have little work history to offset a weaker credential (e.g.,

Pallais (2014)); this would be consistent with evidence that AI adoption is particularly af-

fecting employment of less-experienced workers (e.g., Brynjolfsson et al. (2025a), Maasoum

and Lichtinger (2025), Teeselink (2025)).3

Signaling theory would further suggest that different groups may be differentially

impacted by reduced college credential signal values. Models of statistical discrimination
3There is also evidence that AI adoption is decreasing labor demand especially for jobs held by those

with college degrees (Liu et al., 2025), consistent with the task-based substitution found in other papers.
Similarly, Orr et al. (2026) find that majors most exposed to AI saw decreases in employment and earnings
- relative to less-exposed majors - after the introduction of ChatGPT.
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imply that when individual productivity signals become noisier, employers place more weight

on group-level priors. A well-developed literature using resume audit studies document that

Black applicants receive fewer callbacks than otherwise identical white applicants (Bertrand

and Mullainathan, 2004; Kline et al., 2022; Quillian et al., 2017). Given these two literatures,

one would expect that if AI makes college credentials or GPA less informative, employers

would lean more heavily on race and sex, and existing racial and gender gaps in hiring

outcomes would widen. Moreover, because AI exposure varies sharply across industries

(e.g., Felten et al. (2021), Massenkoff and McCrory (2026)), one might expect the strongest

responses from employers in the most AI-exposed industries.

The final question this study focuses on concerns what employers would turn to instead

of college credentials or GPA when making hiring decisions. When the value of one credential

falls, employers might reasonably substitute toward others they already use: institutional

selectivity and prestige, which audit studies show employers reward (Gaddis, 2015; Deming

et al., 2016), or newer credentials such as online microcredentials, which have become a

popular way for job seekers to signal up-to-date skills, including AI skills.

Whether student AI use is complementary to learning or substitutes for effort and

skill formation is an active question in education research, but less so in other literatures.

For example, a meta review by Alubthane (2026) suggests that undirected student AI use

reduces higher-order cognition while directed use enhances it in some cases. A randomized

control trial in economics has found that students may benefit from using AI to augment

their learning while those who use it to automate their work do not see longer term learning

gains (Contractor and Reyes, 2026). If institutions can figure out how to harness AI to

improve student learning while simultaneously limiting misuse then the eventual equilibrium

for employer responses may be more similar to the responses from our experimental framing

that suggests student AI use increases student productivity. If institutions cannot do this,

then employer responses may be more similar to the results of our experimental framing

suggesting that student AI use is a substitute for effort or skill formation. Resolving that

question is beyond the scope of this paper. Instead, our experiment is designed to show how
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employers respond under either belief.

In May and June 2026, we surveyed approximately 1,750 U.S. professionals with hir-

ing responsibilities recruited through Prolific. After collecting baseline measures - including

respondents’ concerns about identifying high-quality applicants - we randomly assigned re-

spondents to a control group or to one of the two treatment framings. All respondents then

evaluated two otherwise similar resumes of recent college graduates, one with a high GPA

and one with a low GPA, with applicant race and sex signaled through randomly assigned

names. Prior to reviewing the resumes, the control group received only instructions. The

mild framing group read a vignette acknowledging that some students misuse AI but that

many use it responsibly and productively to improve performance. The strong framing group

read a vignette emphasizing that AI can substitute for student effort and ability. Respon-

dents then viewed each resume and rated how likely they were to interview each applicant

and their willingness to negotiate a starting salary for each applicant. After evaluating the

resumes, respondents rated what information would ease their concerns about applicants’

academic ability.

Results suggest that most respondents at the time of the survey were not particularly

worried that AI made it more difficult to identify high-quality applicants. While a minority

of respondents were very concerned, this may be because they have seen some of the popular

press articles - alternatively, it may be a reflection of their own experiences hiring recent

college graduates. The results of our information experiment for this minority of responses

are suggestive of employer responses if worry over student AI use becomes more widespread.

While literature may suggest that employers would reward AI familiarity, the mild

framing produced no significant premium. Results from fixed effects models show no signif-

icant evidence that the mild AI framing decreased how high GPA resumes were evaluated.

The strong AI framing sharply decreased respondent willingness to interview and negotiate

salary, especially for high GPA applicants. This is consistent with employers discounting

grades that may have been earned with AI, and complements evidence that generative AI

weakens the signal value of application materials. Contrary to what signaling theory would
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suggest, we find no systematic differences in these effects across applicant race and sex.

There is a possible exception for white female applicants, who appear to avoid penalty. In

additional specifications, we show that this result is driven by two specific industries and

that removing respondents employed in these industries produces similar negative effects of

the strong AI framing for all sub-groups of high GPA applicants. The lack of differential

effect by race and sex may be due to respondent beliefs about differential AI use across these

same groups. Chirikov et al. (2026) show variation in AI-based student cheating across aca-

demic disciplines, with lower use among female and minority students - though it is not

clear that employers would be aware of these differences.

Finally, when asked what would ease their concerns about hiring newly-graduated

job applicants, respondents in both framing groups were generally more positive about

alternative in-person methods of validating applicant quality than the control group. Other

signals of applicant quality, which previous research suggests improves hiring outcomes, were

not viewed as particularly favorable by respondents in either AI framing group.

These findings carry serious implications for colleges and universities. If employers

come to believe that AI substitutes for student effort and ability, our results suggest they will

discount the credentials which institutions award. Interestingly, some of the same patterns

around framing that we note among high GPA applicants can also be seen for the low

GPA applicants, particularly for salary negotiation. The low GPA applicants are clearly

less favored compared to the high GPA applicants, but our results suggest that both groups

would be hurt if employers come to view student AI use as replacing student effort or ability.

Institutions need to find ways to certify that students can and did do the work themselves.

Their ability to do so may vary with sector, size and institutional resources.

This paper contributes to existing literatures in three ways. We extend research

on AI and labor market signaling from application materials to the educational credential

itself. We add to the resume audit literature by capturing a post-interview margin (salary

negotiation) and by testing whether AI-induced signal noise widens known racial and gender

gaps. Most pressingly, we provide some of the first evidence on how employers are likely to
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respond to the first cohort of AI-era graduates, at a moment when employer beliefs are still

developing. The remainder of the paper proceeds as follows. Section 2 describes the survey,

vignettes, and resumes. Section 3 presents results including a manipulation check, hiring

outcomes, and potential solutions. Section 4 concludes.

2 Methodology

2.1 Respondent pool

We constructed a survey which was administered via Prolific, an online platform for sur-

vey research. Prolific inverts the typical survey recruitment process: instead of researchers

creating surveys then using a sampling strategy to identify and recruit participants, the Pro-

lific platform maintains a standing pool of people who are interested in completing surveys,

from which researchers can target appropriate individuals for their survey. Participants are

compensated for their time, at rates which vary across studies, but they are free to choose

whether or not to participate in any particular survey available to them. Considerable re-

search has found that the quality of responses and participation is higher than alternative

platforms, such as Amazon’s MTurk (Peer et al., 2022; Douglas et al., 2023; Exley et al.,

2026). The deliberately complex sign up process - including a video facial scan and gov-

ernment ID check - limits participation by AI bots and Prolific has implemented tools to

prevent use of AI in responses.

One advantage of the Prolific platform is that participants answer a wide range of

questions during enrollment that can then be used by researchers to target specific responder

characteristics. We restricted the sample by using the following criteria: they reside in the

United States, they are employed full-time, they work in the for-profit sector, they have

worked for their current employer for at least 1 year, and they have “hiring” as part of their

decision-making responsibilities.4 Every Prolific participant meeting all of these criteria
4As required by the platform, we also screened for willingness to participate in studies involving deception

given that we did not initially disclose that our resumes were constructed. Note that participants are told
that they matched the screening criteria but are not told what those criteria are so they were not aware of
any deception until disclosure occurred at the end of the survey.
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was then offered our survey in their dashboard. Dashboard information made available

to participants included: survey name, description, compensation and estimated time to

complete the survey. Depending on their account notification preferences, they may also

have received an email announcement about the survey or a push notification from their

app. The survey was named “Modern Hiring Practices” and the description stated that

we were examining how hiring professionals evaluate entry-level job applicants. See Figure

B-1 for an image of what potential participants were shown about the study. Note that

participation in the survey was voluntary at every stage.

We estimated that the survey would take 11 minutes to complete and participants were

paid $3.50, equivalent to an hourly wage of $19.09. Prolific also displays the actual median

completion time and median hourly wage for each survey; ours were 9 minutes 25 seconds

and $22.30 per hour (respectively), a rate which the platform classified as competitive for

our set of participants. Approximately 2,300 participants who were active on the platform in

the prior 90 days matched our criteria. We collected complete responses from 1,750 between

May 21 and June 8, 2026.5

2.2 Survey design and vignettes

The survey initially asked participants some background questions about demographics,

work and participants’ use and knowledge of AI. Participants were then randomly assigned

to see one of three primes.

All three primes shared a common set of instructions: participants were told that they

would review application materials for two candidates applying for an entry-level position

at a company similar to their own. Instructions further stated that, for confidentiality pur-

poses, the researchers had reformatted the resumes. As discussed below, this reformatting

included redacting the applicant’s last name along with any information that would identify

the applicant’s university and major. Redacting last name ensures that the first names
5An additional 81 people opened the survey but then opted out on the initial consent screen. Another 31

people started but did not complete the survey. None of these individuals were compensated. Thus, among
those we know saw the survey because they interacted with it, 94% completed it.
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alone carry the race and gender signal. Redacting institution and major served a different

purpose: due to sample size constraints and because we did not know a priori which indus-

tries respondents would be coming from, we could not tailor resumes to specific industries.

Removing institution and major, and asking respondents to assume the applicants had at-

tended universities and pursued majors typical of those the respondents normally hire from,

allowed us to recruit across a broader range of industries. This departs from a conventional

resume audit study, in which resumes are matched to real job openings; our design instead

holds applicant credentials constant and isolates the effect of the AI framing across multi-

ple industries. The tradeoff is that respondents may differ in the credentials they imagine,

introducing unobserved variation - a limitation we acknowledge.

Participants in the control group received this instruction alone. However, partici-

pants randomly assigned to one of the two treatment primes received the same instructions,

preceded by information about student use of AI in higher education. The first of these

treatment primes, which we label the “mild AI” framing, reads as follows:

Educators and employers have long contended with challenges to academic in-
tegrity - for example, plagiarism, online essay sites, or for-pay cheating services.
Recently, the introduction of AI writing tools has added a new dimension to these
concerns. Tools such as ChatGPT and similar AI assistants have become widely
accessible to students, making it easier to get help drafting papers, completing
homework, or answering exam questions. While many students use such tools re-
sponsibly as study aids, instructors have documented cases in which students rely
on AI to complete work they would otherwise do themselves. These concerns are
ongoing and universities have not developed clear methods of addressing them.

This paragraph is designed to convey that AI can be helpful for students, but that its use

may still violate academic integrity. Furthermore, it makes it clear that universities cannot

effectively police this use. Participants assigned the second treatment prime, which we label

“strong AI” framing, are instead shown this text:

In the last month, large news outlets such as the New York Times and the
Wall Street Journal have reported on research showing grade inflation at US
universities that corresponds to modern AI availability. Evidence suggests that
AI technology has advanced to a point where automated systems - known as AI
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agents - can now complete virtually any task routinely assigned in a university
setting. This includes writing research papers, answering exam questions, solving
problem sets, completing online coursework, and producing professional-quality
work across nearly every undergraduate discipline. Unlike prior generations of
AI tools that required significant human input to use effectively, newer AI agents
can operate with minimal guidance. Universities have yet to successfully develop
tools that can detect this use of AI.

This is designed to convey a stronger claim: it emphasizes how much AI could be used

by students not just to aid them in their academics, but to actively do academic work for

the student. In this case, the AI use is not a complement to the student’s own effort and

ability, but potentially a substitute. While strong, the case presented in this vignette is not

hyperbolic. A high profile report from MIT concluded that many assignments and tasks

assigned to students can already be accomplished by AI (MIT’s Ad Hoc Committee on AI

Use in Teaching, Learning, and Research Training, 2026). Community colleges have been

dealing with financial aid fraud associated with AI bots enrolling in institutions, signing up

for classes and completing coursework (McMurtrie, 2025; McIvor, 2026). An AI program

named Einstein was announced in February 2026 that students could grant access to their

learning management systems and it would monitor and complete all activities for them

(Heidt, 2026). While that program was taken down, more could easily follow.

2.3 Resumes and evaluation

After the prime, participants then reviewed the first resume and answered a series of ques-

tions, then they reviewed the second resume and answered the same series of questions. The

primary question used to evaluate applicants was a 7-point Likert scale about the likelihood

that the respondent would invite the applicant for an interview. This is our primary out-

come of interest, and was designed to parallel the standard metric in resume audit studies

where the outcome is whether or not a particular resume was invited to an interview. Since

respondents were not actually filling a position, their responses may differ from behavior

observed as a result of a live resume audit study. However, the results are still informative

(including for future audit studies). First, randomization does the necessary work: an in-
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dividual respondent may over- or understate their true interview likelihood based on how

they view the question, but because both the prime and resumes were randomly assigned

there should be no systematic differences across comparisons of interest. Second, we use a

7-point scale instead of a binary outcome, which permits finer differentiation in responses.

A second question asked how much more, above the offered starting salary, the re-

spondent would be willing to pay if a candidate wanted to negotiate a higher salary. Con-

ceptually, a respondent should be willing to negotiate a higher starting salary for stronger

candidates. This provides a second dimension to the analysis: rather than a hypothetical

interview decision, it monetizes applicant evaluation. To the extent the interview and salary

responses diverge, this may provide information on post-interview discrimination, which

normally cannot be observed in a conventional resume audit study.6

While respondents were led to believe that the resumes were real, they were con-

structed by the researchers. Because each respondent saw only two resumes, we designed

the pair to be similar along several dimensions. They had similar work histories, similar

listed skills, and each had a student group and a volunteer experience listed (see Figures

B-2 and B-3 for examples of the resumes). The remaining resume attributes were then

randomized, yielding 8 comparisons. Each respondent saw a high GPA (3.8/4.0) and a low

GPA (2.7/4.0) resume but the order in which they saw them was randomized (some see high

GPA first and some see low GPA first). First names were randomized to signal race and

sex. Jake and Tyler signaled white male, Emily and Lauren signaled white female, Darnell

and Jamal signaled Black male, and Keisha and Aaliyah signaled Black female. To select

names that signal race and sex, we rely on the New York City Health Department’s Bureau

of Vital Statistics birth records from 1994 to 2014.
6A traditional resume audit study can only observe whether a resume received a request for an interview

so what might happen conditional on an interview is not observed. Some studies use follow-up surveys to
learn more about the decision-making process (e.g., Boyd-Swan and Herbst (2019)).
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2.4 Manipulation check and potential solutions

After reviewing the resumes, respondents were asked a question about whether they had

been given information about student use of AI (checking whether they remember the prime

they were shown). They were then asked a set of questions about concerns they had with

regard to academic credentials given student use of AI. Lastly, they were asked to evaluate

what information - if any - provided by the applicant would ease their concerns about the

student’s academic ability. They could rate a variety of pre-identified characteristics, such

as small class sizes, in-person classes, in-person exams, independent studies, senior theses,

paid or unpaid internships, selectivity of university and microcredentials earned online or

in-person. They were also provided space to write other suggestions. The goal of these

questions is to see what information individuals can communicate to employers - or actions

that institutions of higher education can take - to limit concerns about academic integrity

due to AI.

3 Results

3.1 Summary Statistics

Basic summary statistics about the sample are presented in Table 1. Approximately 73% of

the sample is white, non-Hispanic and about 52% of respondents are male. Consistent with

their role in hiring, the sample is relatively highly educated with 67% having a bachelors

degree or more. The respondents work at organizations across a wide range of sizes and

are spread across a number of industries. 92.2% of respondents indicated some use of AI

at work, with a majority using AI at work from 1 to 10 hours a week.7 These variables

are mostly balanced across treatment, with the exception of race where white/non-Hispanic

are somewhat higher in the control group than in the two treatment groups (see also Table
7Respondents also indicate that AI is used regularly at their organization (Figure A-1); existence of

organization AI policies is mixed (Figure A-2); and the respondents are generally supportive of AI in the
workforce (Figure A-3).
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A-1).8 Our primary models utilize individual fixed effects which account for any sample

differences and we also explicitly explore the role of respondent race.

Table 2 presents the means of the outcomes for the four sets of race/sex resumes in our

survey. The average score for interview likelihood is 4.69 on a 7-point scale with white male

applicants the lowest average (4.61) followed by Black male applicants (4.70), Black female

applicants (4.71) and white female applicants with the highest average (4.77). The average

willingness to negotiate is 1.69 percent above the starting salary. Again, the lowest percent

is for white male applicants (1.61) followed by Black male applicants (1.64). However, white

and Black female applicants switch with white female applicants averaging 1.75 and Black

female applicants averaging 1.77.

Lastly, we asked two questions about the level of concern respondents have about both

(1) identifying high-quality employees/applicants and (2) employees/applicants using AI as

a substitute for own skills. These questions are posed prior to the information experiment

so that we have a baseline of concern. Figure 1 shows histograms of the responses. In

both cases, the mode is at a 5 on the 7-point scale, so just above the middle of the scale.

However, there is a long tail to the left indicating that large percentages of respondents are

not particularly concerned - at this point in time and prior to the information experiment

- about AI use in either case. This provides room for the information experiment to affect

perceptions, but also means that as of June 2026 many individuals with hiring experience are

not particularly concerned about AI use. That could change as more stories are published in

the popular press and as these individuals experience hiring new applicants who have been

able to access AI throughout their college career.

The level of concern reported for both questions appears to increase with the AI

exposure of the respondent’s industry (Figure A-4), using the AI exposure measure of Felten

et al. (2021). This suggests that high AI exposed industries are more worried about the

potential workforce problems either because of their knowledge about AI use at work or
8There is also balance across other variables including how much AI is used at their place of work, how

they view AI (positive/negative), how frequently they hire entry-level candidates, whether a bachelors degree
is typically required for entry-level positions and how important undergraduate GPA is in applications. See
Table A-1.
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because of their recent experience hiring students versed in AI.

3.2 Manipulation check

Table 3 shows the results of our manipulation check across the three primes. Each column

shows the results of a regression with an indicator variable for the mild AI framing and

an indicator for the strong AI framing. The coefficients represent the difference for the

individuals with each framing relative to the control (the excluded category) which means

that the constant represents the average level of response in the control group.

The first column shows the results of the 7-point scale asking if any text that they had

read before evaluating resumes had mentioned how AI tools may affect academic credentials.

The coefficient on the mild AI framing is 1.26 and the coefficient on the strong AI framing is

1.67, both statistically different increases from the control (the constant in the regression).

This indicates that individuals do remember seeing the framing.9

The second column of the table shows the results of a second question gauging their

level of concern that academic credentials of recent college graduates may have been pro-

duced with the help of AI tools. Again, both the mild and strong AI framing coefficients

are positive and statistically significant and, furthermore, the strong AI framing is larger in

magnitude and statistically different than the mild AI framing.

This evidence suggests two things. First, the information experiment was successful in

manipulating respondents and that the strong AI framing led to more concern than the mild

AI framing. Second, the fact that individuals were manipulated means that employers are -

as of this writing - not fully aware of the potential problems that student AI use may have

on hiring. So while stories about student AI use are beginning to appear in newspapers and

online media, and concerns about student AI use are highly discussed in higher education,

information about student AI use may not yet be widespread.
9Prior to the prime, all respondents were asked two questions about whether use of AI was making it more

difficult to evaluate employees or job applicants to provide a baseline for what these respondents believed
about AI. Thus, even the control group was shown something about AI use among students which is why
the constant is not 1 (the lowest possible value).
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3.3 Interview and salary effects

To investigate differences in the primary hiring outcomes - willingness to hire and willingness

to negotiate higher salary - we estimate a model where we triple interact a set of categor-

ical variables: treatment (3 levels), binary GPA variable (high/low) and a variable for the

race/sex combination of the applicant (4 levels: white male, white female, Black male, Black

female). Specifically,

Yir =α+ β1Treatir + β2GPAir + β3RaceGenir+

β4Treatir ×GPAir + β5Treatir ×RaceGenir + β6GPAir ×RaceGenir+

β7Treatir ×GPAir ×RaceGenir + ϕi + ϵir

(1)

where Yir is the outcome for respondent i for resume r, Treatir is the set of binary variables

for treatment (control is excluded category), GPAir is binary variable for high GPA (low

GPA is excluded category) and RaceGenir is the set of dummy variables for the race/sex

combinations of the resumes (white male is the excluded category). Because each respondent

views both a high and a low GPA resume with the race and sex randomized there are two

observations per respondent. We therefore include respondent fixed effects ϕi and cluster

standard errors at the respondent level. We include one extra covariate which is an indicator

capturing which resume the respondent saw first. Due to the individual fixed effects Treatir

is dropped from the estimation.

It is worth noting that we compare many treatment, GPA, and applicant race-sex cat-

egories across our hiring outcomes, respondent subgroups, industry groupings, and potential

solutions, so some of the individually significant differences we report could arise by chance.

For the main results, we apply the Romano-Wolf correction (Romano and Wolf, 2005; Clarke

et al., 2020) for multiple hypothesis tests and find that the statistical significance holds, while

insignificant results remain insignificant. Nevertheless, we still acknowledge that due to our

small sample size we have power issues. We therefore place the most weight on patterns that
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are consistent across outcomes and specifications rather than on any single given estimate.

Interpreting the coefficients with this many interactions can be difficult so we instead

estimate the predicted margin following the regression and then graph the differences in

these margins. Figure 2 shows the results for the predicted interview likelihoods (measured

on a 7-point scale where 1 is very unlikely and 7 is very likely). Exact point estimates and

standard errors are presented in Table A-2. The predicted margins are all relative to the

low-GPA white male results, as they are the excluded category, whose predicted interview

likelihood is 4.18. The subgraph on the left shows the results for the low GPA resumes

(Figure 2a). There is little evidence that either AI framing affected respondents’ likelihood

of interviewing candidates for any set of resumes, particularly for white and Black males.

The strong AI framing is associated with a small decrease in interview likelihood for white

and Black females (-0.29 relative to control for white females and -0.19 for Black females

relative to control) which brings their estimate down to a similar level as white males but

the results are not statistically significant.

As expected, the likelihoods of interview are higher in the right subgraph (Figure

2b) consistent with having a higher GPA on their resume. The interview likelihood for

high GPA white males in the control group is 5.22, a full point higher than the low GPA

(approximately a 25 percent increase relative to the baseline). Similarly, the other high

GPA resumes in the control group also have likelihoods that are 0.8 to 0.9 points highers

(Black male 5.18, white female 5.22, Black female 5.25). In this case, however, there is some

evidence that AI framing matters. The mild AI framing is similar to the control group for

all sets of resumes. For white male, Black male and Black female resumes, however, the

strong AI framing produces a lower likelihood of interviewing, although the results are not

quite statistically significant at the 95% level. Additionally, the gap between the high GPA

and low GPA likelihoods in the strong AI prime has decreased relative to the control prime.

For white male resumes, the high to low GPA gap decreases from 1.04 in the control prime

to 0.62 in the strong AI prime (approximately a 40 percent decrease). For Black males this

gap decreases from 0.89 to 0.63 and for Black females the gap decreases from 0.95 to 0.75.
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White female resumes however show no effect of the strong AI framing (but we will show

that this is sensitive to respondent industry). These results are consistent with respondents

being more hesitant about student GPA when they received the strong AI framing about

AI substituting for student ability or effort.

The effects of framing are more pronounced when looking at the willingness of re-

spondents to negotiate a starting salary higher than the initial offer. Again, respondents are

more willing to negotiate higher starting salaries for high GPA applicants compared to low

GPA applicants. On average, respondents with the control prime are willing to negotiate a

1.97 percent increase in salary for high GPA white male resumes compared to 1.23 for the

low GPA white male resumes. The equivalent numbers are 2.16 instead of 1.47 for Black

male resumes, 1.99 instead of 1.33 for white female resumes, and 2.18 instead of 1.16 for

Black female resumes.

For the low GPA resumes, there is some evidence of differential effects of framing for

the Black male, white female and Black female resumes. There is a fairly consistent pattern

throughout that mild AI framing leads to higher - although not statistically different -

negotiated starting salaries compared to the control group. The strong AI framing reverses

the pattern and lowers the negotiated starting salary. Relative to the mild AI prime, the

salary negotiation percent decreases by 0.51 for Black male resumes, decreases by 0.31 for

white female resumes, and decreases by 0.41 for Black female resumes. These are decreases

of approximately 20 to 30 percent relative to the mild AI baseline.

The priming seems to generally have even larger effects for the high GPA resumes in

the subgraph on the right (Figure 3b). There is again some evidence of an increase for the

mild AI prime versus the control prime. For all groups the strong AI framing is lower, and

with the exception of white female resumes, statistically different from the mild AI framing.

For high GPA white male resumes the point estimate drops from 2.28 to 1.76 between the

mild and strong AI primes. The equivalent numbers are 2.27 to 1.72 for Black male resumes,

2.15 to 1.87 for white female resumes and 2.51 to 1.78 for Black female resumes.

The effects may be more pronounced for salary negotiation because the outcome

17



(percentage above initial salary offer) was more salient than the interview scale. If so, it

would suggest that our interview results may underestimate the effects compared to what

would be found in a field resume audit study where actual interview decisions are being

made. Alternatively, it may suggest that the interview likelihood is actually less affected

than post-interview outcomes which are normally missed in resume audit studies.

The fact that high GPA white female applicants are less affected by the strong AI

framing is driven entirely by two industries in our data: retail trade and information tech-

nology & software. The fixed effects specification we use will not fully account for these

industry effects unless the respondent sees both a high and low GPA application from white

female applicants. In Figure A-5 we use our fixed effects estimation separating respondents

into two groups. The first group are respondents in retail trade and information technology

& software. The other group is all other respondents. The top panel shows the first group

and the positive effect for high GPA white female applicants with the strong AI framing

is apparent. In the bottom panel using all other industries, the high GPA white female

applicants show the same pattern as other high GPA applicants of the strong AI framing,

lowering interview likelihoods and negotiated salary.

We also estimated correlated random effects models which allow us to include re-

spondent controls and allows us to estimate different margins for the low GPA white male

applicants under different framings. As covariates we include which resume was viewed

first (as in the fixed effects models), binary demographic variables of the respondent (male,

Black, Asian, Hispanic, multiethnic) and categorical variables for respondent educational

attainment, organization size, stated importance of GPA in a job application, and the re-

spondent’s industry. The results from these models are shown in Figure A-6 and mostly

follow similar patterns to Figures 2 and 3.

3.3.1 Respondent race and sex

We next turn to exploring how outcomes vary by different subsets of respondents. The

graphs do not include confidence intervals to make them easier to read but we note that not
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all of the results are statistically significant. That is mostly due to the relatively small size

of our sample so that subgroups of respondents can be too small to generate enough power

to detect statistically meaningful differences. The results, however, do show patterns that

are informative if appropriate caution is used with interpretation.

Figure 4 presents the predicted margins for willingness to interview for male respon-

dents. There are four subgraphs. The graphs in the top row (4a and 4b) show the predicted

margins for the mild AI framing compared to the control while the graphs in the bottom

row (4c and 4d) show the same for the strong AI framing relative to the control. The graphs

in the left column show the results for low GPA resumes and the graphs in the right column

show the results for high GPA resumes. Within each subgraph is a set of arrow charts where

a closed circle indicates the predicted margin for the control group, an open symbol repre-

sents the mild AI framing, and an open square represents the strong AI framing. Colors are

used to denote the four race/sex combinations of the resumes. Finally, each subgraph shows

the results for white male respondents and then nonwhite male respondents.

Male respondents show an increased likelihood of interviewing high GPA white male

and white female applicants with the mild AI framing relative to the control. They are

somewhat less likely to interview Black male applicants and results for Black female appli-

cants depend on respondent race/ethnicity. Relative to the control, the strong AI framing

decreases the likelihood of interviewing high GPA Black male and Black female applicants

(regardless of respondent race) while increasing the likelihood of interviewing white female

applicants. White male respondents do not change their likelihood of interviewing white

male applicants but nonwhite respondents lower their likelihood.

The results for female respondents in Figure 5 show a slightly different pattern. The

mild AI framing decreases the likelihood of interview for white male and white female ap-

plicants among white female respondents while nonwhite female respondents decrease their

likelihood of interviewing white male applicants but increase their likelihood of interviewing

Black male applicants. The strong AI framing leads to lower likelihoods of interviews for all

groups although magnitudes vary.
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Switching to the salary negotiation results for male respondents in Figure 6 the mild AI

framing leads to white male respondents to negotiate salaries increases of 0.5 to 1 percentage

points for high GPA white male and female applicants but increases by less for Black male

and female applicants. Nonwhite male respondents show no effect of the mild AI framing

except for a decrease in negotiated percentage for Black male applicants. The strong framing

decreases the negotiated salary for Black male and Black female applicants but the white

male respondents show increases for white male and female while nonwhite male respondents

show decreases for white male applicants and no effect for white female applicants.

Finally, for female respondents in Figure 7 there are fewer positive effects of the mild

AI framing than male respondents, and these are concentrated on Black male and Black

female applicants. This is a bit different than the interview likelihoods which either did

not change or decreased with the mild AI framing. However, like the interview results, the

strong AI framing reduces the negotiated salary levels for all groups on average particularly

for white female respondents.

3.3.2 Industry

We next consider the industry of the respondent, in particular how much exposure their

industry has to AI. On the one hand, industries with high AI exposure may have more

interest in hiring students who can use AI technologies compared to industries where AI use

is low. On the other hand, high AI exposure industries may be more aware of the potential

problems of AI use.

In our primary estimates we map the industries of respondents to the AI exposure

classification of Massenkoff and McCrory (2026). We categorize industries into “low expo-

sure”, “mixed exposure” and “high exposure” (see Table A-3 for the exact mapping). We

acknowledge that the categorization is somewhat ad hoc but they are meant to capture

broad sets of industries; we only have 19 broad industries in our survey so we are forced to

use broad classifications. We find similar results when we use terciles of the continuous AI

exposure measure of Felten et al. (2021) but prefer our categorization because it is based
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on more recent data about industry AI exposure. Future work may want to explore smaller

industry classifications; alternatively, detailed occupations is likely more important as AI

use is more associated with the occupation than the industry. In our survey, we do not

specify the occupation so we cannot utilize that dimension but this would be something

that a future resume audit study should consider.

One final limitation is that having a measure at the industry level means that it could

be capturing other industry effects that are correlated with AI exposure. One example is

the frequency of remote work: people using computers are more likely to be able to work

remotely and more likely to have a use for AI. Suppose that it is more difficult to supervise

workers in a remote environment making employers more concerned about new hires in these

industries. This could lead employers in these industries to become more worried about the

possibility that student AI use has substituted for effort or ability.

Using data on 18-64 year olds in the 2022-2026 monthly CPS files provided by IPUMS

(Flood et al., 2025), we construct the percent of workers in each of our industries who

work remotely at least some of the time. For our analysis, we categorize industries into

“low/middle/high”, where low is defined as less than 15% remote work, middle is 15 to

49.9% remote work, and high is 50% or more remote work. These categories are admittedly

ad hoc but are similar to terciles. We prefer this categorization over terciles because the cut

points are cleaner but we will show that we get similar results using terciles.

As expected, remote work is correlated with AI exposure (Figure A-7). On average,

13.8% of workers in our low AI exposure measure work remotely. That rises to 23.0% for

the mixed AI exposure and then 55.4% for the high AI exposure. Similarly, the correlation

between percent remote work in the industry and the Felten et al. (2021) measure of AI

exposure is 0.83. The connection is particularly strong for the highest AI exposure industries:

the 5 industries in our “high AI exposure category” are also the top 5 for remote work and

four of the five have over 50% remote work.10

10As shown in Table A-3, the 5 “high AI exposure” industries are “legal services”, “finance and insurance”,
“information technology and software”, “professional, scientific and technical services” and “media, publishing
and communications”. Only “legal services” has remote work less than 50% but it is close at 47%.
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Overall, our industry-based estimates cannot completely disaggregate between AI

exposure and remote work. Therefore, we first present overall results - not separating by

applicant race and sex - for low/middle/high categories of AI exposure and percent remote

work in Figure 8 (results are similar when using tercile categories of both measures in Figure

A-8). These results are estimated using a version of our individual fixed effects model where

instead of interacting by candidate type (race/sex) we just control for candidate type. This

means that we are only estimating the average effect of the treatments for the high GPA

relative to the low GPA (low GPA is the left out category).

We find similar results when using industry AI exposure measures or industry remote

work measures, particularly for our “high” category which is essentially the same industries

whether measured by AI exposure or remote work. While higher GPAs are associated with

higher interview likelihoods for all measures and categories, there is not much variation

across treatment within GPA group for the lowest and highest categories. Instead, the

strong AI treatment reduces the likelihood of interview for the “middle” industries under

either measure. In terms of salary negotiation, there is less overall variation within measure

and industry but some suggestion of lower values for high GPA applicants in the strong AI

framing condition.

Of course, these estimates may mask important variation across resume types. For

simplicity, we present estimates by applicant race/sex across industries using the low/middle/high

AI exposure based on Massenkoff and McCrory (2026) in Figure 9, but note that results

are similar using other measures (Figures A-9 and A-10). The most striking results are

again in the middle category of AI exposure. There is a clear decrease in the interview

likelihood for all resumes following the strong AI treatment. In fact, there is a decrease

for the low GPA as well but it is not statistically significant. The strong AI framing also

seems to reduce willingness to negotiate for all high GPA resumes in the middle AI-exposure

industries. The strong framing also has negative effects for low GPA female applicants in

the high AI-exposed industries.

There is some evidence that the mild AI framing may have increased application out-
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comes for some resumes in some industries. In the middle AI-exposed industries, interview

likelihoods appear to increase for high GPA white female applicants and Black female ap-

plicants although neither is statistically different from the control. Willingness to negotiate

salary in these industries may also have increased for low GPA Black female applicants and

high GPA white male, white female and Black female (again, none are statistically different

from the control value). In the high AI-exposure industries the mild framing may have in-

creased the willingness to interview and negotiate for all low GPA resumes relative to white

males. Among high GPA applicants in these industries, Black male applicants see a large

increase in likelihood of being interviewed and Black male and Black female applicants see

large increases in willingness to negotiate salaries.

3.4 Employer views of potential solutions

Lastly, respondents were asked to rate how much different pieces of information may help ease

their concerns about the academic ability of applicants. The scale ranged from “Not well at

all” (1) to “Extremely well” (5). Point estimates were produced from a regression estimated

for each category with indicators for which priming the respondent received. Figure 10

presents the point estimates across treatment groups with 95% confidence intervals, ordered

by decreasing effectiveness as rated by the control group.11

While differences are not always statistically different across treatment several pat-

terns and results stand out. First, the control group consistently shows lower beliefs in the

effectiveness of each option, consistent with them not having been prompted with informa-

tion about student use of AI. Second, the strong AI framing group indicates less effectiveness

for most options than the mild AI framing group. So across most categories, the mild AI

framing is associated with more positive views that extra information can be useful for evalu-

ating job candidates but the strong AI framing is more pessimistic. The mild framing group

- who were prompted about how AI can help students - looks more positively on things like

projects (independent studies/senior thesis) and internships (paid/unpaid) than the strong
11Full distributions for each response are presented in Figures A-11 to A-20.
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AI framing who were prompted about how AI could be a substitute for student ability and

effort. Similarly, the mild AI framing group seem more positive about in-person classes and

selectivity of schools than the strong AI group.

Third, online vs. in-person differences appear important. Both the mild AI and the

strong AI framing are more reassured by in-person exams than the control group and the

difference between the two groups is small. Relatedly, no group was very reassured by on-

line microcredentials compared to in-person microcredentials. And while not statistically

different, the means for online microcredentials decreases with AI framing. The difference

between the microcredentials could be beliefs about the inferior quality of online programs,

but when compared with other responses is suggestive that proctoring of exams is an impor-

tant component of proving academic quality. While the educational quality of small classes

or in-person classes could be viewed as superior to online courses they would similarly be

relatively easier for faculty to validate “in-person” work. However, those courses could still

have online components and assessments. It is only in-person exams - which are more likely

in small, in-person classes - that both framing groups find most reassuring. This implies

that AI is likely to further worsen the outcomes for graduates of online programs who were

significantly less likely to receive callbacks in 2017 (Lennon, 2021) long before generative AI

was available.

Respondents were given an option to provide a free response for “other” along with a

rating. Not all respondents provided additional responses and the responses included options

that would ease concerns as well as options that respondents do not think would ease their

concerns much. There were ultimately 267 responses that could be organized by theme into

categories. We then repeated our regression approach for each of those categories and the

results for all categories with at least 20 responses are shown in Figure 11. Note that the

confidence intervals here are much larger due to the smaller sample sizes (relatively few

respondents providing each category) and noise from the categorization of responses. The

most common response was volunteer activities which was rated higher by the strong AI

framing than the other two groups whose mean is approximately the same. This is consistent
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with previous evidence: the group shown the most concerning information about student AI

use is willing to look more at information that is non-academic but which cannot be done

by AI. There is also a suggestion that the interview may be more important among the two

treatment groups, also consistent with respondents wanting to evaluate the individual in

person and rely less on their academic record.

4 Conclusion

The first cohort of college students with access to generative AI for their college careers

entered the labor market in 2026. This paper explores how the people who make hiring

decisions in this labor market are likely to respond. Using a survey experiment deployed

to approximately 1,750 U.S. professionals with hiring responsibilities, we randomly exposed

respondents to information framing student AI use either as an aid that can nonetheless

be misused (mild framing) or as a technology capable of doing students’ academic work for

them (strong framing), and then asked them to evaluate a pair of otherwise similar resumes

that differed in GPA and the applicant’s race and sex.

Four findings stand out from this experiment. First, as of mid-2026, most hiring pro-

fessionals were only moderately concerned that student AI use makes it harder to identify

high-quality applicants, although a meaningful minority were very concerned. Second, those

beliefs are malleable: both AI framings raised concern to a certain degree about the creden-

tials of recent graduates, but the strong framing raised it significantly more than the mild

framing. The fact that this shift in framing moved respondents suggests two things: one,

that complete information about student AI use is not widespread among employers, and

two, that employer concerns are likely to increase as press coverage accumulates and hiring

managers gain direct experience with AI-era graduates.

The third finding which stands out is the connection between employer hiring beliefs

about AI and downstream hiring outcomes. The evidence largely suggests that survey re-

spondents shown mild framing did not penalize applicants relative to the control group; in
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some cases, respondents shown mild framing were somewhat more willing to negotiate higher

starting salaries, though these differences are not statistically significant. In contrast, the

strong framing was associated with decreased interview likelihood scores and, more starkly,

willingness to negotiate salary especially for high-GPA applicants. We may expect employ-

ers would discount the signal value of grades if they believe they may have been earned with

the use of AI (e.g., a higher GPA is reflective of AI use instead of higher student ability);

evidence from the experiment suggests this is occurring, with high GPA applicants, regard-

less of race/sex, receiving significantly larger penalties on interview likelihood and salary

negotiations than low GPA applicants. This finding complements evidence that generative

AI weakens the signal value of cover letters and other job application materials (Cui et al.,

2025; Galdin and Silbert, 2025; Cowgill et al., ahead of print). It is also consistent with

concerns that AI adoption may fall hardest on less-experienced workers or those newly en-

tering the labor market, since they have little besides their educational credentials to signal

ability (Brynjolfsson et al., 2025a; Maasoum and Lichtinger, 2025; Teeselink, 2025). That

the strong framing moved salary negotiation more than interview likelihood does suggest

that some of the cost of the prevalence of AI on job-seekers may be borne after the interview

stage, a margin that conventional resume audit studies cannot observe by their very design.

It is worth noting that, unlike findings from most conventional resume audit studies, we do

not find differential interview likelihood or salary negotiations effects across applicant race

and sex characteristics signaled on the resumes; this is not necessarily surprising given the

lower-stakes nature of the survey experiment (hypothetical instead of actual hiring deci-

sions). In addition, work from Chirikov et al. (2026) suggests that there is uneven access to

AI by race and sex, so employers may respond differently to applicants depending on who

they believe is most likely to use AI.

Finally, when asked what would ease their concerns, respondents in both treatment

groups rated in-person tests as more reassuring than the control group did; indeed, in-person

tests were the option on which the two treatment groups agreed most closely. Those in the

mild framing group were generally also more receptive to in-person and alternative ways
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of capturing ability signals such as internships, independent studies, senior theses, and in-

person classes. In contrast, the strong framing group was more skeptical of most academic

signals and, in open-ended responses, pointed toward capturing information which cannot

be easily (re)produced by AI: volunteer and extracurricular activities, work experience, and

in-person interviews. Importantly, online microcredentials - which have been popular post-

degree supplements to signal ability - and small class sizes - which have historically been

signals of higher-quality learning environments - ranked lowest across all groups; attending

a more selective school ranked near the bottom as well. This suggests that signals which

job-seekers have previously relied on to improve their prospects in the labor market may be

increasingly less useful in the age of generative AI.

Taken together, these findings have several implications for colleges and universities.

The first is that institutions of higher education should not treat AI purely as a threat to

academic integrity which needs to be policed. More than 90 percent of our respondents

report using AI at work, and the mild framing, which acknowledged that many students use

AI responsibly or as a productivity tool, did not reduce employers’ evaluations of applicants.

Employers who expect new hires to work alongside AI are unlikely to reward graduates who

have never learned to use it well, so integrating AI into curricula and teaching students how

best to use AI appears consistent with what the labor market demands.

The second implication is that integration alone is not sufficient. If employers come

to believe that AI can substitute for student effort and ability, our results suggest that

they will discount all credentials that institutions award, including (and perhaps predom-

inately so) those of their strongest students. Institutions, therefore, need credible ways

to certify that students can do the work without relying on AI. Our respondents point to

in-person, proctored assessment as the most persuasive of such signals. The challenge then

becomes that in-person assessment at scale is costly: it is most attainable for low-enrollment

programs, small institutions, and well-resourced institutions, and least attainable for large

public universities, access institutions, and online programs that serve many working and

nontraditional students. There is a real risk that the burden of verification widens already
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existing gaps across institutions. On the other hand, employers in our survey did not simply

fall back on selectivity; this suggests there is room for institutions of all types to compete on

the issue of assessment credibility assuming scalable approaches, such as proctored testing

centers, shared assessment infrastructure, or verified capstone or internship work, can be

developed. For students, the results suggest that experiences outside the classroom which

are difficult to outsource to AI, including internships, work experience, and demonstrated

projects, become increasingly valuable complements to the transcript.

Several limitations in this study point to directions for future work. Our outcomes are

hypothetical evaluations rather than real hiring decisions observed in conventional resume

audit studies; although random assignment of both the vignettes and the resumes mean that

any general over- or understatement should not bias our comparisons, magnitudes likely

differ if compared to expected audit study estimates. To recruit across many industries

we redacted institution and major reported on the resumes, so respondents would have

imagined different credentials. We observe industry that the respondent is employed in

but not occupation, and our industry measures of AI exposure and remote work are too

highly correlated to separate. Field audit studies that vary AI-related signals on resumes

(for example, AI coursework, AI certifications, or verified in-person assessment) and that

match resumes to real job openings by occupation would more cleanly establish whether

the responses we document here appear in actual hiring decisions. Future research should

also take advantage of the fact that employer beliefs about student (and worker) AI use are

still evolving. The next few graduating cohorts offer a narrow window in which to measure

these beliefs as they change, for institutions to deploy countermeasures to guard against

credential discounting, and for research to gauge the degree to which these countermeasures

are successful.
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Table 1: Summary statistics of survey respondents

Summary

N 1,774
Race/ethnicity

Respondent white, non-Hispanic 72.8
Other 27.2

Sex
Male 51.1
Female 48.9

Respondent education attainment
HS or less 7.9
Some college 24.4
Bachelors 42.1
Grad degree 25.5
Missing 0.1

Organization size (employees)
<10 12.1
10-49 16.6
50-99 9.9
100-249 14.4
250-499 10.8
500-999 11.2
1,000-4,999 10.6
5,000+ 14.5

Respondent industry
Information Technology and Software 15.1
Finance and Insurance 12.2
Health Care and Social Assistance 12.2
Retail Trade 9.4
Prof., Sci., and Tech. Services 9.4
Manufacturing 8.2
Construction 5.2
Educational Services 4.4
Other 23.8

Respondent AI use
Does not use in work/daily life 8.0
Does not use at work 0.6
1-4 hours at work 40.5
5-10 hours at work 27.9
11-20 hours at work 13.9
21-30 hours at work 5.6
More than 30 hours at work 3.5

Note: Data includes 1,750 respondents who completed the survey as well as 24 respondents who made it
through these preliminary questions.
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Table 2: Mean outcomes by resume type

Interview Salary N

White Male 4.59 1.57 884
White Female 4.74 1.72 889
Black Male 4.67 1.64 888
Black Female 4.71 1.79 887
All 4.68 1.68 3548

Note: Interview likelihood is measured on a 1-7 scale. Salary negotiation is measured on a 0-5% scale. Cell
means over resume-level evaluations (2 per respondent).
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Table 3: Manipulation checks: effect of AI framing on perceptions

(1) (2)
Perceived AI content Credential concern

T2: Mild AI framing 1.202∗∗∗ 0.248∗∗

(12.67) (2.84)

T3: Strong AI framing 1.615∗∗∗ 0.444∗∗∗

(17.07) (4.87)

Constant (T1 Control) 3.952∗∗∗ 4.126∗∗∗

(53.96) (64.13)
Dose step (T3-T2) 0.413 0.196

p-value 0.000 0.025
Adj. mean: T1 3.952 4.126
Adj. mean: T2 5.154 4.374
Adj. mean: T3 5.567 4.570
F (2, 1751) 150.4 11.9
Observations 1754 1754
R2 0.161 0.014

Note: Results from respondent-level OLS with robust standard errors. Asterisks denote statistical signifi-
cance at the * 10%, ** 5% and *** 1% levels.
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Figure 1: Pre-treatment concerns about AI

Panel A: How concerned are you that the widespread use (abuse) of AI makes
it difficult for you to identify high-quality employees or job applicants?

Panel B: How concerned are you that employees or job applicants are using
AI as a substitute for developing their own skills and competencies?

Note: Results from 1,774 respondents. Questions were asked prior to the experimental framing.
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Figure 2: Predicted margins of interview likelihood by treatment, all respondents

Note: Estimates are produced using the fixed effects regression in equation 1. Standard errors were clustered
by respondent and 95% confidence intervals are shown around point estimates.
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Figure 3: Predicted margins of salary negotiation percentage by treatment, all respondents

Note: Estimates are produced using the fixed effects regression in equation 1. Standard errors were clustered
by respondent and 95% confidence intervals are shown around point estimates.
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Figure 4: Predicted margins of interview likelihood by treatment and GPA for male respon-
dents

Note: Estimates are produced using the fixed effects regression in equation 1 and are estimated separately
by white male and then nonwhite male respondents. The top panel shows the difference between the mild
AI framing (open circle) and the control (closed circle). The bottom panel shows the difference between the
strong AI framing (open square) and the control (closed circle). Applicants are denoted as: WM=White
Male, BM=Black Male, WF=White Female, BF=Black Female.
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Figure 5: Predicted margins of interview likelihood by treatment and GPA for female re-
spondents

Note: Estimates are produced using the fixed effects regression in equation 1 and are estimated separately
by white female and then nonwhite female respondents. The top panel shows the difference between the
mild AI framing (open circle) and the control (closed circle). The bottom panel shows the difference between
the strong AI framing (open square) and the control (closed circle). Applicants are denoted as: WM=White
Male, BM=Black Male, WF=White Female, BF=Black Female.

41



Figure 6: Predicted margins of salary negotiation percentage by treatment and GPA for
male respondents

Note: Estimates are produced using the fixed effects regression in equation 1 and are estimated separately
by white male and then nonwhite male respondents. The top panel shows the difference between the mild
AI framing (open circle) and the control (closed circle). The bottom panel shows the difference between the
strong AI framing (open square) and the control (closed circle). Applicants are denoted as: WM=White
Male, BM=Black Male, WF=White Female, BF=Black Female.
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Figure 7: Predicted margins of salary negotiation percentage by treatment and GPA for
female respondents

Note: Estimates are produced using the fixed effects regression in equation 1 and are estimated separately
by white female and then nonwhite female respondents. The top panel shows the difference between the
mild AI framing (open circle) and the control (closed circle). The bottom panel shows the difference between
the strong AI framing (open square) and the control (closed circle). Applicants are denoted as: WM=White
Male, BM=Black Male, WF=White Female, BF=Black Female.
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Figure 8: Predicted margins of interview likelihood and salary negotiation by industries
categorized by AI exposure and percent remote work

Panel A: low category

Panel B: middle category

Panel C: high category

Note: Estimates are produced using the fixed effects regression in equation 1 but without interactions of
candidate type (race/sex). Instead we control for candidate type and estimate regressions separately by
“low/middle/high” categories of industries based on AI exposure or percent remote work. Industry AI-
exposure categories are defined as described in the text using data from Massenkoff and McCrory (2026).
Industry remote work are low: 0 - 14.9%, medium: 15 - 49.9%, and high: 50% or more remote work. 95%
confidence intervals are shown around point estimates.
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Figure 9: Predicted margins of interview likelihood and salary negotiation by treatment and
industry AI exposure as measured by Massenkoff and McCrory (2026)

Panel A: low AI exposure
Interview likelihood Salary negotiation

Panel B: mixed AI exposure
Interview likelihood Salary negotiation

Panel C: high AI exposure
Interview likelihood Salary negotiation

Note: Estimates are produced using the fixed effects regression in equation 1 but separately by industry
AI-exposure categories (“low/middle/high”) as defined as described in the text using data from Massenkoff
and McCrory (2026). Standard errors are clustered at the respondent level and 95% confidence intervals are
shown around point estimates.
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Figure 10: Possible solutions to ease concerns by treatment

Note: Results from respondent-level OLS regressions estimated separately for each solution. 95% confidence
intervals are presented around point estimates.
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Figure 11: Possible solutions to ease concerns by treatment: open-ended responses

Note: Results from respondent-level OLS regressions estimated separately for each solution. 95% confidence
intervals are presented around point estimates. Solution categories were constructed from free responses.
The number of observations in each category is presented in parentheses.
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A Additional Results not for Publication
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Table A-1: Randomization balance across treatment

Chi-square p-value

Education 8.43 0.87
Organization Size 13.33 0.50
Industry 39.14 0.51
Frequency hire entry level 11.93 0.15
Bachelors required 4.48 0.81
GPA importance 13.20 0.11
Use AI at all 1.10 0.58
How long used AI 2.44 0.96
Frequency of AI use 8.94 0.54
AI use at place of work 5.61 0.47
AI concern: identifying quality 11.22 0.51
AI concern: substitute for skills 12.04 0.44
White resp. 6.93 0.03
Black respondent 11.46 0.00
Hispanic respondent 0.93 0.63
Applicant race 1.27 0.53
Applicant sex 1.25 0.54

Note: Each row represents a separate test of balance of the categorical variable and the three treatment
conditions.
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Table A-2: Point estimates and standard errors for predicted margins of interview likelihood
and salary negotiation percentage

Interview (1-7) Salary (0 - 5%)
GPA Resume Priming Estimate Std. err. Estimate Std. err.
Low GPA White male Control 4.18 0.06 1.23 0.06

Mild AI 4.18 0.06 1.23 0.06
Strong AI 4.18 0.06 1.23 0.06

Black male Control 4.29 0.14 1.47 0.13
Mild AI 4.26 0.14 1.58 0.14
Strong AI 4.19 0.16 1.07 0.14

White female Control 4.41 0.14 1.33 0.13
Mild AI 4.34 0.15 1.45 0.15
Strong AI 4.12 0.15 1.14 0.13

Black female Control 4.30 0.16 1.16 0.15
Mild AI 4.35 0.15 1.55 0.14
Strong AI 4.11 0.16 1.14 0.14

High GPA White male Control 5.22 0.14 1.97 0.13
Mild AI 5.22 0.13 2.28 0.13
Strong AI 4.80 0.14 1.76 0.13

Black male Control 5.18 0.13 2.16 0.12
Mild AI 5.14 0.15 2.27 0.14
Strong AI 4.82 0.14 1.72 0.12

White female Control 5.22 0.13 1.99 0.13
Mild AI 5.26 0.14 2.15 0.13
Strong AI 5.12 0.15 1.87 0.13

Black female Control 5.25 0.14 2.18 0.15
Mild AI 5.32 0.14 2.51 0.14
Strong AI 4.86 0.15 1.78 0.12

Note: Estimates are produced using the fixed effects regression in equation 1; the left-out category is white
male. Standard errors were clustered by respondent. Estimates correspond to Figures 2 and 3.
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Figure A-1: Question: To your knowledge, do employees at your organization regularly use
AI tools in their work?

Note: Results from 1,774 respondents. Questions were asked prior to the experimental framing.
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Figure A-2: Question: Does your organization have a formal policy on employee use of AI
tools?

Note: Results from 1,774 respondents. Questions were asked prior to the experimental framing.
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Figure A-3: Question: When you think about AI tools and their role in the workplace,
which best describes your overall view?

Note: Results from 1,774 respondents. Questions were asked prior to the experimental framing.
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Figure A-4: Pre-treatment level of concern about AI and AI exposure of respondent’s in-
dustry

Note: Industry AI exposure (x-axis) is from Felten et al. (2021) and is mapped onto respondent industries.
Y-axis is average response, by industry, to the two pre-treatment questions shown in Figure 1.
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Figure A-5: Predicted margins of interview likelihood and salary negotiation by industry
separating retail and information technology/software

Panel A: Retail trade & Information technology/software
Interview likelihood Salary negotiation

Panel B: All other industries
Interview likelihood Salary negotiation

Note: Estimates are produced using the fixed effects regression in equation 1 but estimated separately for
respondents in retail trade or information technology/software (top panel) or all other industries (bottom
panel). Standard errors were clustered by respondent and 95% confidence intervals are shown around point
estimates.
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Figure A-6: Predicted margins of interview likelihood and salary negotiation estimated by
correlated random effects model

Panel A: Interview likelihood

Panel B: Salary negotiation

Note: Estimates are produced using a correlated random effects model that includes controls for which resume
was viewed first, binary demographic variables of the respondent (male, Black, Asian, Hispanic, multiethnic)
and categorical variables for respondent educational attainment, organization size, stated importance of GPA
in a job application, and the respondent’s industry. Standard errors were clustered by respondent and 95%
confidence intervals are shown around point estimates.
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Figure A-7: Industry AI Exposure and Percent Work from Home

Note: The y-axis shows the industry average percent of workers who work remotely at least some of the
time calculated from 2022 to 2026 monthly CPS files. The x-axis shows the industry AI exposure from
(Felten et al., 2021). The markers show the author-create AI exposure levels using data from (Massenkoff
and McCrory, 2026).
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Figure A-8: Predicted margins of interview likelihood and salary negotiation by industries
categorized by terciles of AI exposure and percent remote work

Panel A: low category

Panel B: middle category

Panel C: high category

Note: Estimates are produced using the fixed effects regression in equation 1 but without interactions of
candidate type (race/sex). Instead we control for candidate type and estimate regressions separately by
“low/middle/high” terciles of industries using the AI exposure measure of Felten et al. (2021) and percent
remote work calculated from CPS. 95% confidence intervals are shown around point estimates.
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Figure A-9: Predicted margins of interview likelihood and salary negotiation by treatment
and industry AI exposure as measured by Felten et al. (2021)

Panel A: lowest AI exposure tercile
Interview likelihood Salary negotiation

Panel B: middle AI exposure tercile
Interview likelihood Salary negotiation

Panel C: highest AI exposure tercile
Interview likelihood Salary negotiation

Note: Estimates are produced using the fixed effects regression in equation 1 but separately by industry AI-
exposure terciles (“low/middle/high”) based on data from Felten et al. (2021). Standard errors are clustered
at the respondent level and 95% confidence intervals are shown around point estimates.
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Figure A-10: Predicted margins of interview likelihood and salary negotiation by treatment
and industry remote work

Panel A: less than 15%
Interview likelihood Salary negotiation

Panel B: 15 to 49%
Interview likelihood Salary negotiation

Panel C: 50% or more
Interview likelihood Salary negotiation

Note: Estimates are produced using the fixed effects regression in equation 1 but separately by industry
percent remote work categories (“low/middle/high”) based on CPS data. Standard errors are clustered at
the respondent level and 95% confidence intervals are shown around point estimates.
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Figure A-11: Likely to ease concerns about AI use: small class sizes

Figure A-12: Likely to ease concerns about AI use: in-person classes

62



Figure A-13: Likely to ease concerns about AI use: in-person exams

Figure A-14: Likely to ease concerns about AI use: independent study
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Figure A-15: Likely to ease concerns about AI use: senior thesis

Figure A-16: Likely to ease concerns about AI use: unpaid internship
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Figure A-17: Likely to ease concerns about AI use: paid internship

Figure A-18: Likely to ease concerns about AI use: more selective school
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Figure A-19: Likely to ease concerns about AI use: micro-credentials completed in-person

Figure A-20: Likely to ease concerns about AI use: micro-credentials completed online
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B Survey instrument

Figure B-1: Survey information presented to participants on Prolific

Note: Prolific posts an image and name of the institution associated with the research. This information
has been redacted in the image above.
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Figure B-2: Example of Type-A Resume
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Figure B-3: Example of Type-B Resume
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