Proceedings of the Eighth AAAI/ACM Conference on Al, Ethics, and Society (AIES 2025)

No Thoughts Just Al: Biased LLM Hiring Recommendations Alter Human
Decision Making and Limit Human Autonomy

Kyra Wilson', Mattea Sim?, Anna-Maria Gueorguieva', Aylin Caliskan'

'University of Washington
’Indiana University
kywi@uw.edu, matsim@iu.edu, agueorg @uw.edu, aylin@uw.edu

Abstract

Despite bias in artificial intelligence (Al) being a risk of their
use in hiring systems, there is no large-scale empirical in-
vestigation of the impacts of these biases on hiring decisions
made collaboratively between people and Al systems. It is
also unknown whether Al literacy, people’s own biases, and
behavioral interventions intended to reduce discrimination
affect these human-in-the-loop Al teaming (AI-HITL) out-
comes. In this study, we conduct a resume-screening exper-
iment (N=528) where people collaborate with simulated Al
models exhibiting race-based preferences (bias) to evaluate
candidates for 16 high and low status occupations. Simulated
Al bias approximates factual and counterfactual estimates of
racial bias in real-world Al systems. We investigate people’s
preferences for White, Black, Hispanic, and Asian candidates
(represented through names and affinity groups on quality-
controlled resumes) across 1,526 scenarios and measure their
unconscious associations between race and status using im-
plicit association tests (IATs), which predict discriminatory
hiring decisions but have not been investigated in human-
Al collaboration. This evaluation framework can generalize
to other groups, models, and domains. When making deci-
sions without Al or with Al that exhibits no race-based pref-
erences, people select all candidates at equal rates. However,
when interacting with Al favoring a particular group, people
also favor those candidates up to 90% of the time, indicat-
ing a significant behavioral shift. The likelihood of selecting
candidates whose identities do not align with common race-
status stereotypes can increase by 13% if people complete
an IAT before conducting resume screening. Finally, even if
people think Al recommendations are low quality or not im-
portant, their decisions are still vulnerable to Al bias under
certain circumstances. This work has implications for peo-
ple’s autonomy in AI-HITL scenarios, Al and work, design
and evaluation of Al hiring systems, and strategies for miti-
gating bias in collaborative decision-making tasks. In particu-
lar, organizational and regulatory policy should acknowledge
the complex nature of AI-HITL decision making when imple-
menting these systems, educating people who use them, and
determining which are subject to oversight.

1 Introduction
The use of artificial intelligence (AI) in hiring processes
has received increasing attention from researchers, regula-

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Job Status

High status
0.75 ¢ Low status
0.00 X

None Neutral Congruent/ Incongruent/ Congruent/ Incongruent/
Moderate  Moderate Severe Severe

Al Recommendation

Probability of picking >50%
white candidates
o o
5 8
e

Figure 1: Predicted probability of preference for White can-
didates in the resume screening task when participants see
no Al recommendation (None), unbiased recommendation
(Neutral), or recommendations which varied in direction
(Congruent/Incongruent) and magnitude (Moderate/Severe)
of bias. For AI Recommendation and Job Status, dots and
lines indicate estimates and 95% confidence intervals of hu-
man selection rates, and X marks the proportion of Al rec-
ommendations favoring White candidates. Without Al rec-
ommendations, people chose White and non-White candi-
dates at similar rates. With Al recommendations, people’s
choices closely paralleled Al suggestions, regardless of di-
rection or magnitude of Al bias.

tors, and employers. These technologies might improve the
efficiency of labor-intensive hiring processes, such that one
company reported saving over £1 million and decreasing hir-
ing time by 90% by incorporating Al screening tools into
their hiring procedures (Featured Customers). However, in-
creasing adoption of these systems is not without risks be-
cause they may exhibit different behaviors based on candi-
dates’ social identities rather than qualifications (bias), pos-
sibly leading to illegal discrimination (Fabris et al. 2025;
Wilson and Caliskan 2024; Glazko et al. 2024; Wilson
and Caliskan 2025). In 2018, Amazon reported an instance
of this when an internal hiring tool unfairly discriminated
against female applicants (Dastin 2018), eventually leading
to widespread interest in methods to prevent and/or mitigate
societal harms that result from biased systems.

In this paper, we describe a large-scale human subjects



Group Feature  Values
Asian First Name Hong, Huang, Xin, Yong
Last Name Chen, Kim, Nguyen, Tran
Black First Name Jamal, Leroy, Mohammad, Lamar
Jefferson, Johnson, Washington,
Last Name -
Williams
Hispanic First Name Alejandro, Jesus, Pablo, Santiago
Hernandez, Lopez, Martinez,
Last Name .
Rodriguez
White First Name Brent, Dustin, Gary, Todd
Last Name Johnson, O’Brien, Miller, Williams
. {Asian, Black, Hispanic, @} Student
Racial . D
Al Affinity Actloq Ass0c1at10n, ___ Student ‘
Or Association, ___ Student Leadership
& Coalition, ___ Student Union
{Chinese American, Haitian
Ethnic American, Mexican American,
Affinity English American} Association,
Org. ___ Heritage Club, ___ Society,

___ Youth Organization

Table 1: Features used on resumes to signal candidates’
racial identity.

experiment conducted to determine how people’s decisions
are impacted by biased Al hiring recommendations, and
whether individual traits or exposure to bias training moder-
ate these decisions. Prevailing guidance for working with Al
hiring tools responsibly and effectively is to use “human-in-
the-loop” Al teaming (AI-HITL) strategies (Tabassi 2023;
EU AI Act), meaning people and Al systems make decisions
collaboratively, with people having autonomy and agency to
review or alter Al decisions before they are enacted. There
are numerous reasons AI-HITL systems are favored, such as
providing flexibility for differing societal contexts, having
accountability, and producing reasoning that is consistent
with regulations and able to be challenged (Binns 2022). Ac-
cordingly, as of 2024, only 21% of companies reject appli-
cants without human review, suggesting AI-HITL is widely
used in hiring processes (Resume Builder 2024).

AI-HITL could be especially beneficial in high-stakes do-
mains such as hiring if people are able to counteract or mit-
igate Al biases, but whether this is possible is an open ques-
tion. First, humans themselves can be biased when making
hiring decisions (Bertrand and Mullainathan 2004); there-
fore they might not be capable of recognizing and correct-
ing Al biases, leading to harm for both employers and job
seekers. If this is the case, then AI-HITL strategies alone
may not be effective for mitigating biases which originate
from AI systems. Furthermore, bias in these systems could
be seen as a barrier to human autonomy, a capacity to act on
one’s own beliefs, values, motivations, and reasons (Prunkl
2024). This capacity is crucial and highly valued for high-
stakes decisions (Kim et al. 2024; Li et al. 2021; Aizenberg,
Dennis, and van den Hoven 2025).

In this study, we are the first to examine how (racially
biased) Al recommendations impact people’s decisions and
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how factors related to their unconscious bias training, expe-
riences, and perceptions contribute to their ability to act au-
tonomously and counteract biased Al recommendations. We
simulate a resume-screening task for 16 occupations where
participants select candidates to advance to another hypo-
thetical hiring evaluation. As racial stereotypes are often re-
lated to societal status (Fiske et al. 2018), these occupations
comprise both high and low status occupations which are
likely to align with or diverge from participants’ status-race
associations. Candidate profiles (which are controlled and
validated by human annotators) are shown with or without
simulated Al recommendations that vary according to racial
identities they favor (direction) and how much they are fa-
vored (magnitude). For example, Al recommendations may
be biased in ways that reinforce common racial stereotypes
(congruent) or that contradict them (incongruent). These Al
biases were grounded in simulations of resume screening
with real-world AI models or selected for counterfactual
analysis which can inform future system development.

Participants perform the resume-screening task either be-
fore or after taking an implicit association test (IAT), which
is similar to those used in workplace unconscious bias train-
ings (Williamson and Foley 2018). This study is the first to
investigate the role of implicit associations in moderating
AI-HITL decisions. We also collect information about par-
ticipants that could impact their interactions with Al and de-
cisions, such as their previous experience with hiring and us-
ing Al perceptions of the Al model used, and explicit race-
status beliefs. We conduct our experiment in three settings
based on racial/ethnic bias: comparing White vs. Black,
White vs. Asian, or White vs. Hispanic candidates. De-
spite the prevalence of gender and occupational stereotypes
(Caliskan, Bryson, and Narayanan 2017), we study racial
bias only among male candidates because disparate impacts
are greater for racial groups than gender groups when using
Al for resume screening (Wilson and Caliskan 2024).

In total, 528 participants completed 1,526 resume-
screening scenarios, making this the largest scale human
subjects experiment (to date) investigating interactions be-
tween humans and racially-biased Al in decision-making
tasks.! We use a framework which simulates existing and
hypothetical social effects of Al and can be generalized be-
yond resume screening to tasks in other AI-HITL domains,
and we make three main contributions, in addition to releas-
ing anonymized behavioral data from our experiment and
accompanying analysis code.?

First, when making decisions without Al or with unbiased
Al people select White and non-White candidates equally.
However, when interacting with Al favoring a particu-
lar group, people select those candidates up to 90% of
the time (as shown in Figure 1), suggesting Al bias prop-
agates to human decision makers. Second, completing an
IAT before the resume-screening task can increase par-

'Rosenthal-von der Piitten and Sach (2024) (the most similar
work to ours) studied immigrant bias favoring German or Turkish
candidates across 520 scenarios completed by 260 participants.

2Code and data are available at https://github.com/kyrawilson/
No-Thoughts-Just-Al



ticipants’ selection rate of stereotype-incongruent candi-
dates by 13%, indicating that system design and bias train-
ing can play a role in reducing Al bias propagation. Finally,
exploratory analysis of other contributing factors suggests
that people’s prior experience with hiring or Al and their
implicit biases and explicit beliefs regarding race and status
do not moderate hiring decisions. However, perceptions of
Al recommendation quality and importance do moder-
ate hiring decisions, meaning Al literacy interventions are
worth further investigation.

2 Related Work

Human-AlI teaming is a growing area of research, partic-
ularly in regards to the influence of Al systems on hu-
man behavior and decisions. For example, people may fol-
low incorrect recommendations or advice from Al (over-
reliance), and thus systems must be calibrated so that hu-
man and Al knowledge is complementary, and collabora-
tions improve upon individual performance. Some research
has highlighted the potential for explanations to reduce over-
reliance (Chen et al. 2023; Lee and Chew 2023), however
their efficacy is not universal and often depends on the type
of the explanation (Schoeffer, De-Arteaga, and Kuehl 2024;
Spatola 2024). Other experiments emphasize the role of psy-
chological factors such as propensity to trust and affinity for
technology interaction as moderators of reliance (Kiiper and
Kriamer 2025). Finally, task characteristics may also influ-
ence how likely people are to follow Al recommendations,
so situated evaluation is necessary. Vasconcelos et al. (2023)
show that explanations are more valuable when tasks are dif-
ficult, and Cao and Huang (2022) show that over-reliance is
less likely when tasks are easy.

Because Al tools used for hiring can be biased (Glazko
et al. 2024; Wilson and Caliskan 2024), with possible legal
consequences, evaluating and understanding human reliance
in this setting is essential. Some psychological traits like
extraversion and self-confidence influence recruiters’ like-
lihood to trust unbiased Al recommendations (Lacroux and
Martin-Lacroux 2022; Gonzalez et al. 2022), but there is lit-
tle work investigating the role of implicit biases in moderat-
ing AI-HITL scenarios, despite their association with deci-
sion making in hiring (Agerstrdom and Rooth 2011; Reuben,
Sapienza, and Zingales 2014). An additional reason to study
implicit associations is that they are commonly used to in-
form workers about their unconscious biases, which can
play a role in workplace dynamics as well as decisions
(Williamson and Foley 2018).

Implicit associations are typically measured using IATs,
first proposed by Greenwald, McGhee, and Schwartz (1998)
as a way to measure associations via differences in reaction
times when sorting words or pictures representing two con-
cepts of interest. Most studies predicting discriminatory de-
cision making with IATs use tests associating social cate-
gories and valence; however, associating categories with be-
liefs may be better at predicting behavior (Rudman and Ash-
more 2007; Montgomery et al. 2024). While studies such as
Agerstrom and Rooth (2011); Reuben, Sapienza, and Zin-
gales (2014) have shown relationships between non-racial
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White vs. White vs. White vs.
AIRec. Job Status Black Asian Hispanic
Nope  High N/A N/A N/A
Low N/A N/A N/A
High 500 500 500
Neutral [/ 500 500 500
. 835 765 610
Cong/  High (690 /.980) (.680/.850) (.470/.750)
0 L 830 695 770
ow (.870/.790) (.680/.710) (.880/.660)
Cong/ High 1.000 1.000 1.000
Sev Low 0.000 0.000 0.000
I ! Hieh 165 235 390
I\I/}Czng 18 (.390/.020) (.320/.150) (.530/.250)
0 L 170 305 230
ow (.130/.210) (.320/.290) (.120/.340)
Incong/ High 0.000 0.000 0.000
Sev Low 1.000 1.000 1.000

Table 2: Proportion of simulated Al recommendations that
favor White candidates in various combinations of Race, Job
Status, and magnitude and direction of Al Recommendation
bias. For Moderate bias conditions, two values are given for
jobs with worker demographics that approximate the overall
US population vs. those that do not. The results in this paper
are presented in terms of the average of these values.

social group associations and hiring outcomes, to our knowl-
edge this is not been investigated using associations between
racial groups and specific beliefs or in the context of Al-
HITL hiring.

Of the studies which do examine interactions with biased
Al the range of biases investigated are also limited to those
which are observed in existing systems or are congruent with
dominant societal stereotypes, limiting their generalization
to future systems which may exhibit different biases. Fur-
thermore, whether humans amplify or mitigate Al biases is
inconsistent (Peng et al. 2022; Bursell and Roumbanis 2024;
Rosenthal-von der Piitten and Sach 2024; Wilkens et al.
2025). We seek to address these limitations in AI-HITL in-
teraction evaluation by analyzing both existing and counter-
factual biases generated via theoretically informative sim-
ulations. Additionally, we investigate the role of individual
traits which are known to influence human-only hiring deci-
sions, such as implicit associations (Agerstrom and Rooth
2011), but have not been examined in the context of Al-
HITL scenarios.

3 Data and Methods

The study used a 6x3x2x2 mixed factorial design. The
partial within-subjects factor, Al Recommendation, had six
combinations of bias magnitude and direction: None (no
recommendation), Neutral (recommend White and non-
White candidates equally), Congruent/Moderate, Incongru-
ent/Moderate, Congruent/Severe, and Incongruent/Severe.
Congruent and Incongruent refer to the preference direction



of Al recommendations relative to dominant cultural stereo-
types in the US; Moderate and Severe refer to the magnitude
of Al bias. Each participant saw the None and Neutral levels
and both of either the Congruent or Incongruent levels (four
scenarios total). The second factor, Race, had three between-
subjects levels: White vs. Black, White vs. Asian, or White
vs. Hispanic. The third factor, Task Order, had two between-
subjects levels: Decision/IAT and IAT/Decision. The final
factor, Job Status, had two between-subjects levels: High
Status and Low Status.

3.1 Stimuli Materials

Occupations and Descriptions Because we were inter-
ested in hiring decisions in the context of racial bias due
to the strength of these biases in Al models (Wilson and
Caliskan 2024), we selected occupations likely to be asso-
ciated with particular racial groups. Specifically, we chose
occupations which are typically judged to be high or low sta-
tus because prior work has shown that people’s perceptions
of occupational status is related to the racial composition of
its workers (Valentino 2022) and that people have implicit
associations between status and race (Melamed et al. 2019,
2020). We selected high vs. low status occupations based on
their average annual salaries reported by the 2022 Ameri-
can Community Survey’s (ACS) 5-Year Estimates® ($30k-
$35k or $110k-$135k, respectively), as status ratings are
most predicted by pay (Valentino 2022). Within each set of
high or low status occupations, there was variation in actual
demographics and population size of US workers, including
both skewed and representative racial distributions. More
detailed information about the occupation selection proce-
dure is available in the Appendix.*

The set of 16 occupations selected included eight high
status occupations (sales engineer, construction manager,
industrial production manager, nurse practitioner, man-
agement analyst, talent agent, computer systems analyst,
health services manager) and eight low status occupations
(agricultural grader, housekeeper, home health aide, textile
presser, food preparer, bus person, sales associate, usher).
The authors wrote short descriptions of each occupation us-
ing information from O-NET/My Next Move> about the pur-
pose of the occupation and typical job duties plus informa-
tion about salaries from ACS. Figure 2 shows an example
description; complete occupation descriptions, salary, and
demographic information are available in the Appendix.

Resumes We used ChatGPT-40, one of the best perform-
ing generative large language models (LLM) according to
the Open LLM Leaderboard (Fourrier et al. 2024) in De-
cember 2024, to create eight hypothetical candidate work
histories for each occupation, following the approach used
by Armstrong et al. (2024) to generate fictitious resumes us-
ing GPT. The prompt is available in the Appendix. Existing
resume datasets could not be used because they do not con-
tain resumes for the occupations of interest, and we chose

3https://data.census.gov/app/mdat/ ACSPUMS5Y2022
“The Appendix is available at https://arxiv.org/a/wilson_k_1.
>https://www.mynextmove.org
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0[2]2]0]

A textile presser presses or shapes articles of clothing by hand or machine. Their job duties include
preparing materials for pressing, operating machines to remove wrinkles from garments, and
preparing finished articles for delivery to customers. The average yearly salary for this position is
$32.340
Imagine you are hiring for this position. Which three of the candidates below would you invite for an
interview?
candi al
Dustin Johnson
Dustin Johnson
showg X Dustin Johnsan should not be interviewed.
Hie Resuma Phone:
Email

Gary wiliams

Linkedln: [EEEREA]

show Resume
Hida Resume

Work Experience

Jesus Rodriguez

i d
shongewme X JesusRod

Huang Kim

show Resume
Hida Resume

Xin Chen

show Resume
Hida Resume

Figure 2: An example of the interface 575 participants
saw when completing resume-screening trials. They had
four minutes to complete each of four scenarios, in which
they read an occupation description, five candidate resumes,
and Al recommendations and selected three candidates that
should be invited for an interview.

not to gather resume content from websites like LinkedIn in
order to preserve individual privacy and comply with plat-
form policies.

The content of the generated work histories was vali-
dated by asking 40 participants recruited from Prolific to
score how qualified a candidate was for an occupation given
their work history. These participants reported using the
occupation start and end dates as quality metrics, so they
were removed from the work histories before being used in
the resume-screening experiment. For each occupation, we
used the work histories with the four most similar validation
scores as stimuli for resume screening to ensure the quality
did not meaningfully vary across candidates. More details
about procedure, analysis, and results of the resume quality
validation study can be seen in the Appendix.

To form a complete resume, each work history was aug-
mented with names and additional interests intended to sig-
nal a particular racial identity. First and last names were
picked from Elder and Hayes (2023), which describes and
releases a dataset of names rated on various traits by human
evaluators. We chose by names that were most associated
with each racial identity and excluded first names that were
more associated with women than men to avoid confound-
ing gender or intersectional associations (Fiske et al. 2018;
Shaked et al. 2016).

Although many hiring discrimination studies vary only
names to signal racial identities (Wilson and Caliskan 2024;



Bertrand and Mullainathan 2004), we include membership
in both racial and ethnic affinity groups as additional resume
content since names are not unambiguously and universally
associated with sociodemographic traits (Elder and Hayes
2023; Gautam et al. 2024). We include explicit race labels
by combining a randomly selected position (President, Vice
President, Treasurer, or Secretary) with the name of a ran-
domly selected racial affinity organization based on those at
universities, as shown in Table 1. For Black, Hispanic, and
Asian candidates, racial identity was explicitly stated, but
White candidates had no explicit race stated to avoid associ-
ations with White supremacist movements that could impact
quality judgments. Furthermore, in the US, White identity
is often assumed, even when not explicitly labeled, because
this is the dominant social group (Cheng, Durmus, and Juraf-
sky 2023). Because national and ethnic origin is also highly
associated with racial identity (Weerts et al. 2024), we indi-
cate membership in an additional randomly selected ethnic
affinity organization, also listed in Table 1.

Al Recommendations Al recommendations exhibited
various bias levels, which were determined either by simu-
lating resume screening in real Al systems or selecting coun-
terfactual biases which are theoretically informative for gen-
eralization to systems with biases different from those in our
simulation. In the None condition, no AI recommendations
were given; in the Neutral condition, exactly one White and
non-White candidate were recommended in each scenario.
In the Severe conditions, every White candidate and no non-
White candidates were recommended for High Status jobs,
and vice versa for Low Status jobs. These conditions were
designed to examine the most extreme instances of bias to
determine impacts on the bounds of human decisions.

To approximate real-world Al resume screening bias, we
followed the procedure introduced in Wilson and Caliskan
(2024) to evaluate resume screening in an LLM retrieval set-
ting. Congruent/Moderate bias was determined by perform-
ing resume screening and recommending White candidates
at the same rates they were preferred by LLMs. In the Incon-
gruent/Moderate condition, Al systems recommended non-
White candidates at the same rate White candidates were
preferred in the Congruent/Moderate condition.

To encode job descriptions and resumes augmented with
racial features into embedding representations, we used
three LLMs designed for embedding-based tasks which
also exhibit racial bias as shown in Wilson and Caliskan
(2024): E5-mistral-7b-instruct (Wang et al. 2023), GritLM-
7B (Muennighoff et al. 2024), and SFR-Embedding-Mistral
(Meng et al. 2024). After ranking the resumes according to
their cosine similarity with corresponding job descriptions,
we selected the top 10% of resumes and computed the pro-
portion from each racial identity. The final magnitude of bias
in the Moderate scenarios was the average of these propor-
tions across all models and occupations for high and low sta-
tus occupations, and they are shown in Table 2. Additional
details about the procedure, analysis, and results of the Al
resume-screening simulation are available in the Appendix.

IATs, Explicit Beliefs, and Survey Questions We as-
sessed participants’ implicit associations between status and
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racial identities using race-status materials from Melamed
et al. (2019) and Montgomery et al. (2024) in an IAT imple-
mented on Qualtrics with iatgen (Carpenter et al. 2019).
The experimental factor Task Order refers to whether or not
IATs appeared before or after the resume-screening task.
This is in order to determine whether interacting with TAT
trainings (similar to those currently used to mitigate uncon-
scious bias) before completing an AI-HITL decision-making
task is also useful for reducing biased outcomes.

We also asked people their explicit beliefs about status
and race, which are related to but distinct from implicit
associations because of their dependence on external so-
cial factors and relative stability (Hofmann et al. 2005). We
used a subset of 16 competence-related questions (eight each
about the White and non-White groups) from Fiske et al.
(2018)’s Stereotype Content Model scale, which measures
the strengths of people’s beliefs about the status of racial
groups. We used only questions related to competence be-
cause of its close links with status perceptions (Brambilla
et al. 2010; Fiske et al. 2018). Participants responded to each
question using a 5-point Likert scale.

Finally, we asked people about their impressions of the
Al recommendations, both in terms of their quality and how
important they were for making decisions; whether they
have previous experience hiring or managing employees;
and whether they have heard or read about Al being used
for hiring tasks. Participants responded to these using a 3-
point Likert scale. A complete list of IAT materials, explicit
beliefs questions, and survey questions are available in the
Appendix.

3.2 Participants

We recruited 575 participants from Prolific who live in the
United States, speak English fluently, and did not previously
validate the quality of generated work histories on Prolific.
Participants were not excluded from participation on the ba-
sis of any identities such as race or gender. Of these, 528
had usable data (exclusion criteria is described in Section
3.4)—47.9% were men, 50.4% were women, and the re-
maining 1.7% did not report one of these two identities. Par-
ticipants® average age was 39.1 years (SD=11.7). The ma-
jority (70.4%) of participants were White or European alone
or in combination with another racial identity; 21.3% were
Black or African alone or in combination with another iden-
tity; 7.2% were Hispanic or Latino/a/x alone or in combina-
tion with another identity; 5.0% were Asian or Asian Amer-
ican alone or in combination with another identity; finally,
1.3% indicated another race not investigated in this study.®
Only 30.0% of participants said they had taken an IAT pre-
viously, with the remainder saying they had not or weren’t
sure. We paid each participant $8.65 for approximately 25
minutes spent completing the experiment, in line with Seat-
tle’s minimum wage in January 2025.

SThese proportions do not sum to 100% because people can
belong to more than one group.
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Figure 3: Predicted probability of participants preferring
White candidates in resume screening split by Race, Job
Status, and AI Recommendation conditions. X marks the
proportion of Al recommendations favoring White candi-
dates. Particpants’ likelihood of preferring White candidates
is strongly associated with the Al Recommendation and Job
Status they saw, but not the Race.

3.3 Experimental Procedure

Before beginning the tasks, participants signed a consent
form and were randomly assigned to levels of the Race,
Task Order, Job Status factors. For AI Recommendation,
they were randomly assigned a subset of all conditions. De-
pending on their Task Order assignment, participants read
instructions for either the IAT or the resume-screening task
and completed that part of the experiment, followed by the
other part. In order to keep participants naive to the true pur-
pose of the study, they were told only that researchers were
interested in knowing whether Al recommendations were
similar to humans’ and if they improved decision-making ef-
ficiency. After completing both tasks, participants answered
questions about their explicit beliefs, Al and hiring experi-
ence, and perceptions of the Al recommendations. Finally,
we debriefed participants to the purpose of the experiment
after all tasks and questionnaires were complete; full instruc-
tions and debrief text are available in the Appendix.

In the resume-screening task, participants were given a
description of an occupation and the names and resumes of
five job candidates. There were four qualified resumes, two
of which belonged to White candidates and two of which
belonged to non-White candidates (either Asian, Black, or
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Hispanic, depending on the assigned Race condition); the
final resume lacked qualifications (as content was written
for an occupation different than the one of interest) and
they were never given a positive Al recommendation. Ad-
ditionally, this candidate’s apparent race was randomly cho-
sen from the identities not in the main comparison. This
distractor candidate was included for several reasons: first,
having three candidates of different races obscured the true
purpose of the experiment; second, the candidate was un-
ambiguously less qualified and thus served as an attention
check, such that selecting this candidate indicated a failure
to pay attention to the task resulting in the exclusion of that
trial from analysis.

Participants had four minutes to review all candidates’ re-
sumes and Al recommendations and select three of the five
candidates which they thought were most suitable for the
given occupation. We used this amount of time so that partic-
ipants spent approximately one minute reviewing each qual-
ified resume in order to align with the time constraints in
real-world resume screening (Chan 2024) that might cause
decision makers to rely on biased heuristics (Kahneman
2011). Once the four minutes had passed, participants could
no longer view the resumes and had to submit their choices.
Choosing three of five candidates provided a number of ben-
efits: first, it more realistically represents stages of resume
screening in which multiple candidates are compared simul-
taneously rather than the binary comparison used by most
laboratory resume-screening experiments; second, it forces
the participant to choose an unequal number of candidates
from each race (two White candidates and one non-White
candidate, or vice versa). Whether participants favor White
or non-White candidates in particular conditions can then be
estimated by modeling which racial majority is chosen most
often in response to different kinds of Al recommendations.

Participants completed four total trials of the decision
task. In the first trial, they saw no Al recommendations, only
candidate resumes. In the remaining trials, they saw resumes
and Al recommendations which were Neutral (recommend-
ing exactly one candidate from each comparison race), Con-
gruent/ or Incongruent/Moderate (recommending candidates
based on simulated levels of realistic Al racial bias), and
Congruent/ or Incongruent/Severe (recommending all can-
didates from one race and none from the other). The final
three trials were always presented in a random order after the
first trial, in order to avoid priming participants in scenarios
with no Al recommendations. An example of the interface
participants saw in each trial is in Figure 2.

In the race-status IAT task adapted from Montgomery
et al. (2024) and Melamed et al. (2019), participants sorted
words or pictures associated with targets (racial identities)
or attributes (social statuses) by pressing keys on a keyboard
in response to an item appearing on the screen. In the first
and second practice blocks, only targets and attributes are
sorted, respectively. In blocks three and four, targets and
attributes are sorted together. In the remaining blocks, the
prior three blocks are repeated with sorting categories ap-
pearing in reversed positions on the screen. This task takes
approximately five minutes. The IAT stimuli and an example
of the IAT interface is shown in the Appendix.
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Figure 4: Predicted probability of participants preferring
White candidates in resume screening split by Race, Job
Status, and Task Order. There is a significant interaction be-
tween Job Status and Task Order but no significant pairwise
comparisons. Trends show completing an IAT before the de-
cision task increases stereotype-incongruent beliefs by 13%.

3.4 Analysis

Al Recommendation, Race, Task Order, Job Status To
determine whether Al recommendations and IAT presenta-
tion order affected participants’ hiring decisions, we fit a bi-
nomial logistic mixed model (BLMM) with the default logit
link function. By using this model, we are able to model
the probability of a particular binary outcome (i.e. prefer-
ring White or non-White candidates); therefore, results are
discussed in terms of probabilistic outcomes. For the pre-
dictor variables, we investigated the interactions between Al
Recommendation, Job Status, and Race; Al Recommenda-
tion, Job Status, and Task Order; Race and Task Order; as
well as lower-order interactions and main effects. In addi-
tion to these fixed effects, we included random intercept ef-
fects for participant and occupation. The full model speci-
fication is in Equations 0-1. The regression models were fit
using the glmmTMB R package. Using the fit BLMM, we
conducted omnibus ANOVA analyses for main effects and
interactions using the car R package and post-hoc pairwise
comparisons using the emmeans R package.

Exploratory Factors Race-status IATs were scored ac-
cording to the algorithm in Greenwald, Nosek, and Banaji
(2003), which gives each participant an effect size score
d, where greater positive values mean greater stereotype-
congruent associations and smaller negative values mean
greater stereotype-incongruent associations. The strength of
Cohen’s d effect size used for IAT scoring is small for 0.2 <
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d < 0.5, medium for 0.5 < d < 0.8, and large for d > 0.8
(Cohen 2016). We also calculated Cohen’s d effect sizes for
each participant’s explicit beliefs about race and status using
their questions about White vs. non-White groups; the inter-
pretation is the same as for IAT d. Responses to other survey
questions were used as-is.

We used these predictors to conduct exploratory analy-
ses to determine which psychological or experiential factors
are likely to influence people’s decisions when interacting
with Al in a hiring setting. We fit another BLMM using the
predictors in Equations 0-1; interactions between Al Recom-
mendation, Job Status, and each exploratory factor; and in-
teractions between Race and IAT and explicit belief scores.
The full exploratory model is given in Equations 0-2.

We performed stepwise backwards elimination using the
buildlmer R package to determine which of these pre-
dictors were most likely to influence decision-making out-
comes. In this procedure, the model with all predictors is fit,
and then each predictor is successively removed from the
model if eliminating it improves the fit according to a likeli-
hood ratio test (Matuschek et al. 2017). Only the predictors
which contribute most to the model fit remain at the end. Al-
though stepwise regression shouldn’t be used for inference
or null hypothesis significance testing, it is acceptable for
exploratory analysis to determine which variables are most
suitable for further investigation (Tredennick et al. 2021;
Heinze, Wallisch, and Dunkler 2018; Zhou et al. 2024). Ad-
ditional analyses in the Appendix using variable importance
metrics and elastic net regression instead of stepwise regres-
sion corroborate findings presented in Section 4.2.

X = Al Recommendation * Job Status

©
(1) Response ~ X x Race + X * Task Order + Race * Task Order +
(1| Participant) 4+ (1]|Job)
(2) Response ~ ...+ X x IAT Score + Race * IAT Score +
X = Explicit Score + Race * Explicit Score +
X * AL Exp. + X = Hiring Exp. + X * Al Quality+

X * Al Importance

4 Results

4.1 Al Recommendation, Race, Task Order, Job
Status

After removing trials where participants selected distrac-
tor candidates, we reduced the number of trials for analysis
from 2,300 to 1,955. Furthermore, in the first wave of par-
ticipants, we found an error in the proportion of times candi-
dates were recommended in Neutral and Moderate Al Rec-
ommendation conditions. Excluding these trials left 1,526
total data points for analysis.”

Figure 3 shows predicted probabilities of favoring White
candidates by Race, Job Status, and Al Recommendation.
The most biased outcomes are in Severe conditions for

"We did not remove responses to None and Severe conditions
from the first wave of participants because they did not significantly
differ from the responses of participants in different waves, sug-
gesting the error did not effect other conditions.



Job A A A
Status AIRec.  Prob. AI Rec. None Neutral
None 493 N/A N/A .005
Neutral 488 -.012  -.005 N/A

High Cong/Mod .750  .013 257%  262%
Cong/Sev 904 -0.96%*%  411%*  416%*
Incong/Mod 250 -.013 -243* -238
Incong/Sev  .093  .093** -400%* -395%*

None 414 N/A N/A -.123
Neutral 537 .037 123 N/A

Low Cong/Mod  .704 -.061 .290**  .167
Cong/Sev 138 - 138%* - 276%* - 39Q%:*
Incong/Mod .227  -.008 -.187  -.310%*
Incong/Sev  .848 -.152%% 434**  3]]1%%*

Table 3: Predicted probability of participants preferring
White candidates in resume screening split by Job Status and
Al Recommendation (Prob.). The only conditions in which
participants’ preference rates differ from Al recommenda-
tion rates in Table 2 are for Severe bias (A Al Rec.), and
in most conditions where White and non-White candidates
were recommended at different rates, participants also se-
lected candidates at significantly different rates compared
to conditions without (biased) recommendations (A None
and A Neutral). Significant differences are indicated by *
(p<.05) or ** (p<.01).

high status jobs; participants favored White or non-
White candidates 90% of the time when given Congru-
ent or Incongruent recommendations, respectively. An
analysis of variance (ANOVA) for omnibus effects based on
BLMM fitting indicated a statistically significant main effect
of AI Recommendation (x*(5) = 51.515,p < .0001). There
were significant interaction effects between Al Recommen-
dation and Job Status (x*(5) = 171.389,p < .0001), and
Job Status and Task Order (x*(1) = 7.588,p = .006). Full
R outputs from the BLMM fitting and ANOVA are available
in the Appendix.

Table 3 shows the results of post hoc pairwise compar-
isons for interactions between Al Recommendation and Job
Status; we corrected p-values with Holm’s sequential Bon-
ferroni procedure (Holm 1979). There were no significant
differences in decisions made without Al recommendation
vs. Neutral recommendations for high status (z = .094,p =
1) or low status jobs (z = —.865, p = 1). All scenarios with
biased Al recommendations had significantly different re-
sponses than scenarios with no Al or neutral Al recommen-
dations, except for Neutral vs. Congruent/Moderate recom-
mendations (z = —2.190, p = .428) and None vs. Incongru-
ent/Moderate recommendations (z = 2.499,p = .224) for
low status jobs and Neutral vs. Incongruent/Moderate rec-
ommendations (z = 3.001, p = .065) for high status jobs.

In scenarios with recommendations, participants’ pre-
dicted probability of preferring White candidates only dif-
fered significantly from the AI’s probability of recommend-
ing White candidates in the most severely biased instances:
Congruent/Severe for both Low Status (z = —20.799,p <
.001) and High Status (z = —4.250,p < .001), and Incon-
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gruent/Severe for both Low Status (z = —7.341,p < .001)
and High Status (z = —17.968,p < .001), although partic-
ipants’ decisions were still pulled towards Al recommenda-
tions in these conditions. In conditions with Neutral or Mod-
erate recommendations, the rate at which participants se-
lected White candidates was not significantly different from
the rate at which Al recommended them, indicating very
close adherence to Al recommendations.

Although there were interaction effects between Task Or-
der and Job Status, no post-hoc pairwise comparisons were
significant. Figure 4 shows trends of differences: partici-
pants favor White candidates more for high status vs.
low status jobs for all levels of Race when completing re-
sume screening first. This difference is reduced/or even
reversed when participants complete the IAT task first.
For White vs. Black or Hispanic candidates, this is driven
by an 13.0% or 12.7% increase in preference for Black or
Hispanic candidates, respectively, for high status jobs. For
White vs. Asian comparisons, this is driven by a 12.6% de-
crease in preference for Asian candidates for low status jobs.

4.2 Exploratory Factors

IAT scores showed stronger associations between White
identities and high status beliefs compared to Black (d =
.260,0 = .465), Asian (d = .399,0 = .487), or Hispanic
(d = .467,0 = .450) identities. Explicit belief scores show
a similar pattern for White vs. Black (d = 1.790, o = 1.679)
and Hispanic (d = 2.086, 0 = 2.129) identities; high status
beliefs about White vs. Asian identities were more similar
(d = .109,0 = 1.312). Most participants reported having a
small amount of experience hiring and managing employ-
ees (39.2%), knowing a little about the use of Al in hir-
ing (52.9%), and thinking Al recommendations were mod-
erately important (48.9%) and good quality (52.5%). Addi-
tional descriptive analysis is available in the Appendix.

Of these factors and relevant interactions, the backwards
elimination procedure reduced the set of possible predictors
to the significant factors discussed in Section 4.1 and three-
way interactions between Al Recommendation, Job Status,
and Al recommendation quality or importance. Other fea-
tures such as IAT scores, explicit belief scores, hiring ex-
perience, and Al familiarity did not significantly contribute
to the model fit. Additionally, random effects for participant
and job also did not improve model fit significantly.

Figure 5 shows the change in participants’ predicted prob-
abilities of favoring White candidates in conditions with or
without Al recommendations grouped by their responses to
questions about the quality and importance of Al recom-
mendations. First, even if participants reported that AI
recommendations were poor quality or not important,
their decision making in scenarios with AI recommen-
dations still deviated from those without. For example,
compared to the None condition, people who said Al recom-
mendations were poor quality were still 44.6% less likely to
prefer White candidates for high status jobs when presented
with Al recommendations favoring non-White candidates in
the Incongruent/Severe condition. Additionally, while the
decisions of those who said recommendations were not
important changed only 4% on average in Congruent/-
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Figure 5: The difference in predicted probability of preferring White candidates between conditions with Al recommendations
and no recommendation. (A) shows differences split by participants’ response to whether they found Al recommendations
important. (B) shows differences split by participants’ impressions of the quality of Al recommendations. Those who thought
recommendations were important or high quality tended to make more biased decisions. However, the decisions of those who
thought AT Recommendations were not important or low quality were also still impacted by biased recommendations.

Severe conditions compared to the None condition, they
changed 49.3% on average in Incongruent/Severe con-
ditions. These results suggest that people’s perceptions of
biased Al recommendations may not always align with their
behavior, which also depends on who the Al bias favors.

5 Discussion
5.1 Societal Impacts of Bias Propagation

Since Bertrand and Mullainathan (2004)’s landmark study in
which resumes with White names received 50% more call-
backs than those with Black names, there has been progress
in reducing people’s biased implicit and explicit racial asso-
ciations (Charlesworth and Banaji 2022). That may or may
not translate to a reduction in hiring discrimination (Quillian
and Lee 2023); however our study suggests positive change
as participants had no significant selection rate differences
across races without Al involvement. This result is threat-
ened by the growing incorporation of Al into hiring pro-
cesses. We observed that people almost exactly replicate Al
biases when conducting resume screening, and there is evi-
dence that using biased Al for collaborative decision making
can result in outcomes that can both exacerbate and mitigate
societal inequalities, depending on the context.

For example, when pairing Congruent recommendations
with high status jobs, we find that people are more likely
to select White candidates, replicating or amplifying exist-
ing stereotypes and inequalities (Valentino 2022). However,
when subjects see Incongruent recommendations with high
status jobs, they are more likely to select non-White can-
didates, which could reduce or reverse current disparities.
The impact Al recommendations have on people’s decisions
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in high-stakes domains is therefore critical to both design
for and evaluate, especially given the current environment
where AI-HITL processes are often less scrutinized than
those using Al in isolation (Weber 2024; Yang et al. 2025).
These findings relate to a growing body of evidence that
Al interaction can inhibit people’s autonomy and change
their cognition. This has already been observed in collabora-
tions with generative Al to write about social media (Jakesch
et al. 2023) and complete work-related tasks (Lee et al.
2025). In this study, we conduct a comprehensive analysis
of AI-HITL for resume screening, which is a high-stakes do-
main not yet subject to systematic oversight. We find similar
patterns suggesting that human decision making is compro-
mised by the presence of biases in Al models. In particu-
lar, people’s autonomy is impacted because the biased Al
recommendations exert a non-transparent influence on peo-
ple’s capacity to think and reflect critically about their deci-
sions (Prunkl 2024). This has been discussed extensively in
the context of online recommendation algorithms (Sharma,
Hofman, and Watts 2015; Solsman 2018), but the growing
prevalence and influence of Al suggests further investiga-
tions similar to the one conducted here are warranted in the
AI-HITL field as well. This should not be limited to hiring
tasks, but also applied to other domains where high-stakes
decisions are made in collaboration between humans and Al
systems, such as education, finance, and healthcare.

5.2 Designing Systems to Mitigate Biases

Although people’s vulnerability to propagating Al bias is
worrying, our work also offers possible design solutions that
could mitigate harms. First, given people’s reliance on Al
recommendations, it is important to ensure that these sys-



tems do not exhibit systematic bias favoring or disfavoring
particular groups. Unfortunately, third-party fairness audits
of AI hiring systems are exceedingly rare, and companies’
own statements about the fairness of their systems are of-
ten vague or unspecific (Raghavan et al. 2020; Sanchez-
Monedero, Dencik, and Edwards 2020). Therefore, in addi-
tion to research dedicated to making Al systems less biased,
there should also be investment in infrastructure to make
large-scale, real-world evaluation of these systems possi-
ble. This is especially important for studying the risks of
Al bias propagation to groups at the intersection of multi-
ple marginalized identities, who are both at a greater risk of
harm from these systems and also under-studied compared
to groups with only a single axis of marginalized identity
like race or gender (Wilson and Caliskan 2024).

Another possible design solution is incorporating or re-
purposing unconscious bias trainings, which are already
used by public and private employers and institutions, often
in the form of IATs (Williamson and Foley 2018). Partic-
ipants who completed an IAT before the resume-screening
task made less stereotypical decisions when interacting with
biased Al than those who did the tasks in the reverse order.
Because we did not find that race-status IAT scores them-
selves were a predictor of decisions, it may be the case that
other ways of priming or informing people about stereotyp-
ical associations could also be effective for increasing re-
silience to Al biases. Future work can investigate additional
ways of designing AI-HITL systems so that people can be
more aware of their own biases, prevalent societal biases,
and Al system biases in order to make fully informed deci-
sions. Additionally, more empirical evaluations of AI-HITL
scenarios that specifically assess interactional components
in addition to final decisions are necessary to design systems
that are transparent and reliable (Zhou et al. 2024).

5.3 Strengthening the ‘Human’ in AI-HITL

Improving Al literacy can also make people less susceptible
to Al bias, given that participants’ perceptions of Al recom-
mendation quality and importance contributed to their deci-
sions. There was not a straightforward association between
participants’ thinking that Al recommendations were high
quality or important and their likelihood to follow those rec-
ommendations, meaning that education must teach people
how to calibrate their judgments of Al performance while
interacting in a collaborative manner. Teaching people to no-
tice when Al is biased also seems like a particularly promis-
ing endeavor—Rosenthal-von der Piitten and Sach (2024)
find that reliance on Al recommendations decreases when
people notice the recommendations are biased. In our study,
we found that the Al biases which are most “obvious” (i.e.
Congruent/Severe biases, which align most strongly with
common societal stereotypes associating White candidates
with high status jobs and non-White candidates with low sta-
tus jobs) were the biases which were least likely to change
decisions of participants who reported that Al recommenda-
tions were not important. When biases were the same sever-
ity but favoring the opposite candidates, these participants
were just as likely to be influenced by biased recommenda-
tions as those who thought Al recommendations were im-

2701

portant. This suggests that Al literacy education should not
only refer to societal contexts which are common, but also
those with which people may be less familiar and might
emerge independently within Al systems, such as associat-
ing stereotypically low-status groups with high-status jobs.
While our findings suggest that AI-HITL decision mak-
ing will not prevent Al bias in resume screening as it is cur-
rently used, we do not suggest removing people from the
decision process entirely. People are an essential component
of systems responsible for high-stakes decisions because of
their flexibility, accountability, and moral capacity. Rather,
we suggest that the scope of Al evaluation and develop-
ment is expanded to account and optimize for complex sys-
tems of collaboration and interaction between humans and
Al systems in addition to increasing training and education
for decision-makers using Al models so that their behavior
and cognition is more resilient to Al bias. Efforts from all
stakeholders will be necessary to combat Al bias in the hir-
ing domain, which is critical both for employer compliance
with anti-discrimination law and for job seekers looking to
improve their economic opportunities and satisfaction.

5.4 Limitations

Though our study provides strong evidence for Al bias prop-
agation in resume screening, tests in other experimental set-
tings with different screening paradigms are also useful—
for example, those that assign scores rather than binary rec-
ommendations or where people select a variable number of
candidates. Furthermore, qualitative and observational stud-
ies with experienced hiring and recruiting professionals can
provide additional insights about bias propagation. Due to
the complexities of using simulations to investigate Al re-
sume screening in the absence of proprietary system access,
complementary research will be useful to establish the risks
of using these systems across all AI-HITL settings.

6 Conclusion

In this study, we investigated interaction and collaboration
between people and (racially biased) Al systems in a quality-
controlled resume-screening task. We found that without Al
recommendations or with recommendations that expressed
equal preference for White and non-White candidates, peo-
ple preferred White and non-White candidates at equal rates.
However when Al recommendations were biased, people’s
preference rates for candidates did not significantly differ
from the probability of Al recommending them in most
cases. This suggests that AI-HITL workflows cannot effec-
tively mitigate Al biases as they are currently implemented
because Al bias propagates to human decision makers. Im-
plicit association tests, which are already utilized by many
employers for unconscious bias trainings, can also increase
people’s resilience to biased Al recommendations and fur-
ther investigation should examine how to best incorporate
these and other tools into hiring processes. These findings
have implications for the future of work, policies and regu-
lations governing the use of Al hiring systems, how people
are taught to use these tools, and the ways in which they can
be designed to reduce existing societal disparities and miti-
gate AI-HITL bias propagation.
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