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Abstract

The use of emotion artificial intelligence to evaluate job-seekers
during the interview process raises concerns about injustice, par-
ticularly among minoritized individuals. However, we know little
about how job-seekers experience emotion Al interviews compared
to non-emotion Al or human resources (HR) interviews. We ad-
dress this gap through a 3(Evaluation Source: Emotion Al, AL, HR) x
2(Outcome Favorability: Recommended, Not Recommended) exper-
iment. Participants (n = 456) underwent a mock interview assuming
real-time evaluation. We find those who partook an interview eval-
uated by emotion Al perceived significantly lower levels of justice
than that evaluated by HR, with this relationship partially depen-
dent on outcome favorability. Additionally, identity attributes (e.g.,
gender, race, disability) and privacy concerns significantly influ-
enced the information disclosed and emotional labor exerted during
the interview. We discuss practical implications for emotion Al use
in job interviews as well as broader methodological implications
for capturing real-time engagement with Al systems.
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1 Introduction

Emotion artificial intelligence (emotion Al) refers to a class of af-
fective computing technologies [76] that uses computational tech-
niques [90] promising to infer people’s emotions [59] through ana-
lyzing data such as facial expression, tone of voice, language, and

This work is licensed under a Creative Commons Attribution 4.0 International License.
FAccT °25, Athens, Greece

© 2025 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-1482-5/25/06

https://doi.org/10.1145/3715275.3732002

Nazanin Andalibi
University of Michigan
Ann Arbor, USA
andalibi@umich.edu

body gestures [60]. Emotion AI has been deployed across indus-
tries including health [42, 54, 86], education [60], advertising [65],
automotive [50], the workplace [88], and hiring [81, 87]. In fact,
the emotion Al market is expected to exponentially increase from
its current levels. One report estimates its market value will reach
$42.9 billion by 2027 [56]. Despite its growth, researchers have chal-
lenged its scientific validity [9, 96], accuracy [44, 54], and bias [54],
along with ethical [4, 96] and privacy concerns [21, 62].

Emotion AT has received targeted scholarly and practical atten-
tion in the context of hiring, where it serves as an evaluator of
job-seekers’ virtual interview performance [81, 87]. Qualitative
evidence suggests job-seekers perceive injustice and foresee the ex-
ertion of additional emotional labor if emotion Al is used in virtual
job interviews [81]. This unjust reality contrasts with promises from
emotion Al hiring vendors to improve accuracy and fit or reduce
bias in hiring [87]. That being said, we lack a real-time assessment
of individuals’ experiences with and perceptions of an asynchro-
nous job interview that is evaluated by emotion Al including how
its use may impact disclosure and exerted emotional labor. This
is important not only because of the implications emotion Al use
may have on job-seekers’ livelihoods, but also due to the absence
of reliable audits of existing systems [30] and the challenges those
who may wish to audit these systems face [12]. Calls for greater
fairness, justice, and protections against harms in algorithmic hir-
ing [91] are even more pertinent with the inclusion of emotion data
given its highly intimate nature [60] and private dimensions [4].

This study builds on qualitative research which has explored
emotion Al use in hiring [81, 87] and experimental work which has
uncovered the differences between virtual interviews conducted
by Al and a human [64, 99]. It remains unclear how the presence
of emotion inference engenders unique responses and perceptions
about a virtual job interview. In light of this, we investigate indi-
viduals’ interactions with an emotion Al hiring system, parsing
distinct responses in terms of 1) disclosure, 2) justice, and 3) emo-
tional labor as compared to alternative interview evaluators (i.e., A
without emotion inference capabilities, human resource (HR) pro-
fessionals).! This comparison will demonstrate the causal effect of
algorithmic emotion inference in hiring on job-seekers’ behaviors
and perceptions. Further, we examine how privacy concerns and
identity factors like race, gender, and disability shape these relation-
ships, as individuals from minoritized groups along these axis often
bear the brunt of negative surveillance impacts [69, 84]. Building
on previous research [1, 8] we also address how favorability of
the interview outcome may moderate the relationship between the

! Any reference to "asynchronous" or "virtual" job interviews/hiring systems through-
out this paper maintains characteristics shared by all three interview systems.
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evaluation source and perceptions of justice. An illustration of our
conceptual framework is included in Figure 1.

Outcome favorability

Perceptions of Justice
Disclosure
Emotional labor

Evaluation Source

Privacy concerns

[ Mdentity factors (race, gender, disabiliy) |

Figure 1: Conceptual Framework. The straight lines represent
direct relationships whereas the dashed lines represent the
moderating relationships explored in this study. The "X"
represents an interaction effect between "Evaluation source”
and "Outcome favorability" on "Perceptions of justice".

We conducted an online experiment with a representative United
States (U.S.) sample and oversampled for individuals with disabili-
ties, people of color (POC), and transgender and non-binary people
(n = 456). All participants underwent a mock virtual interview
during which they were under the impression they were being eval-
uated by emotion Al, Al with no emotion inference capabilities, or
an HR professional. After answering a series of interview questions
via a video recording and being randomly presented with an out-
come for their performance (favorable/unfavorable), participants
answered questions about their experience.

Based on a real-time experience with an asynchronous mock
interview, our findings demonstrate emotion Al is indeed perceived
as an unjust evaluator for hiring compared to both non-emotion
AI and HR. Regarding emotional labor, variation across gender,
race, and disability status suggest emotion Al may struggle to cap-
ture a universally "authentic" representation of job-seekers, despite
contrary claims by hiring system vendors [87]. Similar findings
arise with respect to privacy concerns, highlighting the need for
greater emphasis on safeguarding personal information to protect
the integrity and authenticity of emotional expressions. We discuss
implications for the use of emotion Al in hiring and contribute a
higher level methodological advance regarding the ethical use of
deception to observe real-time behavior in human subjects research.

2 Relevant Work

2.1 A Marketplace of Emotions: Excitement
Overshadowed by Concern

Emotion Al proponents tout the benefits of emotion inference,
citing the ability to better serve both citizens and organizations
[58] as motivation to use emotion Al when warranted [60]. Claimed
benefits include improving worker well-being by detecting signs of
deflated mental health [21, 101], finding the best candidates for a
job [87], or to effectively deliver consumer advertisements [60].
Despite growing interest [56], the use of emotion Al raises pri-
vacy [13, 21, 58, 88] and manipulation [4, 7] concerns due to the
highly intimate nature of emotion data [4]. In fact, a recent em-
pirical examination of the U.S. public’s comfort with emotion Al
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revealed discomfort across contexts of deployment [5]. For exam-
ple, workers subjected to emotion Al wish to know what emotion
inferences are going to be used for and who they will be shared
with [24]. Further, emotion AT’s scientific validity and accuracy
has been contentious. Crawford & Paglen [22] argue a baseline
problem with emotion Al is that it assumes that facial expressions
are indicative of underlying emotion, fixed across all individuals.
Indeed, most emotion Al systems draw from Basic Emotion Theory
(BET), which identifies six universal emotions: happiness, sadness,
fear, disgust, anger, surprise [27]. This theoretical paradigm to un-
derstand emotions has been heavily critiqued in emotion science
[9, 47] and beyond [96], even referred to as "dangerous” [78]. Re-
lated to emotion AT’s validity concerns are those around accuracy
and bias [21, 33, 49, 66, 86]. Kaur et al. [44] show self-reported
and observed emotion as inferred by emotion Al are not aligned
[44]. Despite efforts to address these concerns [36, 104], there is
evidence that emotion Al reinforces gender, racial, and disability
biases [15, 43, 53, 66, 85, 102]. Thus, incorporating perspectives
from minoritized individuals is crucial.

2.2 Emotions for Hire

Emotion AI has gained particular attention for its use in hiring [81,
87, 99], celebrated for its purported ability to reduce labor costs in
initial screening interviews [108] as well as improve fit and reduce
bias [87]. Emotion Al systems used in hiring typically include a
virtual asynchronous platform where a job-seeker is required to
upload a video answering interview questions or take employment
tests without interacting with a human. A recent interview study
with job-seekers highlighted concerns about this usage of emotion
Al, including that surrounding the use of emotion data to inform
hiring decisions [81]. Research has found people to be concerned
about interview evaluators taking emotional displays out of context
[44] in addition to broader worries about privacy, emotional burden,
and manipulation [70]. For individuals with disabilities, who are
already disadvantaged when seeking employment including in the
presence of predictive technologies [16, 31, 31], emotion Al may be
particularly discriminatory [66]. A recent report found individuals
with disabilities perceive digitized hiring evaluations as not only
unfair, but also emotionally burdensome [52].

Researchers have taken an experimental approach to compare
job interviews evaluated by (non-emotion detecting) Al or a human
[1, 8, 48, 71]. Results have been mixed; further, this work has not
integrated the presence of emotion inference. Emotion inference is
important given the uniquely intimate nature of emotion data [4].
Thus, this study’s real-time assessment of interviews with asyn-
chronous hiring systems—including one using emotion Al—fills a
gap in the literature.

2.3 Chilling Opportunities at Employment

Assessing disclosure during interviews which are actively evaluated
by emotion Al is one way to examine emotion Al's impact on
job-seekers. The presence of emotion AI monitoring during an
interview may have a chilling effect on information disclosure,
thereby negatively influencing interview performances. Chilling
effects refer to a conformity to opinions deemed more acceptable
given the fear of surveillance-based consequences [74]. Indeed,
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people alter their behavior with knowledge of being surveilled
[55, 75]. For example, researchers demonstrated a chilling effect
as a result of constant monitoring in educational settings [35, 83],
where students expressed "discouragement” and "panic” in class
[35]. Emotion AI heightens the level of surveillance beyond simply
watching people given its collection of highly intimate data to make
emotion inferences [4, 61].

With surveillance across video interviews being constant, re-
search has distinguished behavioral differences on the basis of the
evaluator. One study revealed that people prefer interviews evalu-
ated by humans (i.e., "the devil they know") as opposed to Al [64].
However, a preference for human evaluation is not consistent across
empirical research [77, 98]. It is possible that video interviews, as
compared to text-based evaluation modalities, may contribute to a
sense of discomfort regardless of the evaluation source [67]. That
being said, video modality is appropriate to test the impact of emo-
tion Al in an ecologically valid manner [99]. Given the discomfort
data subjects have expressed about emotion AI's use in hiring, in ad-
dition to the higher sensitivity of information collected as compared
to other asynchronous interviews, we hypothesize the following:

H1: Compared to non-emotion Al or a HR interview, par-
ticipants who engage in an emotion Al interview will have
lower levels of disclosure.

2.4 Putting in the Work to Get Work

When emotion Al is evaluating interviews, job-seekers may per-
ceive a risk of heightened emotional labor [40, 81]. In traditional in-
terview settings, emotional labor has a direct impact on job-seekers
[51]. This may be particularly high when individuals lack feedback
[51], as is the case in many existing emotion Al hiring services.
However, this may also be the case in other types of asynchro-
nous virtual interviews. Given the lack of evidence differentiating
emotion Al interviews from alternative asynchronous interviews
regarding emotional labor, we ask the following research question:

RQ1: How does the exertion of emotional labor differ for
individuals evaluated by emotion AI compared to HR or non-
emotion Al during a virtual job interview?

2.5 An Organizational Justice Lens

Concerns around injustice in Al and emotion AI use in hiring
[8, 11, 81] necessitate this study’s use of an organizational justice
lens. Evaluations of organizational justice typically incorporate
procedural, distributive, and interactional justice. Procedural justice
refers to how decisions are being made [23], whereas distributive
Justice pertains to equitable allocations of rights and rewards [20].
Interactional justice concerns interpersonal treatment perceived dur-
ing the process [18, 23]. Previous work has explored participants’
reflections on Al use in interviews through an organizational justice
lens [1, 64, 81]. Pyle et al. [81] found job-seekers perceived emotion
Al to make inaccurate inferences (distributive injustice), contain
identity related bias (procedural injustice), and lack meaningful
transparency (interactional injustice). While Pyle et al. [81] present
insightful findings, their methods do not capture job-seekers’ actual
experiences with emotion Al interviews. We hypothesize individu-
als who are subject to emotion Al during an interview will perceive
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the experience as significantly less just than those who are evalu-
ated by non-emotion detecting Al or HR.

H2: Compared to non-emotion Al or HR, individuals sub-
ject to the evaluation of emotion AI during a job interview
will perceive significantly lower a) procedural, b) distributive,
and c) interactional justice.

Perceptions of justice may also be shaped by favorability of the
outcome received [1, 68]. For example, workers have reported to
perceive positive outcomes decided by either Al or human evalu-
ators as more respectful (i.e., interactional justice) than negative
outcomes [8]. We predict an interaction effect between outcome
favorability and perceptions of justice.

H3: Outcome favorability will moderate the relationship
between evaluation source and perceptions of organizational
justice.

2.6 Centering Individuals Most Likely to be
Negatively Impacted

Similar to non-emotion detecting Al [8, 93], deploying emotion
Al for hiring may disproportionately subject minoritized individ-
uals to harm [41, 53]. Qualitative work on emotion Al use in the
workplace, hiring, and healthcare has showcased this, providing
evidence that people with disabilities, people of color, and those
of minoritized genders anticipate risks associated with emotion
AT [21, 81, 86]. These findings have been replicated quantitatively
across contexts of emotion Al deployment, including job interviews
[5]. Additionally, women [63] and POC [10] have historically been
subjected to higher emotional labor expectations. However, previ-
ous emotion Al-related insights are based on hypothetical scenarios
and are not generalizable. The surveillance afforded by emotion
Al may heighten undesirable reactions during interviews for those
who have previous experience of being over-surveilled. We pose
the following research question:

RQ2: How do a) race, b) gender, and c) disability impact
the relationship between interview evaluation source and
job-seekers’ perceptions of organizational justice, emotional
labor, and disclosure?

Finally, it is possible that the variance in the aforementioned
dependent variables may be partially explained by the privacy
concerns participants have about the interview process [45]. Thus,
our analysis as described hereafter will control for privacy concerns.

3 Methodology

3.1 Study Design

We employed a 3(Evaluation Source: Emotion Al, Al, HR) x 2(Out-
come Favorability: Recommended, Not Recommended) between-
subjects experimental design.

3.2 Participants

Participants were recruited from Prolific, which produces higher
data quality than similar recruitment sources [73]. We recruited a
representative adult U.S. sample and oversampled for individuals
who may be disproportionately impacted by the use of emotion Al
in hiring: people of color, transgender and non-binary individuals,
and individuals reporting as having one or more disability (n = 456).



FAccT ’25, June 23-26, 2025, Athens, Greece

In terms of gender, our sample included cisgender women (n = 207),
cisgender men (n = 193), non-binary (n = 20), and transgender (n
= 36) individuals. In terms of race, our sample included white (n
= 256), Black or African American (n = 105), Hispanic or Latino
(n = 38), Asian (n = 23), American Indian/Alaska Native (n = 8),
Middle Eastern (n = 3), Native Hawaiian or Pacific Islander (n = 1),
or Mixed race (n = 22) participants. Additionally, many reported
having at least one disability (n = 159) with some having multiple
disabilities that impact their daily lives (n = 34). A notable portion
of participants were actively looking for a job (n = 183).

3.3 Experimental Procedure

Participants were given the following directions about the study
procedure:

"We are creating a system that helps match job-seekers with open
positions of interest. Based on a brief video interview, the system
can determine whether a candidate should be recommended or not
recommended for a position of interest, assuming there are relevant
openings. We are currently testing our system and seeking to under-
stand perceptions about the process and outcomes it produces.

Today, you will take part in a video interview that uses this system.
We will then provide your outcome and kindly ask you to complete a
brief survey to help improve our system for the future.

Following previous work [49], we then asked participants to in-
dicate a job they would be interested in applying for and instructed
them to proceed under the assumption that they were interviewing
for that specified role. Review of these responses confirmed vari-
ability in the roles of interest. Depending on the condition, we then
informed the participants that their responses would be evaluated
by emotion Al (n = 175), Al (n = 139) or a HR representative (n =
142). To heighten the manipulation’s salience, this was followed
by a visual prompt that the system had begun monitoring. This
monitoring indicator was present throughout the interview, with a
banner above the video recorder indicating they were being mon-
itored by emotion AI/AI/HR. Previous experimental design has
similarly given participants the false impression they were interact-
ing with Al through visual and textual cues [48, 51, 89, 99]. Once
participants were familiar with the purpose and direction of the
study, we prompted them to start the video recording and respond
to six interview questions [49] one at a time.? After completing
the questions, participants submitted their video file. These files
were automatically submitted to file.io, which facilitated the tem-
porary storage of encrypted data files through a private API key
only accessible to one of the researchers. Although participants
were under the impression that their videos were being recorded
for analysis, only audio was collected. File.io automatically deleted
audio files once they were downloaded to one of the researcher’s
secure computer for analysis.

When participants completed the interview, we told them the
system was processing their responses to generate an outcome.
Qualtrics automatically directed them to the next page after 30
seconds of "processing,” where the system randomly decided if
they had been recommended (n = 234) or not recommended (n =
229) for their job of interest. Participants then answered a series

2All interview questions can be found in Appendix A.1. Participants could take as
much time as they wanted to respond to each question.
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You are currently being monitored by emotional Al

Question 1/6: Please tell us a little about yourself.

Next Question Stop & Submit

Start Recording

Figure 2: Video Recording Interface for Mock Interview. Par-
ticipants were instructed to click "Start Recording"” when
ready to begin. Participants were then able to click through
each of the 6 interview questions by clicking "Next Question".
When they were finished with the interview, they were in-
structed to hit "Stop & Submit".

of questions directly reflecting on their interview experience. Fi-
nally, participants responded to demographic questions and were
debriefed about the nature of the study.

3.4 Measures

All quantitative measures were evaluated on a 7-point Likert scale
ranging from 1 ("Strongly disagree") to 7 ("Strongly agree") unless
otherwise noted. All scale items are included in Table 1 in Appendix
B.

3.4.1 Disclosure. We measured disclosure through analysis of in-
terview word count [46]. Interview audio files were transcribed
using Whisper Transcription. We supplemented this real-time mea-
sure of actual disclosure with a six-item scale measuring the per-
ceived breadth of information shared [77] (M= 4.36; SD=1.08; a =
79).

3.4.2 Emotional labor. We measured emotional labor using an
adapted scale which segmented this construct into deep acting
and surface acting [17]. While surface acting involves externally
representing different emotions to those actually felt, deep acting
requires a modification of inner feelings [32]. Following the prompt
"During the interview IL.." we asked participants to rate their level
of agreement with statements which reflected surface acting (M=
2.54; SD= 1.32; a = .86) and deep acting (M= 4.49; SD= 1.51; a = .92).
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3.4.3  Perceptions of justice. We measured justice perceptions across
three dimensions comprising organizational justice. Procedural jus-
tice (M= 5.02; SD= 1.10; a = .83) was measured across six adapted
items [18]. Distributive justice (M= 5.21 SD= 1.31; a = .95) was
measured across four adapted items [18]. To measure interactional
justice, we used the treatment subset of Acikgoz et al’s [1] scale
(M= 5.21; SD=1.32; a = .92).

3.4.4  Privacy concerns. We measured privacy concerns across three
sub-dimensions developed by previous research [14]: perceived in-
trusion (M= 2.99; SD= 1.57; a = .91), perceived surveillance (M=
3.44; SD= 1.53; a = .83), and secondary usage (M= 3.45; SD= 1.84; a
= .97).

3.5 Limitations

We took great care in designing this study to mimic a realistic inter-
view experience. That being said, it is important to note this study’s
limitations. Despite our robust and ecologically valid methodology,
a between-subjects design does not allow for the same individuals
to reflect upon different source evaluations and outcomes. More-
over, like all controlled experimental studies [79], our findings lack
high generalizability. However, we enahnced this through recruit-
ing a representative sample and creating strong operationalizations
for our manipulated variables [39]. In addition, it is possible our
findings may be further explained by personality type [72] or digi-
tal literacy, which were outside of the scope of this study. We also
elected to not collect or analyze participants’ video data given the
limited validity of nonverbal data when assessing mock interviews
[38] in addition to our desire to maintain participant anonymity.
Finally, we report on all significant findings, including those where
1712, < .01. Results with small effect sizes should be interpreted with
caution.

4 Results

All relevant statistical assumptions were met prior to running anal-
yses (e.g., linearity, normality of residuals, multicollinearity, equal
distribution of variance across groups). Unless otherwise noted,
each model contained the same control variables. 3

4.1 Disclosure

H1 predicted that compared to non-emotion Al and HR interviews,
participants who participate in an emotion Al interview will have
the lowest levels of disclosure. As previously mentioned, we ana-
lyzed disclosure in two ways: actual disclosure (word count) and
perceived disclosure sensitivity (See Table 2 in Appendix A).

4.1.1  Actual Disclosure: When regressing on actual disclosure, 81
participants were excluded due to unusable transcripts.* The source
of evaluation had no direct effect, so H1 was not supported. Gender
showed a small but significant effect (partial eta® < .01): compared
to cisgender men, cisgender women disclosed less (b = —70.53,
SE = 34.50, p = .04) and transgender individuals disclosed more

3Control variables included in the models were: gender, race, disability status, age,
job-seeking status, previous experience with virtual interviews, and privacy concerns
(i.e., perceived intrusion, secondary usage, and perceived surveillance)

4Transcripts were discarded if audio was not effectively captured. This may have
occurred in cases where participants had weak Internet connectivity or were doing
the interview in the presence of substantial background noise.
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(b = 137.63, SE = 69.01, p = .05). In addition, current job-seekers
had higher actual disclosure than participants who were not actively
on the job market (b = 76.65, SE = 32.84,p = .02,partialeta2 < .01).

4.1.2  Perceived Disclosure: Compared to emotion Al, neither eval-
uation by non-emotion AI (b = 0.01, SE = 0.04, p > .05) nor HR
(b = 0.03, SE = 0.12, p > .05) had a significant impact on per-
ceived disclosure, similarly opposing H1. That being said, across
dimensions of privacy concerns, we found perceived intrusion to
be positively predictive of perceived disclosure (b = 0.18, SE = 0.04,
p < .001, partial eta® = .03), whereas concerns about secondary
usage were negatively predictive of perceived disclosure (b = —0.09,
SE = 0.04, p = .02, partial eta® = .01). Gender also significantly
affected perceived disclosure (partial eta® = .03), with non-binary
participants (b = —0.78, SE = 0.10, p = .002) and cisgender women
(b = —-0.31, SE = 0.10, p = .003) perceiving to have disclosed
significantly less than cisgender men during the interview.

4.2 Emotional Labor

ROQ1 pertained to understanding if individuals evaluated by emo-
tion AI would exert higher emotional labor than those evaluated
by non-emotion AI or HR. We assessed emotional labor through
both surface acting and deep acting (See Table 3 in Appendix A).

4.2.1 Surface Acting: Compared to emotion Al evaluations by non-
emotion AI (b = —0.07, SE = 0.14, p = .62) and HR (b = 0.12, SE =
0.14, p = .40) did not significantly influence surface acting. However,
perceived intrusion (b = 0.21, SE = 0.05, p < .001, partial eta® <
.01) and secondary usage (b = 0.12, SE = 0.04, p = .01, partial
eta® < .01) were positively predictive of surface acting, indicating
increased privacy concerns about data collection and usage led to
more emotional labor. Additionally, younger individuals reported
significantly higher levels of surface acting (b = —0.01, SE = 0.00,
p = .02, partial eta® < .01).

4.2.2 Deep Acting: Compared to emotion Al evaluations by non-
emotion Al (b = 0.11, SE = 0.17, p = .51) and HR (b = —0.01,
SE = 0.17, p = .99) did not significantly affect deep acting. In terms
of race, Hispanic or Latino participants showed significantly higher
levels compared to white participants (b = .59, SE = 0.29, p = .01,
partial eta® < .01). On gender, we found cisgender women engaged
in less deep acting than cisgender men (b = —0.37, SE = 0.15,
p = .01, partial eta® < .01). Disability status also had a significant
effect: individuals without disabilities reported less deep acting
than those with disabilities (b = —0.43, SE = 0.16, p = .007, partial
eta® < .01).

4.2.3  Posthoc Analysis - Emotional Labor Under the Evaluation
of Emotion Al. : Given our core interest in emotion AI's impact,
we ran a posthoc analysis with participants who underwent an
interview with emotion AI (n = 175) (See Table 5 in Appendix B).
We also expanded the disability variable to analyze differences in
perceptions across specific disabilities. Given the small samples of
people with specific disabilities, these results should be interpreted
with caution.’ Perceived intrusion remained a significant positive
predictor of surface acting (b = 0.28, SE = 0.16, p < .001, partial

SDemographics of the participants included in this analysis can be found in Appendix
B.1
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eta® = .18). Additionally, perceived surveillance was predictive of
deep acting (b = —0.34, SE = 0.14, p = .02, partial eta® = .05). This
posthoc analysis also identified that compared to people with no
disabilities, neurodiverse participants (b = —1.11, SE = 0.55, p = .05,
partial eta? = .11) and those with a mental health condition (b =
—0.73, SE = 0.31, p = .02, partial eta® = .11) reported significantly
less surface acting. Additionally, people with multiple disabilities
reported significantly lower levels of deep acting than participants
with no disabilities (b = —1.34, SE = 0.55,p = .02,partialet‘a2 =.07).
Finally, age was a significant predictor of surface acting during an
emotion Al interview (b = —0.02, SE = 0.01, p = .001, partial
eta® < .01), with older participants reporting less surface acting
compared to younger participants.

4.3 Organizational Justice

H2 predicted participants evaluated by emotion Al would perceive
lower levels of a) procedural, b) distributive, and c) interactional
justice compared to those evaluated by AI or HR. We also predicted
an interaction effect between the evaluation source and the outcome
received (H3). Patterns across models for procedural, distributive,
and interactional justice largely support these predictions (See Table
4 in Appendix A).

4.3.1  Procedural justice: Participants who underwent an interview
with HR reported lower levels of procedural justice than those in
the emotion Al condition (b = —0.35, SE = 0.16, p = 0.03, partial
eta’® < .01). However, an interaction with outcome favorability
showed higher procedural justice for HR when participants were
recommended for the position, providing partial support for H3 (b =
0.55, SE = 0.23, p = 0.01, partial eta® < .01). Non-binary (b = —0.48,
SE = 0.24, p = 0.04, partial eta® < .01) and transgender participants
(b = —0.98, SE = 0.19, p < 0.001, partial eta®> < .01) reported
significantly lower perceptions of procedural justice than cisgender
men across conditions. On race, Asian participants perceived lower
procedural justice than white participants (b = —0.45, SE = 0.21,
p = 0.03, partial eta® < .01) across conditions.

4.3.2 Distributive justice: Participants in the HR condition reported
significantly higher levels of distributive justice than those in the
emotion Al condition (b = 0.52, SE = 0.23, p = 0.03, partial eta® <
.01). The non-emotion AI condition showed a marginally higher
level of distributive justice than participants in the emotion Al
condition (b = 0.42, SE = 0.22, p = 0.06, partial eta® < .01). On
identity factors across conditions, transgender participants reported
significantly lower distributive justice perceptions than cisgender
men (b = —1.04, SE = 0.27, p < 0.001, partial eta® = .04).

4.3.3 Interactional justice: We found no significant effect of the
evaluation source on interactional justice. That being said, non-
binary (b = —0.65, SE = 0.28, p = 0.02, partial eta® = .02) and
transgender participants (b = —0.62, SE = 0.22, p = 0.006, partial
eta® = .02) perceived lower interactional justice than cisgender
men across conditions. Race also had a significant effect on inter-
actional justice across the sample (partial eta® = .06): American
Indian/Alaska Native (b = 0.85, SE = 0.41, p = 0.04) and Black
or African American participants (b = 0.39, SE = 0.14, p = 0.004)
reported higher levels whereas Asian participants reported lower
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levels (b = —0.73, SE = 0.25, p = 0.004) of interactional justice than
white participants.

Across conditions, participants recommended for the job per-
ceived higher levels of distributive (b = 0.59, SE = 0.15, p < 0.001,
partial eta® = .19), procedural (b = 1.63, SE = 0.21, p < 0.001,
partial eta’ < .01), and interactional justice (b = 0.83, SE = 0.18,
p < 0.001, partial eta®> = .12). Additionally, perceptions of sec-
ondary usage of data consistently demonstrated a negative associa-
tion with procedural justice (b = —0.15, SE = 0.04, p < 0.001, partial
eta® < .01), distributive justice (b = —0.14, SE = 0.05, p = 0.01,
partial eta® < .01), and interactional justice (b = —0.18, SE = 0.05,
p < 0.001, partial eta® = .04) across conditions.

4.3.4  Posthoc Analysis - Organizational Justice Under the Evalu-
ation of Emotion Al Similar to emotional labor, our interest in
the impact of emotion Al provoked a posthoc analysis focusing
only on participants who underwent an interview with emotion Al
(See Table 6 in Appendix B). In this analysis, we found transgender
(b = —0.97, SE = 0.40, p = 0.02, partial eta® = .11) and Asian
(b = —=1.01, SE = 0.45, p = 0.02, partial eta® = .06) participants
perceived significantly lower procedural justice than cisgender men
and white participants, respectively. Compared to cisgender men,
transgender participants also reported lower levels of distributive
justice when reflecting on their interview experience with emotion
Al (b =-1.61,SE = 0.57, p = 0.005, partial eta’ = .07). Further, par-
ticipants with a motor limitation disability expressed higher levels
of distributive justice than people without any disability (b = 3.40,
SE = 1.47, p = 0.02, partial eta® = .31). Outcome remained a signifi-
cant positive predictor of procedural (b = 0.58, SE = 0.16, p < 0.001,
partial eta® = .14) distributive (b = 1.58, SE = .23, p < 0.001, partial
eta? = .06) and interactional justice (b = .93, SE = .20, p < 0.001,
partial eta® = .13) when looking at the emotion Al subsample.

5 Discussion

This paper makes novel contributions to the critical emotion AI lit-
erature using an innovative experimental methodology. Our results
demonstrate those who underwent a mock interview evaluated
by emotion Al perceived significantly lower levels of distributive
and procedural justice than those who took part in an interview
evaluated by HR, with the latter relationship being partially depen-
dent on outcome favorability. Variation in perceptions and behavior
along the lines of race, gender, and disability reveal the potential for
injustice in interviews leveraging emotion Al. Moreover, privacy
concerns significantly influenced perceptions of emotional labor ex-
erted and information disclosed across all conditions, with notable
effects in the context of emotion AI. We discuss the implications of
these findings for emotion Al use and regulation along with broader
methodological considerations.

5.1 Disclosure and Emotional Labor in
Asynchronous Virtual Interviews

Our findings demonstrate that evaluation source did not signif-
icantly influence how much information participants disclosed
during the mock interview. This goes against research suggesting
differences in information disclosure during a job interview depend
on who individuals interact with [64, 77, 98]. It also challenges
chilling effects research, which has argued increased information
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surveillance leads to lessened disclosure [35, 75, 83]. Hiring man-
agers should take this finding as indicative that job-seekers feel
surveilled during asynchronous interviews regardless of who is
watching or what type of information may be inferred. To foster a
more equitable and authentic candidate experience, it is essential
to prioritize comfort—something pervasive surveillance inherently
undermines.

We also found that the evaluation source did not influence per-
ceptions of emotional labor exerted during the interview. This
challenges qualitative evidence revealing that emotion Al use may
impose additional emotional labor [81, 88]. This showcases the
importance of 1) experimental methods that gauge perceptions
based on real-time experiences, and 2) the power of representative
sampling. Similar to our findings on disclosure, it is possible emo-
tional labor was exerted consistently across conditions given the
baseline emotional labor which occurs in response to surveillance
[105]. Emotional labor is indeed an invisible yet taxing form of
labor [51]. Researchers and practitioners should consider solutions
which may lessen the emotional labor required to undergo any type
of asynchronous virtual interview.

Taken together, these findings suggest proponents’ claims that
emotion Al systems’ use in hiring would promote candidate comfort
and disclosure, compared to engaging with a HR professional, [82,
87] may not be valid in practice.

5.2 The Influence of Privacy Concerns and
Identity Factors on Disclosure and
Emotional Labor

Although there was no significant difference in emotional labor
across evaluators, the role of privacy concerns and identity factors
underscore the complexity of developing hiring systems that are
equitable and respectful of job-seekers.

5.2.1 A Chilling Effect on Gender Minorities’ Disclosures. Results re-
veal non-binary individuals and cisgender women perceived them-
selves to disclose less sensitive information than that perceived by
cisgender men. For cisgender women, though with a notably small
effect size, this finding extended to actual disclosure. As such, our
findings provide some evidence of a chilling effect on gender mi-
norities across asynchronous virtual interviews, in alignment with
previous literature [109]. These results extend research on gender
discrimination in algorithmic hiring [6, 25] to systems which in-
corporate emotion Al Considering disclosure as an opportunity to
express one’s qualities for a job, our findings mean gender minori-
ties may do so less, possibly impacting their job outcomes. This falls
in tension with emotion Al proponents’ claims [87] that deploying
emotion Al will help employers to know who the candidates "truly”
are. When expression is chilled, as we show, proponents’ claims
regarding "authenticity” of candidates are questionable.

5.2.2  Resigned No More: Individuals Reduce Disclosure in Light of
Secondary Usage Concerns. Our results contribute to Branconte’s
[14] proposal for a more nuanced measure of privacy concerns, as
variation was dependent on what component of privacy partici-
pants believed may be compromised. Additionally, the relationship
between perceived intrusion and disclosure reflects digital resig-
nation across participants [26] in that disclosure was not reduced

FAccT ’25, June 23-26, 2025, Athens, Greece

by the perception that the system may collect more information
than expected. However, when participants perceived a higher
likelihood for secondary usage of data by unknown actors, they
were less inclined to disclose personal information during the inter-
view. Even though people may be resigned about their privacy [26],
such resignation may be overridden by concerns about secondary
data usage. Developers of asynchronous interview systems should
clearly inform subjects if and how collected data and generated in-
ferences 1) will remain securely within the system, or 2) are shared
with third parties. This transparency is crucial for job-seekers to
make informed decisions about disclosing information during the
interview process. Recently passed and proposed state-level U.S.
law has put forth requirements about transparency around what is
sometimes referred to as “high risk” Al systems (e.g., Colorado Al
Act; California AB 2013; Virginia HB2094). In fact, the EU AI Act
has classified the use of emotion AI for hiring as high risk.

5.2.3 The Influence of Individual-Level Variables on Perceived Emo-
tional Labor Exerted in Emotion Al Interviews. Both demographic
variables and privacy concerns impacted emotional labor exerted
during the interview. The effect sizes were particularly notable
when looking specifically at the experiences of those who under-
went the emotion Al interviews. We found people who underwent
an emotion Al interview engaged in less deep acting when they
perceived higher levels of surveillance. This demonstrates emo-
tional labor is a direct response to a perceived lack of privacy during
job interviews evaluated by emotion AL Our results suggest the
explicit monitoring of emotions may have prompted participants
to cater such to what they believed the system expected from them.

Demographic variables also had a significant impact on per-
ceived emotional labor exerted during the emotion Al interview. In
this condition, we found that neurodiverse individuals and those
with mental health conditions to report significantly lower lev-
els of surface acting compared to individuals without disabilities.
Additionally, participants with multiple disabilities reported sig-
nificantly lower levels of deep acting than those without disabili-
ties. These findings may be explained by the emotional dysregu-
lation—including lower emotional inhibition— present for people
with some disabilities [57]. The possible challenge for disabled par-
ticipants and women to adapt to the desired emotions required for
an interview, therefore exerting less deep acting, means while they
may benefit from not changing their internal feelings, their inter-
view outcomes may suffer. This finding provides further support for
the unjust nature of emotion Al given its potential adverse impact
on minoritized job-seekers.

5.3 Emotion Al is an Unjust Evaluator of Job
Interviews

Results indicate significant differences across the evaluation source
on job-seekers’ perceptions of justice, providing evidence that emo-
tion Al was perceived as an unjust interview evaluator as compared
to both non-emotion AI and an HR professional. Participants in
the HR condition reported significantly higher perceptions of dis-
tributive justice than those who underwent an interview evaluated
by emotion Al meaning the former participants felt the outcome
was more just than the latter. The marginally significant contrast
between those in the non-emotion Al and emotion Al conditions
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glean people may think the outcome is more distributively just
when emotion is not taken into consideration. However, the small
effect sizes across these relationships highlight the need for future
research to validate our findings.

Participants perceived the HR evaluation to be significantly less
procedurally just than that by emotion Al It is possible participants
thought being evaluated by HR without reciprocated communica-
tion or the ability to parse specific traits about their evaluator [97]
was more unjust than the emotion Al evaluator because the latter
does not have human capabilities. However, when the outcome
was favorable, perceptions of procedural justice were higher for
those who underwent an interview with HR as opposed to emotion
Al in alignment with previous literature [8]. These results — in
addition to the consistent positive relationship between outcome
favorability and organizational justice perceptions — showcase that
attitudes about emotion Al in hiring may be driven by the ultimate
outcome.

5.3.1 Identity Factors Impact Perceptions of Organizational Justice
in Asynchronous Virtual Interviews. Several minoritized racial and
gender groups reported distinct perceptions of justice regarding
the interview experience. Across conditions, we found Asian par-
ticipants experienced significantly lower levels of interactional and
procedural justice, while Black or African American participants re-
ported significantly higher levels of interactional justice than their
white counterparts. It is possible that cultural differences and norms
around respectful treatment of others (i.e., interactional justice) as
well as previous experiences in hiring may explain these results.
For example, in a prevalent Black/white binary racial classification
system such as that in the U.S. [3], Asian people may feel like an in-
visible minority [100, 107], which may exacerbate their perceptions
of injustice in interviews. It is also possible that because Black or
African American participants may have experienced racial prej-
udice and disrespect in job interviews [103, 106], they would not
consider the conditions in our study to be any more unjust and dis-
respectful. Gender also shaped perceptions of justice. Transgender
participants across the sample reported significantly lower levels
of perceived procedural, distributive, and interactional justice than
cisgender men. When focusing on the emotion Al subsample, this
result held with strong effect sizes on procedural and distributive
justice. Non-binary participants similarly expressed lower levels
of interactional and procedural justice perceptions than cisgender
men. It may be the case that transgender and non-binary people’s
experiences with employment discrimination in general [94] shapes
their perceptions of injustice regarding virtual asynchronous job
interviews including those using emotion AL

These results mean employers choosing to deploy emotion Al in
their hiring processes, similar to those adopting alternative asyn-
chronous interview systems— may be systematically disadvantag-
ing gender and racial minorities. Minorities’ perceptions matter
for employers who wish to promote workplace diversity initiatives
intended to increase and retain employees of diverse genders and
races [37]. Perceptions of injustice also matter because experiences
with racial and gender discrimination impact well-being [34, 80].
Our findings show that people minoritized along axis of race and
gender perceived injustice particularly when evaluated by emotion
Al during an asynchronous virtual interview. This is significant, as
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it shows how emotion Al [87] proponents’ claims that their hiring
systems mitigate the bias and discrimination that traditional HR
hiring processes suffer from, is not perceived by job-seekers as such
in practice.

5.4 Implications for the Use and Regulation of
Emotion Al in Hiring

Our results support not deploying emotion Al in hiring given its
chilling effect and the perceived injustice, particularly for individu-
als of minoritized identity groups. One of the pitfalls of algorithmic
decision-making is the lack of transparency around how decisions
are made [41]. Congruent with this reality, we provided no trans-
parency to participants around how outcomes were decided. Our
results reflecting lower perceptions of justice regarding emotion Al
and non-emotion Al interviews compared to those evaluated by HR
suggest there may be greater uncertainty around how algorithmic
hiring systems work. These results should encourage regulation
which facilitates the evaluation of and transparency provided about
asynchronous hiring systems, echoing the sentiment that this is a
corporate responsibility [2].

Results from this study present policy implications for regulators
grappling with emotion AI governance. Al use in hiring has been
classified as "high risk" by the EU’s AI Act [19]. Our findings sup-
port this risk classification and urge U.S. policymakers to consider
restricting the collection, generation, and use of emotion data in
hiring. Additionally, building on their existing efforts to protect
consumers from the harmful effects of Al [29], the Federal Trade
Commission (FTC) may consider mandating audits [30] of algorith-
mic hiring systems’ consideration of organizational justice values,
including a distinct process for those that infer emotion.

While the FTC can have a sweeping impact akin to common law
[95], they do not handle employment discrimination. The responsi-
ble federal body in the U.S., the Equal Employment Opportunity
Commission (EEOC), has noted the potential for liability when
employers use algorithmic decision-making tools [28] including a
call-out to "video interviewing software that evaluates candidates
based on their facial expressions and speech patterns.” Our results
demonstrate that emotion Al such as that referenced by the EEOC
should be taken seriously.

Finally, federal and state governing bodies may use findings
from this study to bolster their recommendations to developers
and deployers of asynchronous hiring services, ensuring that pri-
vacy concerns, emotional labor, and chilling effects are adequately
considered. Discrepancies across participants on the axis of gender,
race, and disability support going beyond a focus on accuracy of
algorithmic hiring systems and instead attending to these systems’
justice implications. This can be done, for example, by examining
the unique experiences of minoritized people to make these systems
just for all [102] and decrease existing power asymmetries between
stakeholders [106].

6 Conclusion

This experimental study investigates emotion AI’s impact in real-
time through comparing mock asynchronous job interviews evalu-
ated by emotion Al non-emotion Al and an HR professional. Results
show asynchronous video interviews, regardless of who or what
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the evaluator is, can chill disclosure, impact emotional labor, and
lessen perceptions of organizational justice for disabled people and
those of minoritized genders and races. Our findings on emotional
labor—specifically within participants who underwent an emotion
Al-evaluated interview—challenge claims made by emotion AI ad-
vocates regarding the technology’s ability to capture authentic
representations of candidates. Moreover, we quantify the perceived
injustice of emotion Al in hiring, particularly for individuals from
gender minority groups and who have disabilities. Together, our
results urge caution for hiring managers and other decision-makers
who are considering the use of emotion Al in recruitment.

7 Ethical Considerations Statement

We took care to create the impression that the mock interview
system was collecting more data about participants than it actually
was. This deception was necessary to measure real-time responses.
Participants could see themselves on camera being recorded during
the mock interview, but we did not capture video files or collect
any personally identifiable information. Instead, audio data were
securely transmitted via an encrypted, private API and were imme-
diately deleted after transcription into text for analysis. Although
more insights could have been drawn by actually monitoring video
interviews, we assessed this as unnecessary for the goals and scope
of this study.

With this in mind, a strength of this study is its methodological
contribution. This study is, to the best of our knowledge, the first
to invite participants to undergo a mock interview with the belief
they were actually being monitored by an emotion Al system. A
study which resembles and informed ours was conducted by Suen
& Hung [99], comparing impression management across Al and
human raters of an asynchronous video interview. However, their
procedure required participant videos to be recorded and stored
with unclear data privacy protections. Additionally, Suen & Hung
[99] did not leverage any of the data collected from their mock
interview, relying on self-report measures for their analysis [99].
Our integration of a video recorder into Qualtrics, followed by the
isolated transmission of audio files for transcription and analysis,
offers an innovative method for ethically simulating ecologically
valid interviews while prioritizing participant privacy and data
minimization [82, 92]. Other researchers can replicate this method-
ological approach through accessing our GitHub page. ¢
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A Appendix

A.1 Interview questions

(1) Please tell us a little about yourself.

(2) What are your long-term career plans? For example, where
do you see yourself in five years?

(3) What is your biggest strength as a professional?

(4) What is your greatest weakness, and how do you plan to
overcome, or work with it?

(5) Tell me about a time when you disagreed with a coworker
or teammate. How did you handle the situation?

(6) Describe a situation where you were part of a failed project.
What did you do about it?

A.2 Covariate demographic operationalizations

Disability: Participants were asked if they had any of the following
disabilities or chronic conditions: None (n = 297), Deaf/deaf or have
serious difficulty hearing (n = 3), Blind or have serious difficulty
seeing, even when wearing glasses (n = 1), Mobility limitation in-
cluding serious difficulty walking or climbing stairs (n = 15), Motor
limitation including manual dexterity (n = 1), Learning disability (n
= 1), Neurodiverse (n = 24), Speech or language impairment (n =
0), Chronic illness that is neurological or physical (n = 16), Mental
health condition (n = 54), Prefer to self-describe (n = 10).

Employment status (Job-seeker Identification): We included
this item due to the confounding role it may play when assessing
participants’ comfort with emotion Al in the workplace or during
interviews. We asked "What is your current employment status?”
Responses informed a binary variable which identified people as
currently employed (n = 393) or actively looking for work (n = 55).
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Table 1: Scale Items

Value Items
Perceived Sensitive - To provide a truthful answer, I provided a detailed response to the interview questions.
Disclosure - I disclosed a lot in order to answer the interview questions truthfully.

- I provided a comprehensive answer to the interview questions.
- I revealed sensitive information in response to the interview questions.
- I revealed private information answering the interview questions.
- I revealed secrets in response to the interview questions.
Emotional Labor Surface Acting:
...resisted expressing my true feelings
...pretended to have emotions that I didn’t really have
...hid my true feelings about a question
Deep Acting:
...made an effort to actually feel the emotions that I need to display to others
...tried to actually experience the emotions I must show
...really tried to feel the emotions I had to show as part of this interview
Privacy Concerns Perceived Intrusion:
...others would know about me more than I am comfortable with.
...information about me that I consider private would be more readily available to others
than I would want.
...information about me would be out there that, if used, would invade my privacy.
Perceived Surveillance:
- I believe that my personal information was monitored at least part of the time during
the interview process.
- I am concerned that the interview process collected too much information about me.
- I am concerned that the interview process could monitor my personal information.
Secondary Usage:
- I am concerned that the interview process could use my personal information for
other purposes without notifying me or getting my authorization.
- I am concerned that personal information I gave during the interview process could
be used for other purposes.
- I am concerned that the interview process could share my personal information with
other entities without getting my authorization.
Perceptions of Justice  Distributive Justice:
- The outcome of my interview reflects the effort that I put into it.
- The outcome of my interview was appropriate.
- The outcome of my interview reflects what I contributed.
- The outcome of my interview is justified, given my performance.
Procedural Justice:
- I'was able to express my views and feelings during the interview.
- I had influence over the outcome arrived at by this interview.
- I feel like this interview procedure was applied consistently across candidates.
- I feel like this interview procedure was free of bias.
- The outcome of this interview was based on accurate information.
- This interview upheld ethical and moral standards.
Interactional Justice:
- I was treated politely.
- I was treated considerately.
- I felt treated with respect.
- I felt at ease.
- I was satisfied with my treatment.
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Table 2: Regression models for Perceived and Actual Disclosure

Variable Perceived Disclosure Sensitivity Actual Disclosure (Word Count)
Source of Evaluator (Emotion Al as reference group)

Al 0.01 (0.12) -50.74 (39.65)
HR 0.03 (0.12) 8.14 (38.50)
Perceived Intrusion 0.18 (0.04) ™ -3.71 (14.56)
Perceived Surveillance 0.09 (0.06) - -6.60 (17.71)
Secondary Usage -0.09 (0.04) -5.13 (13.10)
Race (white as reference group)

American Indian or Alaska Native 0.33 (0.37) 143.39 (111.74)
Asian -0.29 (0.22) 36.45 (82.79)
Black or African American 0.19 (0.12) -13.89 (41.24)
Hispanic or Latino -0.02 (0.18) 81.23 (58.55)
Middle Eastern 0.55 (0.60) 359.27 (181.44) ~
Mixed race 0.36 (0.23) -5.23 (74.79)
Native Hawaiian or Pacific Islander 0.97 (1.03) -
Gender (Cisgender man as reference group)

Cisgender Woman -0.31(0.10) ™ -70.53 (34.50)
Non-binary -0.78 (0.25) ™ 74.24 (83.25)
Transgender -0.37 (0.20) 137.63 (69.01) i
Disability (Yes) -0.05 (0.11) -9.14 (36.33)
Job-seeker -0.04 (0.10) 76.66 (32.84)
Virtual Interview Experience 0.01 (0.03) 17.47 (9.75) *
Age -0.00 (0.00) -0.15 (1.14)
Adjusted R-squared 0.11 0.06

Note: Estimates are reported with standard errors in parentheses. Significance codes:
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***p <0.001, " p < 0.01, " p <0.05.p <0.1.
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Table 3: Regression Results for Surface Acting and Deep Acting

Variable Surface Acting Deep Acting
Source of Evaluator (Emotion Al as reference group)

Al -0.07 (0.14) 0.11 (0.17)
HR 0.10 (0.14) -0.02 (0.17)
Perceived Intrusion 0.21 (0.05) *** 0.11 (0.06) .
Perceived Surveillance 0.01 (0.07) -0.16 (0.08) .
Secondary Usage 0.12 (0.05) * -0.00 (0.06)
Race (white as reference group)

American Indian or Alaska Native -0.06 (0.44) 0.40 (0.54)
Asian 0.49 (0.27) . -0.11 (0.33)
Black or African American 0.03 (0.15) 0.20 (0.18)
Hispanic or Latino -0.10 (0.22) 0.60 (0.26) *
Middle Eastern 0.24 (0.72) 0.43 (0.88)
Mixed race -0.04 (0.28) 0.22 (0.34)
Native Hawaiian or Pacific Islander 0.08 (1.23) 1.95 (1.51)
Gender (Cisgender man as reference group)

Cisgender Woman -0.12 (0.12) -0.37 (0.15) *
Non-binary 0.30 (0.30) 0.13 (0.37)
Transgender 0.10 (0.24) -0.36 (0.30)
Disability (Yes) -0.02 (0.13) -0.43 (0.16) **
Job-seeker 0.02 (0.12) -0.11 (0.14)
Virtual Interview Experience -0.03 (0.04) 0.04 (0.04)
Age -0.01 (0.00) * 0.00 (0.01)
Adjusted R-squared 0.16 0.04

Note: Estimates are reported with standard errors in parentheses.

Significance codes:
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Table 4: Regression Results for Perceptions of Justice

Variable Procedural Justice Distributive Justice Interactional Justice
Source of Evaluator (Emotion Al as reference group)

Al 0.10 (0.15) 0.42 (0.22) . 0.07 (0.18)
HR -0.35 (0.16) * 0.52 (0.24) * -0.22 (0.19)
Outcome (Recommended) 0.59 (0.15) *** 1.63 (0.21) *** 0.83 (0.18) ***
Perceived Intrusion -0.01 (0.04) 0.01 (0.06) 0.03 (0.05)
Perceived Surveillance -0.02 (0.05) 0.13 (0.07) . -0.08 (0.06)
Secondary Usage -0.15 (0.04) =~ -0.14 (0.05) * -0.18 (0.05) ***
Race (white as reference group)

Asian -0.45 (0.21) * -0.34 (0.30) -0.73 (0.25) **
Black or African American 0.20 (0.11) . 0.17 (0.16) 0.39 (0.14) **
Hispanic or Latino 0.07 (0.17) -0.02 (0.25) 0.07 (0.20)
Middle Eastern -0.15 (0.56) -0.61 (0.81) -0.78 (0.67)
Mixed race -0.09 (0.21) -0.09 (0.31) -0.07 (0.26)
Native Hawaiian or Pacific Islander 0.68 (0.95) 1.21 (1.39) 1.16 (1.15)
Gender (Cisgender man as reference group)

Cisgender Woman -0.11 (0.10) 0.06 (0.14) -0.08 (0.12)
Non-binary -0.48 (0.24) * -0.21 (0.34) -0.65 (0.28) *
Transgender -0.98 (0.19) *** -1.04 (0.27) *** -0.62 (0.23) **
Disability (Yes) 0.01 (0.10) 0.17 (0.15) 0.07 (0.12)
Job.Seeker -0.11 (0.09) -0.07 (0.13) -0.03 (0.11)
Virtual Interview Experience -0.03 (0.03) 0.01 (0.04) 0.03 (0.03)
Age 0.00 (0.00) -0.00 (0.00) -0.00 (0.00)
Source (AI) * Outcome (Recommended) 0.00 (0.22) -0.53 (0.32) -0.07 (0.26)
Source (HR) * Outcome (Recommended) 0.54 (0.22) * -0.51 (0.32) 0.04 (0.26)
Adjusted R-squared 0.28 0.22 0.25

Note: Estimates are reported with standard errors in parentheses. Significance codes: *** p < 0.001, ** p < 0.01, * p < 0.05,. p < 0.1.
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B Posthoc Analysis for Emotion AI Condition
B.1 Demographics of participants included in posthoc analysis

In terms of gender, this subsample included cisgender women (n = 95), cisgender men (n = 64), non-binary (n = 4), and transgender (n =
12) individuals. In terms of race, this subsample included white (n = 90), Black or African American (n = 45), Hispanic or Latino (n = 20),
Asian (n = 6), American Indian/Alaska Native (n = 2), Middle Eastern (n = 2), Native Hawaiian or Pacific Islander (n = 1), or Mixed race
(n = 9) participants. Within this sample, a portion described themselves as actively looking for a job (n = 71). In terms of disability, some
participants in this subsample had no disabilities (n = 117). Participants also reported being neurodiverse (n = 8), having a mobility limitation
(n =7), chronic illness (n = 6), motor limitation (n = 1), mental health condition (n = 20), multiple disabilities (n = 11), learning disability (n =
1) or preferred to self describe (n = 4).

Table 5: Regression Results for Surface Acting and Deep Acting (Emotion AI Condition Sub-Sample Only)

Variable Surface Acting Deep Acting
Perceived Intrusion 0.28 (0.08) *** 0.18 (0.11) .
Perceived Surveillance -0.02 (0.11) -0.34 (0.14) *
Secondary Usage 0.06 (0.08) 0.11 (0.10)
Race (White as reference group)

American Indian or Alaska Native 0.76 (0.92) -1.17 (1.17)
Asian 0.70 (0.51) 0.34 (0.65)
Black or African American 0.16 (0.23) -0.17 (0.29)
Hispanic or Latino -0.28 (0.32) 0.42 (0.41)
Middle Eastern -1.73 (0.92) . -1.71 (1.17)
Native Hawaiian or Pacific Islander -0.47 (1.24) 1.13 (1.58)
Mixed race -0.33 (0.46) 0.21 (0.59)
Gender (Cisgender Man as reference group)

Cisgender Woman -0.10 (0.21) -0.25 (0.26)
Non-binary 0.55 (0.46) 0.30 (0.92)
Transgender 0.11 (0.24) -0.65 (0.62)
Disability (None as reference group)

Mobility limitation -0.36 (0.50) -0.02 (0.63)
Motor limitation -1.56 (1.25) 0.73 (1.59)
Learning disability 0.11 (1.22) 0.46 (1.56)
Neurodiverse -1.11 (0.55) * -0.22 (0.70)
Chronic illness 1.63 (0.55) ** 1.29 (0.71) .
Mental health -0.73 (0.31) * -0.76 (0.40) .
Multiple disabilities 0.03 (0.43) -1.34 (0.55) *
Prefer to self-describe -0.88 (0.66) 0.10 (0.84)
Age -0.02 (0.01) ** -0.01 (0.01)
Job-seeker 0.11 (0.20) -0.29 (0.25)
Virtual Interview Experience -0.06 (0.06) 0.04 (0.08)
Adjusted R-squared 0.25 0.06

Note: Estimates are reported with standard errors in parentheses. Significance codes: *** p < 0.001, ** p < 0.01, * p < 0.05,. p < 0.1.
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Table 6: Regression Results for Perceptions of Justice (Emotion AI Condition Sub-Sample Only)

Variable Procedural Justice Distributive Justice Interactional Justice
Outcome (Recommended) 0.59 (0.16) *** 1.58 (0.23) *** 0.93 (0.20) ***
Perceived Intrusion -0.03 (0.07) -0.15 (0.10) -0.03 (0.09)
Perceived Surveillance -0.06 (0.09) 0.24 (0.13) . -0.05 (0.12)
Secondary Usage -0.10 (0.06) -0.12 (0.09) -0.14 (0.08) .
Race (white as reference group)

American Indian or Alaska Native 0.77 (0.75) 1.40 (1.09) 0.00 (0.35)
Asian -1.01 (0.42) * -0.86 (0.60) -0.30 (0.37)
Black or African American -0.16 (0.19) -0.10 (0.27) -0.21 (0.21)
Hispanic or Latino -0.25 (0.26) -0.31 (0.38) -0.31 (0.38)
Middle Eastern -0.76 (0.75) -1.70 (1.08) -0.35 (0.54)
Native Hawaiian or Pacific Islander 0.47 (1.01) 1.69 (1.45) 0.30 (1.33)
Mixed race -0.25 (0.38) 0.02 (0.54) -0.11 (0.46)
Gender (Cisgender man as reference group)

Cisgender Woman 0.05 (0.17) -0.17 (0.24) -0.17 (0.21)
Non-binary -0.68 (0.58) -0.82 (0.84) -1.26 (0.72) .
Transgender -0.97 (0.40) * -1.61 (0.57) ** -0.56 (0.50)
Disability (None as reference group)

Mobility limitation 0.02 (0.40) -0.64 (0.58) 0.22 (0.51)
Motor limitation 0.85 (1.02) 3.40 (1.47) * 1.65 (1.32)
Learning disability -1.27 (0.99) -0.20 (1.43) -1.31 (1.29)
Neurodiverse -0.87 (0.45) . -0.37 (0.65) 0.06 (0.57)
Chronic illness 0.38 (0.45) 0.41 (0.65) 0.30 (0.56)
Mental health -0.16 (0.25) 0.06 (0.37) -0.22 (0.32)
Multiple disabilities 0.05 (0.35) 0.62 (0.51) -0.11 (0.46)
Prefer to self-describe 0.47 (0.54) -0.21 (0.78) 1.00 (0.66)
Age -0.01 (0.01) -0.01 (0.01) -0.01 (0.01)
Job-Seeker -0.19 (0.16) -0.16 (0.23) -0.05 (0.21)
Virtual Interview Experience 0.01 (0.05) 0.03 (0.07) 0.02 (0.06)
Adjusted R-squared 0.25 0.30 0.15

Note: Estimates are reported with standard errors in parentheses. Significance codes: *** p < 0.001, ™ p < 0.01, * p < 0.05,. p < 0.1.
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