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Likelihood of Questioning AI-Based
Recommendations Due to Perceived

Racial/Gender Bias
Carlos M. Parra, Manjul Gupta, and Denis Dennehy

Abstract—Advances in artificial intelligence (AI) are giving rise
to a multitude of AI-embedded technologies that are increas-
ingly impacting all aspects of modern society. Yet, there is a
paucity of rigorous research that advances understanding of
when, and which type of, individuals are more likely to ques-
tion AI-based recommendations due to perceived racial and
gender bias. This study, which is part of a larger research
stream contributes to knowledge by using a scenario-based survey
that was issued to a sample of 387 U.S. participants. The find-
ings suggest that considering perceived racial and gender bias,
human resource (HR) recruitment and financial product/service
procurement scenarios exhibit a higher questioning likelihood.
Meanwhile, the healthcare scenario presents the lowest question-
ing likelihood. Furthermore, in the context of this study, U.S.
participants tend to be more susceptible to questioning AI-based
recommendations due to perceived racial bias rather than gender
bias.

Index Terms—AI-based recommendations, artificial intelli-
gence (AI), gender bias, racial bias.

I. INTRODUCTION

ARTIFICIAL intelligence (AI)-embedded digital technolo-
gies continue to permeate and reshape our daily working

and social lives, with household names such as Netflix using
machine-learning algorithms to analyze billions of records to
suggest films that users might like based on previous reac-
tions and choices of films [1]. The hype surrounding AI
is breath taking, with International Data Corporation (IDC)
predicting that the global market will exceed U.S. $500 bil-
lion by 2024 [2]. This hype has fueled an expectation that
“over the next decade, AI will not replace managers, but man-
agers who use AI will replace those who do not” [3, p. 20].
Even though, by some estimates, AI would eliminate 75 mil-
lion jobs, it would also help create 133 million new emerging
roles, more adapted to a new division of labor between AI and
humans [4].

It is widely accepted that inclusive policies aimed at promot-
ing and advancing diversity are important catalyzers of inno-
vation and economic development [5]. However, private and
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public sector organizations adopting AI-embedded technolo-
gies that use AI-based recommendations, may be perpetuating
and exacerbating society’s implicit biases. Not only impos-
ing limits on the advancement and cultivation of diversity and
inclusion but perhaps even forestalling it.

Unfortunately, this is not a new phenomenon, as it was
first recognized in the 1980s when the United Kingdom’s
Commission for Racial Equality found that a British medical
school was using a computer program to help identify applicants
to be interviewed that was biased against women and minor-
ity applicants [6]. This is especially troubling when it occurs
in various important realms of daily life. For example, in the
realm of criminal justice and crime prevention, an algorithm in
Broward County (Florida) used to identify convicted criminals
likely to reoffend produced a double number of false positives
for African Americans than for whites. In essence, it incorrectly
identified black defendants as “high risk” at twice the rate it
labeled white defendants as such [7]. In the realm of hiring and
recruitment, Amazon stopped using a human resource (HR)
algorithm that showed high-paying jobs to men much more
than to women, as it favored applicants’ resumes containing
words that were more commonly found on men’s [8]. In the
context of healthcare, an algorithm used to predict healthcare
needs was found to exhibit significant racial discrimination as it
considered health expenses and costs as a proxy for healthcare
needs, without having first controlled for evident inequalities
in access to healthcare services [9].

Although the existence of algorithmic bias (and of
subsequent biased AI-based recommendations) has been
acknowledged, extant research has just started to system-
atically investigate the conditions under which individuals
might question AI-based recommendations due to perceived
racial/gender bias. A recent study [10] examined which
national cultural values espoused by individuals, might lead
them to question AI-based recommendations when perceived
as exhibiting racial or gender biases and reported that indi-
viduals who espouse national cultural values associated with
collectivism, masculinity, and uncertainty avoidance are more
likely to question biased AI-based recommendations [10]. As
our study builds upon extant literature, it contributes to the tra-
dition of accumulative building of knowledge as we consider
the same scenarios utilized in the previous study. To this end,
the aim of this study is to “examine when or under which
daily life circumstances individuals would be (on average)
more likely to question biased AI-based recommendations.”
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The remainder of this article is structured as follows.
First, a synthesis of the extant literature is presented. Next,
the research methodology is outlined. Then, the results are
presented, followed by a discussion. This article ends with
limitations, future research, and conclusions.

II. LITERATURE REVIEW

Keeping in mind that “scholars have been posing crit-
ically important questions regarding ubiquitous computing
since at least the last quarter century” [10, p. 3]. During the
past decade, AI-based recommendations have given academics
additional justification for their misgivings. For instance, geog-
raphers have expressed doubts about the adequacy of land
use/land cover classification models [11]. Similarly, doctors
have raised concerns about the accuracy of AI-based diagnos-
tic tools [12]. All of which, understandably, has led lawyers
to probe the laws and policies that should govern automation
in general [13].

In addition, automated decision making, by minimizing
human involvement, encounters, and interactions, limit the
sense of otherness, and of common humanity, essential to
strengthening the social fabric of communities [14]. In turn,
arguably, making it easier to depersonalize (and even to
vilify) out-groups, for instance, by means of social-media-
facilitated interactions riddled with polarizing recursive per-
formative affordances. All of which, may lead to associated
worldview gaps that strain social ties [15]. Alternatively, it
may be the case that academics and advocates of AI and
AI-based recommender systems need to be aware of algo-
rithmic bias as such instances are being discussed beyond
traditional media and academic journals, such as social
media.

Regardless of the reasons why the topic at hand may
be top of mind to readers, we do subscribe to the notion
that information systems in general, and AI in particu-
lar, ought to be used for the economic and public good.
Indeed, AI can play an essential role in helping achieve
the United Nations Sustainable Development Goals [16].
Specifically, as mentioned previously, AI ought to help
advance an institutions’ diversity and inclusion efforts and not
obstruct.

III. METHODS

It is considering the above that, here, we aim at helping elu-
cidate which settings would make biased AI recommendations
more noticeable to a sample of U.S. participants, by comparing
the average likelihood of questioning biased AI-based recom-
mendations in different contexts. Furthermore, we do this, on
the one hand, to complement findings related to which type
of individuals are more likely to question AI-based recom-
mendations when perceived as biased due to race or gender.
On the other hand, to help set a prioritized agenda for tack-
ling instances in which AI may be inhibiting the advancement
of diversity and inclusion (by helping perpetuate societies’
biases). Thus, in this section, we describe our participants,
as well as the scenarios considered.

A. Participants

A sample of U.S. participants was recruited using Amazon
Mechanical Turk (MTurk). Mturk was chosen because it
has been proven to be an effective data collection tool in
many fields, producing results equivalent to studies performed
in laboratory settings [17]. The sample of 387 U.S. par-
ticipants included 237 male and 150 female respondents.
The mean age of participants was 38 years. Participants
received U.S. $1.50 for completing the survey. Survey
responses that failed attention checks were omitted from the
analysis.

B. Survey Scenarios

The survey was designed to gauge individuals’ likeli-
hood of questioning biased AI-based recommendations in
seven different scenarios, namely: 1) security screening (e.g.,
airport immigration kiosks); 2) HR recruitment; 3) block-
ing user-generated online content; 4) procurement of finan-
cial products/services; 5) booking hotel online; 6) booking
travel online; and 7) healthcare (see Table I). The seven
scenarios used in this study are based on examples of
racially and gender-biased AI-based recommendations that
occurred in real life [10]. References to academic research
and news items involving biased AI-based recommenda-
tions in the seven scenarios considered are also listed in
Table I. In addition, the readability and clarity of these
seven scenarios were calibrated using a pilot survey of
60 participants.

Before answering questions concerning racial bias, partic-
ipants first read the heading “Let us imagine that you and
a friend have the same gender, age, as well as practically
identical educational and professional achievements but have
a different race. How likely are you to question the follow-
ing outcomes?” They then were asked to rate on a 5-point
Likert-type scale where 1 meant Highly Unlikely, and 5 meant
Highly Likely the likelihood of them questioning the AI-based
outcome in each of the seven scenarios. Similarly, before
answering questions concerning gender bias, participants first
read the heading “Let us imagine that you and a friend have
the same race, age, as well as practically identical educational
and professional achievements but have a different gender.
How likely are you to question the following outcomes?”
And, once again, participants were asked to rate the like-
lihood of them questioning the AI-based outcome in each
scenario.

IV. RESULTS

The influence that individual characteristics (associated to
espoused national cultural values) may exert on the likelihood
of questioning biased AI-based recommendations has been
elucidated elsewhere [10]. Here, we gauge (on average) how
likely a sample of 387 U.S. participants would be to ques-
tion biased AI-based recommendations in different scenarios.
Fig. 1 shows that on average our sample of 387 U.S. partici-
pants was more likely to question AI-based recommendations
due to perceived racial bias when scenarios involved security
screenings or HR recruitment situations.
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TABLE I
AI-BASED RECOMMENDATION SCENARIOS EXHIBITING

GENDER/RACIAL BIAS

While survey respondents were least likely to question
AI-based recommendations due to perceived racial bias in
healthcare settings. Regarding gender bias, survey respon-
dents were most likely to question AI-based recommendations
when scenarios entailed procuring financial products/services
and HR recruitment, and least likely to do so in a health-
care scenario. Thus, considering perceived racial and gender
bias, healthcare situations offered the lowest questioning likeli-
hood, while HR recruitment ones exhibited higher questioning
likelihood.

We also conducted paired t-tests to compare the like-
lihood of questioning AI-based recommendations due to
perceived racial to that of perceived gender bias per sce-
nario. In Table II, mean differences for security screenings
and HR recruitment scenarios are statistically significant

Fig. 1. Survey respondents’ likelihood of questioning AI-based recommen-
dations due to perceived gender/racial bias in seven scenarios.

TABLE II
MEANS AND PAIRED MEAN DIFFERENCES IN LIKELIHOOD OF

QUESTIONING AI-BASED RECOMMENDATIONS DUE TO PERCEIVED

GENDER/RACIAL BIAS IN SEVEN SCENARIOS

(with p < 0.01), also for when user-generated online con-
tent is blocked (with p < 0.05), as well as for when
individuals procure financial products/services (with p ≤
0.10). This indicates that when both gender and racial
bias are perceived at the same time in these four sce-
narios, our sample of 387 U.S. participants appeared to
be more susceptible to questioning AI-based recommenda-
tions due to perceived racial bias than gender bias. For the
remaining three scenarios (i.e., when individuals are booking
travel/lodging services or in health care settings), since the
difference is not statistically significant, both racial and gen-
der bias are equally likely to trigger questioning of AI-based
recommendations.
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V. DISCUSSION

From a theoretical perspective, biased AI-based recom-
mendations (emerging out of unintentionally ill-conceived
biased algorithms), provides additional justification for hav-
ing misgivings about ubiquitous computing, specifically, the
detrimental effects that the perpetuation of societies’ biases, by
means of AI-embedded digital technologies, may have on the
promotion of diversity and inclusion should be explored and
quantified. These adverse impacts could include the inadver-
tent attenuation of efforts aimed at mitigating risks associated
with misguided/biased viewpoint reinforcement, and associ-
ated worldview gaps.

From a practice perspective, it is evident that algorith-
mic bias can arise in the day-to-day use of AI-embedded
technologies or other mediating technologies. For example,
HR recruitment is a business function in which organizations
have been increasingly employing AI-based recommenda-
tions for screening candidates [27]. It would, however, not be
counterintuitive for potential employees, to feel discouraged,
disenfranchised, and perhaps even betrayed if they perceived
that the AI systems used by organizations they wish to work
for, were biased against them because of their race or gen-
der. Such situations could be perceived as corporate infractions
that could in turn initiate negative word-of-mouth transmission
chains as well as associated protests against the organizations
in question, and reputational damage [28].

Tradeoffs between failure to adopt AI-embedded technolo-
gies to augment organizational capabilities and exposure to
adverse situations in which individuals (i.e., users) or groups
(i.e., consumers, employees, suppliers, etc.) may feel discrim-
inated against can be managed. For example, by implementing
algorithmic fairness initiatives that should be reported on
(and clearly communicated) by developers of AI-based rec-
ommender systems, as well as by organizations adopting
them. Specific adjustments could entail modifying algorith-
mic learning objectives such that special treatment is afforded
to protected groups or incorporating mechanisms that help
compensate for outcome inequities between protected and
unprotected groups. In addition, managers deciding to adopt
AI-based recommender systems should be aware of the possi-
bility that these may lead to biased outcomes. And thus, these
managers should make special efforts to understand why and
how their AI-embedded technologies could end up helping
perpetuate and exacerbate society’s implicit biases. These pos-
sibilities and understandings should then be communicated and
explained to their employees (as well as to other stakehold-
ers), along with relevant algorithmic fairness measures being
implemented to help mitigate associated risks.

Critically, investigating the conditions under which indi-
viduals might question AI-based recommendations due to
perceived racial and gender bias, could help multilateral orga-
nizations, governments, as well as private enterprises set a
prioritized agenda for addressing situations in which AI-
embedded technologies may be more noticeably forestalling
their diversity and inclusion efforts. Specifically, mitigating
possible racial bias should be the focus of organizations and
individuals involved in security screenings, HR recruitment,
and the procurement/facilitation of financial products/services.

Similarly, gender bias mitigation should be prioritized by orga-
nizations/individuals working on HR recruitment, as well as
the procurement/facilitation of financial products/services.

VI. LIMITATIONS AND FUTURE RESEARCH

As with all research, this study has limitations, which also
offer directions for future research. For instance, it seems puz-
zling that while booking online hotel/travel and in healthcare
scenarios, study participants might be equally susceptible to
questioning AI-based recommendations due to racial and gen-
der bias. Similarly, psychological/behavioral or perhaps even
sociological reasons for why, during security screenings, our
participants could be more susceptible to questioning AI-based
recommendations due to racial bias than gender bias should
be studied. Insofar as this outcome might be the consequence
of a uniquely racially charged juncture in the U.S.

In addition, we did not include a situational outcome asso-
ciated with a racially biased criminal justice scenario (e.g.,
sentencing recommender systems). However, considering the
social unrest and upheaval that have transpired throughout
the U.S. with protests against racial injustice, it would not
be counter-intuitive to assume that such scenario would have
grouped along with security screenings and HR recruitment
and exhibited a high likelihood of being questioned. In addi-
tion, the questioning of AI-based recommendations due to
perceived gender bias in HR recruitment situations and while
individuals procure financial products/services, when consid-
ered together, may be pointing to the need to explore equal
pay for equal work issues in different industries. However,
it may be challenging to succinctly portray a situational out-
come associated with an AI-related wage gap for co-workers
of the same race, age, as well as practically identical educa-
tional and professional achievements but who have different
gender. Future research could include more scenarios and
explore how individuals with different personalities react to
biased AI-based recommendations. Finally, as all participants
in this study live in the U.S., future research may consider
including participants from other countries to broaden the
generalizability of the study findings.

VII. CONCLUSION

The study aimed to gauge the likelihood of individuals-
based in the U.S., to question biased AI-based recommen-
dations in seven different scenarios. This study highlights
the importance of private and public sector organizations not
blindly adopting potentially biased AI-based recommenda-
tions. Not just to avoid damaging news coverage but perhaps
also associated class action ligation. Implementing awareness
training on biased AI-based recommendations, in contexts,
such as security screenings, HR recruitment, and financial
product/service offerings would help promote algorithmic fair-
ness, which in turn would advance and cultivate a diverse and
inclusive American society.

The findings have implications for strengthening fairness in
AI-based recommender systems, the use of which has become
ubiquitous in nearly all business functions. Finally, research
on the people side of AI-based recommender systems and
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how organizations can unknowingly exacerbate the unintended
consequences of such systems, as well as proactively miti-
gating such risks, requires greater scrutiny by the academic
community.
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