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Abstract

Emotion artificial intelligence (emotion Al), which claims to infer
data subjects’ emotions, is used across a range of high-stakes con-
texts in the U.S. Examining data subjects’ perceptions of emotion
Al is important given the impact its use can have on their access to
opportunities, among other consequences. Such inquiry requires an
empirical understanding of data subjects’ attitudes about emotion
Al compared to Al that does not infer emotions, and differences
across potential 1) input data (e.g., facial data, speech data), and
2) recipients of its outputs (i.e., emotion data). To these ends, us-
ing a contextual integrity lens, we conducted a survey (n = 742)
with a representative U.S. sample, oversampling for individuals
of minority groups. Results demonstrate data subjects’ attitudes
toward emotion Al are significantly more negative than Al that
does not detect emotion. Further, we find significant contrasts in
perceptions of specific input data across gender, race, and disabil-
ity status, particularly for neurodiverse individuals. We also find
participants express concern with all emotion data recipients, with
higher concern for their data being accessed by recipients with large
power asymmetries. Based on these findings, we argue emotion Al
should not be deployed without a comprehensive assessment of its
implications across demographic groups, yielding implications for
policymakers and developers.
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1 Introduction

As artificial intelligence (AI) proliferates across industries, develop-
ers and investors are exploring new ways to gain insights and make
predictions about human behavior. A type of Al undergoing signif-
icant growth is that claiming to infer emotion and other affective
qualities, which we refer to as emotion AL! The market for emotion
Al is estimated to be worth $42.9 billion USD by 2027 [68] and is
already actively deployed across industries such as the workplace,
hiring, healthcare, education, and social media [76]. Developers
use a plethora of input data to train emotion Al systems such as
facial expressions [33], voice patterns [59], spoken words [50], eye
movement [58], gait [65] and electroencephalogram (EEG) data [6].
Of note, the surge of interest in emotion Al has been met with a
wave of criticism regarding its accuracy [10], representativeness of
training data [75], and underlying theoretical foundations [10, 107].
Additionally, empirical work has demonstrated emotion Al's harms
related to privacy [4, 23, 96], mental integrity [76], and imposed
emotional labor [14, 96].

Though AI developments have raised enthusiasm, the same
should not be assumed for emotion AL? In fact, recent work has
demonstrated the U.S. public’s discomfort with emotion Al across
several contexts of deployment (e.g., healthcare, job interviews,
social media) [5]. Distinguishing between Al and emotion Al is
crucial given the unique sensitivity of emotion data and need for
emotional privacy [4, 106]. Moreover, existing research on data
subjects’ perceptions of emotion AI has not examined 1) the sen-
sitivity of input data used to train emotion Al, and 2) the relative
negative consequences associated with emotion data recipients who
may use emotion Al’s outputs (i.e., emotion data). Nissenbaum’s
theory of contextual integrity [81] would argue these two factors
contribute to defining the appropriateness of how emotion data
flows. Contextual integrity is a framework invoking multiple di-
mensions of an information flow (e.g., data input, data receivers) to
determine when such might be a violation of privacy [81]. As such,
contextual integrity is a suitable framework to leverage in emotion
AT’s empirical analysis.

Once emotion Al systems process input data, the resulting emo-
tion data can be delivered to a range of actors for future use (i.e.,
data recipients). These recipients may range from law enforcement
officers [98] to healthcare professionals [79] who may see the ben-
efit of capturing individuals’ emotions. The variety in emotion AI’s
input data and recipients engenders a spectrum of implications

!Emotion Al a type of affective computing systems [86], is also referred to as affect
recognition, emotion sensing, affect sensing, and passive sensing, among others.
2For purposes of this paper, “AI” without a corresponding mention of "emotion" refers
to Al as algorithmic systems that can perform tasks which would usually require human
intelligence. We define emotion Al as algorithmic systems promising to automatically
detect emotions and moods based on various kinds of data.
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for the deployment of emotion Al, particularly across gender, race,
and disability status given existing biases emotion Al may perpet-
uate along these dimensions [66, 91, 123]. Indeed, scholars have
urged for a focus on marginalized individuals when undertaking
a contextual approach to individuals’ perceptions of information
flows [118]. Nissenbaum’s [81] theory serves as both the theoreti-
cal and methodological foundation of this paper, offering a robust
framework for understanding the implications of emotion AI’s de-
ployment. Additionally, this paper expands upon existing typologies
of information sensitivity (e.g., [78]). Empirical examination of the
contextual variation across emotion Al deployment can help inform
emotion Al regulation and development. This paper is guided by
the following research questions:

RQ1: How might U.S. data subjects’ attitudes towards Al
differ from their attitudes towards emotion AI?

RQ2a: How might U.S. data subjects’ perceptions of sensi-
tivity differ across input data to emotion AI?

RQ2b: How might perceptions of sensitivity across input
data to emotion Al differ across gender, race, and disability
status?

RQ3: How might U.S. data subjects’ perceptions of sensi-
tivity differ across emotion data recipients?

To answer these research questions, we conducted a nationally
representative survey of the U.S. population (stratified by gender,
race, and age) in addition to oversampling transgender individuals,
people with disabilities, and people of color (POC) (n = 742).

We find U.S. data subjects to have significantly more negative
attitudes toward emotion Al than Al, which quantitatively distin-
guishes emotion Al from AI more broadly. Further, results reveal
participants perceived a high degree of sensitivity across all input
data types to emotion Al, with precise location, digital commu-
nications, and spoken words being the most sensitive. Moreover,
disabled individuals and gender minorities (i.e., transgender and
non-binary people) perceived particular input data as significantly
more sensitive than individuals who are not disabled and cisgender
men, respectively. Finally, we find U.S. data subjects believe there
could be negative consequences when emotion data is received by
any third-party actor. That being said, U.S. data subjects saw the
least risk with people to whom they have personal relationships
(e.g., friends, family) and were most concerned with data brokers
(i.e., companies that collect and sell individuals’ personal informa-
tion) receiving their emotion data, followed by actors who may
have a high stake in their future and access to opportunities (e.g.,
law enforcement, future employers).

Our results have implications for emotion Al policy and devel-
opment in the U.S.. We argue for U.S. policymakers to approach
future Al governance with recognition of emotion Al as distinct
from Al and to create rules and restrictions around data inputs to
emotion Al and recipients of emotion data. We also urge emotion
Al developers to take action recognizing particular types of emo-
tion Al input data as distinctly sensitive, particularly when their
systems are being used by a diverse set of users. That disabled
individuals and gender minorities perceived particular emotion
Al data inputs as significantly more sensitive than their majority
counterparts indicates a tension in including their data for more
“inclusive" Al systems. Finally, participants’ belief that negative
consequences may arise upon any third party receipt of emotion
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data underscore the need to rethink permissible emotion data flows.
Zooming out, our results foster an argument that future emotion Al
research and development must foreground the perspectives and
experiences of data subjects, prioritizing the contextual integrity
of their information flows a priori.

2 Prior Work
2.1 Defining and Distinguishing Emotion AI

Although emotion Al has received scholarly critique from social
scientists, these scholars have yet to formally corroborate the pub-
lic’s perceived differences between Al and emotion Al with the
exception of a study conducted in Japan [67]. This study focused on
emotion Al use in healthcare, finding Japanese people’s attitudes
related to emotion Al to be more negative than Al [67]. Moreover,
Mantello et al. showed people do not trust and have privacy con-
cerns over emotion Al’s use in this context [67]. Other past work
provides a series of independent analyses of attitudes toward Al
and emotion Al respectively. For instance, the U.S. public has been
found to be more concerned than excited about the use of Al—as
defined generally—in daily life [26], with these comfort levels differ-
ing across contexts of deployment [82]. These attitudes are similar
to those reported about emotion AI [5]. U.S.-centric qualitative
research has reported a negative view of emotion Al deployment in
contexts such as social media (e.g., to inform well-being interven-
tions) [4, 94] the workplace (e.g., to monitor worker productivity)
[14, 23, 96], and hiring (e.g., to evaluate candidate fit during a job
interview) [88]. Across contexts, data subjects’ concern about the
deployment of emotion Al has been rooted in its potential for in-
accuracy and bias along with privacy and emotional labor harms
[23, 38, 63, 95].

Despite studies of Al and emotion Al attitudes predominately
existing independently, scholars have conceptually differentiated
emotion Al from other forms of Al given the unique sensitivity of
emotion data [4, 106]. In fact, a lack of ability to conceal emotions
from technology runs counter to Erving Goffman’s [35] argument
that people alter their outward self-presentation in an effort to pro-
tect their privacy. Wachter [113] notes the deployment of emotion
Al may inadvertently encourage individuals to alter their emotional
displays in an attempt to give the system what they think it wants,
as similarly noted by workers reflecting on the deployment of emo-
tion AI [23]. In fact, Pyle et al. [88] found job-seekers to feel the
use of emotion Al for interview evaluation was not only unjust, but
would require the exertion of additional emotional labor. Part of
this paper seeks to examine if the U.S. public maintains significantly
different attitudes between emotion Al and AI more broadly de-
fined. Such an examination lays the foundation for a contextualized
analysis and regulation of emotion Al, as well as a higher level
discussions of emotion Al’s implications.

2.2 A Contextual Integrity Approach to
Examining Emotion AI’s Implications

Existing research on the public’s attitudes toward Al has been cri-
tiqued for being overly general and lacking consideration of context
[120]. A contextual integrity (CI) approach to emotion Al allows
for a more detailed understanding of how people perceive the ap-
propriateness of data that goes into emotion Al systems and to
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whom such data flows, as summarized in Table 1. CI argues infor-
mation flows’ appropriateness is dependent on the actors involved
(i.e., senders, recipients), the information type/attribute, and the
transmission principles established [81]. The transmission princi-
ple concerns the constraint surrounding the information flow (e.g.,
confidentiality). For example, while one may deem it appropriate to
share health records with a doctor, they may feel less comfortable
with this information flowing to a loan lender or romantic partner.
In addition to perceiving a doctor as a more appropriate recipient
of health data, one may also feel more comfortable with the strin-
gent transmission principles to which healthcare professionals are
obliged. A violation of contextual integrity happens when personal
data moves against appropriate flows of information [81].

Table 1: Contextual Integrity Parameters Defining Emotion
Data Flows

Parameter Values

Sender Emotion Al system

Subject Data subject

Attribute Precise location, Spoken words,
Digital communications, Facial expression, Voice,
Written words, Eye movement, Device usage, Non-
facial biometrics, Body movement, Environment

Recipient Employer, Data brokers, Future employers, Govern-

mental actors, Law enforcement, Strangers on the
Internet, Health insurance companies, Loan lenders,
Current employers, Social media companies,
Advertisers, Other tech companies (e.g., search en-
gines, streaming services), Car insurance companies,
Potential romantic partners, Retailers, Healthcare
providers,

Customer service representatives,

Automotive companies, Educational instructors,

My family, My romantic partner, My friends

Researchers have applied CI to understand the normative per-
spectives across a variety of information management scenarios.
For instance, research has found older adults’ information sharing
practices were not only dependent on the perceived sensitivity of
information—which differed across data types—but also who was
going to receive the data and what they were going to do with it [30].
Additionally, researchers have used CI to understand acceptance of
data sharing through COVID-mitigation apps, finding a significant
influence of data type (e.g., test results, exposure status) and recip-
ient (e.g., healthcare providers, employers) [28]. Similar findings
have been reported in the context of smart personal assistants [18]
learning analytics systems [71], and proctoring software [110]. This
study applies CI to examine factors shaping data subjects’ perspec-
tives on emotion Al Prioritizing ecological validity, we focus on
data attributes and recipients because the transmission principles
of emotion Al systems are predominately unknown to data subjects.
Rather than evaluating the appropriateness of information flows
that integrates each of the CI parameters simultaneously, this paper
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concentrates on understanding perceptions about emotion Al input
data and emotion data recipients independently. This approach
facilitates a deeper exploration of specific aspects of data trans-
mission before attempting to assess the more complex interactions
across all of CI's parameters.

2.2.1  What Goes In: The Sensitivity of Input Data to Emotion Al
Systems. People across 10 different countries have reported con-
cerns about Al given the the mass amount of personal input data
needed for AI's operation [53]. Emotion Al is no different than Al
in that it is fueled by different types of input data, representing
CI’s attributes parameter. For instance, developers of emotion Al
have leveraged facial data [33], speech—both as spoken words[59]
and written text [57]— eye movement [58], gait [65], physiological
data such as EEG [6] and pulse [11] as input to emotion Al systems.
Emotion Al developers have also built systems claiming to detect
emotion through assessing patterns in data subjects’ environment
(e.g., location) [48, 97] or device usage [109]. These research explo-
rations have been corroborated by emotion Al patent applications
which propose a range of input data for emotion Al as deployed in
the workplace [14] and mental healthcare [49].

Echoing the CI framework, input data types may engender dif-
ferent perceptions about emotion Al Kozyreva et al. [56] found
over half of their sample of U.S. data subjects to view collection
and use of emails and private messages for algorithmic personal-
ization as more unacceptable than that of location and browsing
behavior. Outside of CI, previous research has typologized data,
which could serve as input to Al systems, based on perceptions
of sensitivity [21, 70, 78, 87]. Perceptions of sensitivity are critical
given their impact on technology adoption and trustworthiness,
especially in instances where the technology would attempt to force
data disclosure [21].

2.2.2  Identity-based Variation in Perceived Input Data Sensitivity. In
their argument for a contextual approach to understanding privacy,
Wau et al. [118] push for a focus on marginalized subpopulations.
McDonald & Forte [74] echo this sentiment in their proposal of
vulnerability as a core concept in privacy theories such as CI to
more accurately understand the privacy risks that technologies
pose to marginalized individuals. In fact, it is possible sensitivity
perceptions about input data to emotion Al may differ across de-
mographic traits, particularly gender, race and disability status.
Researchers have underscored attitudes toward Al are shaped by
gender [9, 37, 44, 67] income [16, 66] and education level [16], with
marginalized individuals maintaining more negative attitudes about
Al Given existing biases in emotion Al along the dimensions of
gender, race and disability [66, 91, 123] which may result in dis-
crimination [25], it is not surprising that evidence suggests these
individuals may have unique concerns [88, 95] and discomfort [5]
with emotion Al

Specifically, we consider differences in perceptions across gender.
With respect to input data, Kozyreva et al. [56] found cisgender
women to be more concerned about the use of personal information
as algorithmic input data than cisgender men. That being said, one
paper found no significant difference between cisgender women
and cisgender men on attitudes toward AI [108]. It is possible that
incorporating a more nuanced definition of gender, inclusive of non-
binary and transgender individuals, would provide more notable
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contrasts in data input sensitivity perceptions given the concerns
these individuals have about Al [93] and emotion AI [5, 88].

In addition, given existing bias in Al across individuals with
disabilities [115] which some fear extends to emotion Al [79], we
consider how perceptions of emotion Al input data differ across
disability status. In an interview study, disabled individuals placed
blame on algorithmic training data for the algorithms’ perpetuation
of disability stereotypes [31]. Similar concerns were expressed by
deaf and hard of hearing learners who were worried about the accu-
racy of collected emotion data [19]. We are specifically interested in
individuals who are neurodiverse, as they may express and perceive
emotions in non-normative ways [122]. Further, researchers have
pointed to evidence where neurodiversity (e.g., autism) has been
exploited to advance emotion Al [80]. Consequently, neurodiver-
sity may be a particularly important disability to consider when
designing and evaluating the ethics of emotion Al systems.

Finally, this paper considers the impact of race on perceptions
about emotion Al input data given their unique experiences with Al
[77]. Although POC may experience more harm as a result of sub-
jection to emotion Al [25], recent work suggests they may still have
positive attitudes toward Al [5, 83]. This tension may be explained
by “Black optimism” [102]. Jared Sexton engages with Black opti-
mism as a counterpoint to Afro-pessimism, where Black individuals
perform acts of resistance as a form of agency against oppressive
systems [102]. This is reflected in recent research, where people
with darker skin tones had more positive attitudes toward Al than
white people [83]. Distinguishing perceptions across racial groups
is critical, as minoritized individuals’ belief that algorithmic tech-
nologies are not designed with them in mind may lead to behavioral
adjustments thought to achieve more optimal outcomes [77].

2.2.3  What Comes Out and Where it Flows: Emotion Data Recipients.
In addition to data input types, CI argues the appropriateness of
a information flows is dependent on the information recipient.
Indeed, people are concerned with AI’s potential to release personal
information to multiple connected sources [53]. Zhang et al. found
data subjects’ perceptions about video monitoring systems depend
on with whom the information is shared [121]. Across variation
in input data, people perceive information flows as less sensitive
if received by a friend than a trusted or unknown marketer [70].
Moreover, recent work which assessed acceptability of brain data
collection and use across data recipients found government agencies
to be the least acceptable [46]. Since emotion Al is intended to be
deployed across contexts, its outputs may flow to a variety of actors.
For example, emotion AI's deployment in healthcare may result in
outputs flowing not only to healthcare providers, but also health
insurance companies, data brokers, or personal caretakers [49].
This is significant when considering the emotion inferences that
could be made by these recipients, which could profoundly impact
individual livelihoods. In one experimental study, researchers found
people imposed stricter boundaries around their personal data when
they learned the system could generate inferences about them to
personalize their newsfeed [7]. Specific to emotion Al, research
has found job seekers—who may be subject to emotion Al during
the interview process—to be concerned about who else may have
access to their emotion data beyond a future employer [88]. In
fact, individuals subject to emotion Al in the workplace question
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the very relevance of emotion data flowing to their employer [23].
For purposes of this study, we adopt Wirth et al’s [117] definition
of information sensitivity which is framed in terms of perceived
negative consequences upon receipt by third party actors.

3 Methodology

We conducted a survey (n = 742) to answer our research questions.
On average, the survey took participants 25 minutes (SD = 18.85).
Participants were compensated at a rate of $12 per hour. This study
was reviewed by our institution’s review board and was deemed
exempt from oversight.

3.1 Participants

We recruited participants from Prolific, which has been empirically
demonstrated to be a reliable recruitment platform [84]. We re-
cruited a U.S. sample that was representative across gender, race,
and age (n = 300) ranging from ages 18-82 (M = 39.71, SD = 14.54),
and oversampled for transgender individuals (n = 100), POC (n =
200), transgender POC (n = 50) and disabled individuals (n = 100).
Our sample was finalized after manually reviewing respondents
who failed the attention check questions,? completed the survey
too fast, or did not consent. In terms of gender, the sample con-
sisted of cisgender men (n = 256), cisgender women (n = 348) or
gender minorities (n = 138). The sample included POC (n = 402),
representing all participants except for those were solely white (n =
340). Many participants were disabled (n = 274) though the majority
did not report any disability (n = 468). A detailed breakdown of
participant characteristics is included in the Appendix. >

3.2 Procedure

Since participants may not have been familiar with emotion Al, we
provided the following definition at the start of the survey to keep
in mind as they answered survey questions, adapted from prior
work [23]:

"Algorithmic systems that promise to automatically detect your emo-
tions and moods (e.g., stress, boredom, calmness, fear, fatigue, atten-
tiveness, happiness, sadness, disgust, surprise, anger) based on various
kinds of data (e.g., facial expressions, voice, text/language, biometric
information)."

3.3 Measures

All quantitative measures were evaluated on a 7-point Likert scale
ranging from 1 ("Strongly disagree") to 7 ("Strongly agree") unless
otherwise noted.

AI Attitudes were measured using four items adapted from
previous literature [36] after being provided with a definition of

3Within one of the matrix questions, participants were asked "To ensure you are paying
attention, please select Strongly agree." Participants who did not select "Strongly agree
were removed from the sample. In another matrix question, we asked “How likely is it
that dogs can read books and solve complex mathematical equations?” and removed
participants who answered that they considered this likely.

4This subgroup included participants who were nonbinary or transgender. It also
included participants who were unsure about their gender identity or self-described
as a gender identity not listed in the survey.

SRacial and gender categories were mutually exclusive. For example, participants who
identified as multiple races (e.g., East Asian and Hispanic or Latino) were categorized
as such (i.e., Mixed race, multiracial, or biracial) as opposed to being coded as both
East Asian and Hispanic or Latino
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AL® These items were as follows: "I believe that Al will improve
my life," "I believe that Al will improve my work," "I think I will use
Al technology in the future" and "I think AI technology is positive
for humanity" (M = 4.96; SD = 1.45; a = .93).

Emotion AI Attitudes were measured using the same four
items as Al attitudes [36], marginally edited to include emotion
(e.g., "I believe that emotion AI will improve my life") (M = 3.47; SD
=1.70; a = .96).

Perceived Sensitivity of Input Data was assessed through
asking participants to rate their perceptions about the emotion Al
input data from 1 (“Not sensitive at all”) to 7 (‘Extremely sensitive”).
These input data, representing the attributes parameter of CI, are
listed in Table 1. We designed these items based on input data types
that existing or proposed emotion Al systems use [14].

Perceived Sensitivity of Emotion Data Recipients was mea-
sured through asking participants to reflect on common recipi-
ents of emotion data using a prompt adapted from Wirth et al.
[117]. As established by Wirth et al.[117], perceived negative con-
sequences served as a proxy for perceived sensitivity. Participants
were prompted: “There would be negative consequences for me if
information about my emotions as inferred by emotion Al were
available to...” followed by 21 emotion data recipients listed in Ta-
ble 1. We included recipients based on available information about
existing or proposed emotion Al systems [4, 23, 49, 88, 94, 96].

3.4 Limitations

This study has several limitations. First, we assessed participants’
perceptions of input data to emotion Al and emotion data recipients
independently. Future work may undertake a factorial design where
participants would assess input data across different data receivers,
following previous work [46]. That said, our study provides the
groundwork for understanding emotion Al from a CI perspective.
Additionally, previous research has indicated attitudes toward Al
differ across cultures [89]; as such, our findings may not generalize
outside of the U.S. context. Finally, our analysis maintained broader
categories for race, gender, and disability status to inform compar-
isons between meaningfully sized groups. Future work may use
qualitative methods to engage more deeply with smaller samples
of marginalized identity groups.

4 Results

In this section, we address RQ1-3. Our analysis distinguishes emo-
tion Al from Al and reveals U.S. data subjects’ sensitivity percep-
tions about emotion Al input data and emotion data recipients.

4.1 Distinguishing Emotion Al from AI

RQ1 sought to examine if data subjects view emotion Al as distinct
from AI by assessing their attitudes towards each. A paired samples
t-test indicated that participants had significantly more negative
attitudes toward emotion Al (M = 3.47, SD = 1.70) than AI (M = 4.96,
SD = 1.45), #(1445.1) = -18.11, p<.001, 95% CI: -1.65,-1.33, Cohen’s d
= .34). This indicates data subjects classify emotion Al as distinct
from Al

®The definition of AI that we provided to participants was "algorithmic systems that
can perform tasks that would usually require human intelligence"
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4.2 Perceptions about Emotion Al Input Data

RQ2a aimed to address how perceptions of information sensitivity
differ across emotion Al input data types. Across the sample, we
found participants to perceive precise location as the most sensitive
emotion Al input data (M = 5.68, SD = 1.62), followed by spoken
words (M = 5.55, SD = 1.58), digital communication (M = 5.46, SD =
1.58), facial expressions (M = 5.44, SD = 1.63), voice (M = 5.38, SD =
1.63), written words (M = 5.32, SD = 1.63), eye movement (M = 5.23,
SD = 1.72), device usage (M = 5.20, SD = 1.75), non-facial biometrics
(M =5.16, SD = 1.75), body movement (M = 5.13, SD = 1.69), and
their more general environment (M = 4.78, SD = 1.66).

RQ2b asked if perceptions of sensitivity about emotion Al input
data would differ across U.S. data subjects’ gender, race, or disability
status. Descriptive statistics for race, gender, and disability contrasts
across input data to emotion Al can be found in Tables 4-6 in the
Appendix. Data were transformed into a long format to allow for
direct contrasts in perceived sensitivity across input data types
within each demographic group of interest. Due to the exploratory
nature of this study and the risk of missing important patterns, we
chose not to apply Bonferroni corrections, which could increase
Type II errors.

4.2.1 Race. . A Levene’s test indicated unequal variances between
groups (p < 0.05), prompting the use of a Welch’s t-test to compare
perceived sensitivity of each type of input data across racial groups
(see Figure 1a). Results show a significant difference between white
people and POC on sensitivity perceptions about non-facial biomet-
ric data (i.e., heart rate and skin temperature), #(734.8)=2.08, p=.038,
Cohen’s d = .05. White participants (M = 5.30, SD = 1.67) perceived
non-facial biometric data as input to emotion Al as significantly
more sensitive than POC participants did (M = 5.03 , SD = 1.80).
All other perceptions of input data sensitivity did not significantly
differ between POC and white participants.

4.2.2  Gender. . We also sought to understand how perceived sensi-
tivity of emotion Al input data differed across gender (See Figure 1b).
To examine this, we ran a two-way analysis of variance (ANOVA).
ANOVA results reveal both gender (F(2, 8868) = 85.52, p < 0.001,
partial eta® = .02) and input data (F(11, 8868) = 15.48, p < 0.001,
partial eta® = .02) to have a significant effect on reported levels of
sensitivity. Pairwise comparisons, conducted through Tukey HSD
tests, demonstrate that compared to cisgender men, gender minori-
ties reported a significantly higher level of sensitivity around the
use of body movement (95% CI [.12, 1.45], p =.002), eye movement
(95% CI [.23, 1.56], p <.001), facial expressions (95% CI [.03, 1.36],
p =.03), precise location (95% CI [.01, 1.33], p =.04) and voice (95%
CI [.04, 1.37], p =.02) as emotion Al input data. There were no sig-
nificant contrasts observed between cisgender men and cisgender
woman nor cisgender woman and gender minorities across any of
the input data types.

4.2.3 Disability. . Finally, we wanted to understand how sensitivity
perceptions of emotion Al input data differed across disability status
(See Figure 1c). Welch’s t-tests (the appropriate test because of
unequal variances, Levene’s test p < .05) revealed that compared
to individuals without a disability, disabled individuals perceived
a significantly higher level of sensitivity around the use of eye
movement (#(530.9)= 3.20, p= .001, Cohen’s d = 0.1) and non-facial
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Mean Perceived Sensitivity of Emotion Al Input Data by Race

Race

white
PoC

Perceived Sensitivity

= y o = e & & &
& & F ¢ ¢ ¢ €
o & N & i o
N & N § L S @ o S S
¢ & & & OO S I
R o > 2 < $
<& 2 K & & & o
@ < o
& R
Input Data Type
(a) Race

Mean Perceived Sensitivity of Emotion Al Input Data by Gender Identity

Body Movement Device Usage Digital Communication Environment

6

6
4 4 4 4
> 2 2 2
0 0 0 0
o Eye Movement Facial Expressions Non-facial Biometrics Precise Location
H
=6 6 6 6 Gender Identity
2
3
@4 4 4 4 Cis Men
3 Cis Women
22 2 2
g Gender Minority
3
8 0 0 0 0
Spoken Words Voice Written Words ¢ & &
o S
&
© &
6 6 o &
<5
4 4
2 2
0 0
PP S &
& @\Q & N
® ¢ ¢ &
& T
Gender Identity
(b) Gender identity
Mean Perceived Sensitivity of Emotion Al Input Data by Disability Status
g Disability Status
3
2 Disabled
3 Not Disabled
5
&
& o N © © N o N N
© & ¢ S & & S & & &
< & & & A S Q@é‘ e\gﬁ’ P & & @Q&
N & S o & & 5 S
& & & K & ¢ ¢ 3
o & N & 1) <
<@ E) & R « 2 © & &

Input Data Type

(c) Disability

Figure 1: Perceived sensitivity of input data across race, gen-
der and disability.

biometrics (#(529.3)=2.77, p= .006, Cohen’s d = 0.1) as emotion Al
input data.

Given emotion AI’s impact on neurodivergent individuals [80],
we ran a post-hoc analysis comparing neurodivergent data subjects
to the rest of the sample. We found neurodivergent participants
perceived a significantly higher level of sensitivity across all input
data to emotion Al than neurotypical participants (See Table 2).
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Data Input t Mean (NT) Mean (ND)
Precise Location -2.52"  5.61 5.97
Digital Comm. -3.98"* 5.36 5.90
Spoken Words -2.64™ 548 5.86
Facial Expressions -2.81"* 537 5.78
Non-facial Biometrics -4.44*** 5.03 5.69
Eye Movement -4.03"** 5.12 5.71
Device Usage -2.65"" 5.13 5.55
Body Movement -2.95"*  5.04 5.50
Environment =227 4 5.07

Table 2: t-test comparing "Neurotypical" (NT) and "Neurodi-
vergent" (ND) groups for emotion Al input data. Cohen’s d =
0.3 across data inputs. *** p < 0.001, ** p < 0.01, * p < 0.05

4.3 Perceived Sensitivity of Emotion Data
Recipients

RQ3 explored if sensitivity perceptions differed depending on the
recipient of emotion AI outputs. Overall, U.S. data subjects per-
ceived relatively high negative consequences across data recipients
(see Figure 2). To some extent, lower perceptions of negative conse-
quences corresponded to more personal relationships, though some
recipients diverged from this pattern. For instance, participants
felt the highest negative consequences would occur if data brokers
(M =5.35, SD, = 1.73), future employers (M = 5.30, SD, = 1.75), or
governmental actors (M = 5.27, SD, = 1.86) were the recipients of
their emotion data. By contrast, they perceived the least negative
consequences would arise if their friends (M = 4.26, SD, = 1.80),
romantic partner (M = 4.29, SD = 1.82), or family (M = 4.37, SD, =
1.79) gained access to their emotion data.

Given the significant differences in perceptions of input data,
with some notable findings with respect to gender minorities, POC,
and neurodivergent individuals, we filtered RQ3 results along these
axes of identity posthoc (See Figures 3-5 in the Appendix). Results
reflect similar patterns to input data in that average perceived neg-
ative consequences about data recipients were descriptively lower
for POC and higher for gender minorities and neurodivergent indi-
viduals compared to the rest of the sample. Of note, although data
brokers were similarly identified as the most concerning recipients
of emotion data by the POC and gender minorities, neurodivergent
individuals perceived future employers in this regard.

5 Discussion

This paper provides several insights into U.S. data subjects’ percep-
tions of emotion Al We first contribute a quantitative distinction
between attitudes towards emotion Al and Al more broadly, finding
U.S. data subjects have significantly more negative attitudes toward
the former. Second, our findings suggest CI [81] parameters which
characterize information flows to and from emotion Al systems
matter and might violate contextual integrity. We find individu-
als of minoritized genders and disability status—particularly those
who are neurodivergent—perceive a significantly higher sensitiv-
ity toward some emotion Al input data than cisgender men and
those not living with a disability, respectively. Third, this paper
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Figure 2: Average perceived sensitivity of emotion data re-
cipients across the full sample. Mean values are displayed
within each bar, and error bars represent standard deviations

contributes insights into data subjects’ perceptions of emotion data
recipients. Although data subjects see the potential for negative
consequences across all recipients’ access to emotion data, the most
severe perceived outcomes are associated with those to whom data
subjects have little personal connection and who hold a large power
asymmetry. We discuss implications for Al governance and devel-
opment including 1) maintaining contextual integrity and attention
to data subjects’ identities in future emotion Al regulation, develop-
ment, and deployment, 2) recognizing sensitivity across variation
in emotion Al input data, and 3) encouraging focused attention on
emotion Al in broader Al regulation efforts.

5.1 With More Negative Attitudes, Data Subjects
View Emotion Al as Distinct from Al

Our results reveal data subjects conceive of emotion Al as distinct
from Al with attitudes toward the former being significantly more
negative. This finding extends past work which has built conceptual,
but not empirical, arguments around the uniquely sensitive and
intimate nature of emotion Al and emotion data [4, 106]. Indeed,
emotion Al's promise to infer “emotion” implies an ability to obtain
information which data subjects may prefer to remain concealed,
or that they may not even be able to identify themselves [90]. Al-
though scholars have critiqued emotion ATl’s potential to achieve its
purported promise both on a theoretical [10, 62, 107] and technical
level [52, 79], the market around emotion Al is projected to further
grow [68]. Our results, paired with the evolving emotion Al market,
affirm that policymakers should distinctly define emotion Al within
broader Al governance initiatives, requiring specified oversight on
its growth and implications. While the U.S. has made progress on
Al governance both at the federal [69] and state (e.g., Colorado
[22], California [17]) levels, none of these efforts have explicitly
recognized emotion Al The absence of a federal Al law in the U.S.
presents an opportunity to ensure the explicit inclusion of emotion
Al and emotion data in future policymaking. Such an approach
would align with global leaders in Internet law such as the EU,
whose AI Act has placed a ban on emotion Al use for workplace or
education purposes unless its involves a healthcare or safety need
[112].
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5.2 Data Subjects Perceive All Emotion Al Input
Data as Sensitive

Our results underscore U.S. data subjects perceive all inputs to
emotion Al as sensitive. Some emotion Al developers would agree
with these classifications, as demonstrated through efforts to ad-
dress privacy issues arising from input data such as speech [27],
eye-movement [58], and facial data [41]. In fact, some emotion Al
developers have addressed emotion AI's privacy harms by using
input data that is not connected to one’s identity (e.g., relying on
weather and traffic conditions as input data for in-car emotion Al
systems) [12]. Others have remarked on perceiving facial expres-
sion data as more sensitive than body movement [13, 65], which
aligns with data subjects’ perceptions. The similarities between
U.S. data subjects’ perceptions and some emotion Al developers’
privacy-protective efforts should motivate developers’ prioritiza-
tion of protecting sensitive information. This may mean not using
certain types of input data at all due to their sensitivity. Further,
policymakers can consult these findings as a guide for regulation
which is informed directly by what data subjects perceive to be the
most sensitive types of emotion Al input data.

Interestingly, participants reported precise location (e.g., a spe-
cific doctor’s office) as the most sensitive emotion Al input data
type, and the general environment (e.g., a generic doctor’s office) as
the least sensitive. The disparity between these types of emotion Al
input data reflects data subjects’ desire for location data obscurity
(i.e., making data more difficult to find or understand [40]). Scholar-
ship has noted the harms of collecting precise location explicitly in
communities of color, as it not only allows for law enforcements’
physical pursuit of individuals, but also permits connecting location
data to other sensitive demographic attributes such as sexuality or
health status [60]. In fact, facial emotion recognition systems may
link its analytics with data subjects’ locations to generate more
targeted insights (e.g., emotions expressed at a retail store) [101].
Location data is indeed represented in 8% of emotion Al technolo-
gies proposed to be used in the workplace [14]. Although our results
should not be misinterpreted as impetus to collect data subjects’
general environment for emotion Al they suggest data subjects’
preference for location data obscurity. This aligns with previous
research which identified data subjects’ preference for location data
obscurity in the context of a mobile application, specifically when
other users chose to share an obscure as opposed to precise version
of their location data [105]. Critically, our findings suggest that
future emotion Al systems should not be able to connect emotion
inferences with data subjects’ location information.

Participants also saw spoken words and digital communications
as highly sensitive emotion Al input data. This reveals data sub-
jects’ prioritization of their intellectual privacy, which includes the
ability to engage in a private conversation [92]. Protecting against
intrusion upon private conversations has long been an issue raised
by lawmakers, yet has been exacerbated by digital tools that can
surreptitiously capture them [45]. Compared to intrusions upon
private conversations that are not supported by Al (e.g., eavesdrop-
ping on an offline conversation; taking a screenshot of a private text
message), emotion Al represents a more invasive privacy violation
by claiming the ability to deduce emotion and fuel subsequent in-
ferences based on collected communications. Given the sensitivity
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data subjects perceive around spoken words and digital communi-
cations, emotion Al developers should take caution in using them
as input data. This is particularly important as some developers
view the use of spoken words as input data as not sensitive [20, 64].
Lastly, Ingber suggests law and policy must protect the privacy
of offline and digital communications [45]. We propose that these
protections expand to personal communications used as input to
emotion AL

5.3 Distinct Perceptions across Gender, Race,
and Disability Status

We found participants’ perceptions of particular input data signifi-
cantly differ across race, gender, and disability status. This is not
surprising given evidence surrounding emotion AT’s bias along
these axes [66, 91, 123]. At a high level, these results challenge
efforts to use Al to mitigate identity-related bias [1, 8] because such
technical approaches may not be fully effective nor able to overhaul
data subjects’ existing concerns. Further, our results corroborate
and extend previous work suggesting identity-related characteris-
tics have an influence on perceptions about Al [55].

In terms of race, we found white participants perceived non-
facial biometrics (e.g., heart rate, skin temperature) as significantly
more sensitive emotion Al input data than POC, aligning with re-
cent work on emotion Al [5] and potentially reflecting the idea of
Black optimism [102], which may extend to other POC. Black opti-
mism contends individuals who have been historically mistreated
as a result of their race may feel more optimistic about emerging
technology as an act of resistance, which has been reported with
respect to facial recognition technology [83]. It is possible that
the normalization of surveillance POC experience as compared to
white people [15] may have yielded a diminished sensitivity by the
former. That being said, we suggest interpreting this finding with
caution given its small effect size.

In terms of gender, minorities reported significantly higher levels
of sensitivity around the use of body movement, eye movement,
facial expressions, precise location, and voice as emotion Al input
data compared to cisgender men. These findings reinforce broader
concerns around the use of pervasive surveillance tools to fuel
gender-based violence toward individuals who do not fall into a
binary gender category [103]. Gender minorities’ perceptions of
several types of input data as significantly more sensitive may be
due to the unique harms they face from misclassification [72, 116]
which cisgender people do not normally experience. Al systems
typically do not account for the complexities of trans and nonbinary
identities and bodies, ultimately causing harm to gender minorities
[32, 39, 42, 51, 54, 85, 100, 111].

Similarly, disabled participants perceived a significantly higher
level of sensitivity around the use of eye movement and non-facial
biometrics as emotion Al input data than individuals who were not
disabled. These findings can be explained by some disabled individ-
uals’ non-normative means of self-expression [122] and emotion
regulation [73]. It is likely that disabled participants were trou-
bled by the idea of a system inferring emotions from subconscious
biometric movement, as this leaves no opportunity to pass as able-
bodyminded (i.e., concealing one’s disability of body and/or mind)
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[104], which some may appreciate [114]. Thus, our findings res-
onate with arguments that emotion recognition systems inherently
work against disability justice [47].

Our findings problematize responsible Al efforts attempting
to address the problem of Al bias by including more data from
marginalized groups against whom systems are biased [2, 99, 119].
Because data subjects with disabilities and minoritized genders
view various input data as sensitive and emotion data as associated
with negative consequences, it follows that any effort to further "in-
clude" them by incorporating their data would not align with their
values. We argue that because these individuals have significant
concerns regarding various kinds of emotion Al input data, emo-
tion Al systems should not collect their data. While this may foster
systems that do not work for these groups well, we consider the
possibility that this may not be an undesired outcome given their
concerns. We concur with Hoffman’s [43] argument that creating
more “inclusive” technology disregards critiques against building
particular technologies (e.g., emotion Al) or collecting sensitive
data in the first place.

Results on disability were even more stark when focusing on
neurodivergent U.S. data subjects. Compared to the rest of the
sample, neurodivergent individuals perceived all of the potential
emotion Al input data as significantly more sensitive. Much of
affective computing broadly [86], and specifically emotion Al devel-
opment, is motivated by the idea that disabled and neurodivergent
people would benefit from emotion sensing [3]. Our results show
neurodivergent individuals’ perceptions fall in tension with this
very idea, reporting all types of emotion Al input data to be signif-
icantly more sensitive than was reported by the broader sample.
This is a critical finding that raises questions in line with Nagy [80]
about assumptions embedded in the development of emotion Al
for the benefit of neurodivergent people. It is possible that these
individuals, assuming the technology works as claimed, do indeed
experience benefits despite the perceptions we uncovered. However,
given neurodivergent individuals’ sensitivity toward both input
and output data, we urge developers to question whether emotion
Al development is the solution to the challenges neurodivergent
individuals face, and what disparities and ethical concerns emotion
Al may cause them.

5.4 All Recipients of Emotion Data Are Thought
to Incur Negative Consequences

U.S. data subjects felt there could be negative consequences if their
emotion data were to flow to any of the data recipients we asked
about (See Table 1). That being said, we observed a loose pattern
in that recipients to whom data subjects could have a personal
relationship (i.e., friends, romantic partner, family, educational in-
structors) were perceived to have the least negative consequences.
Although there are circumstances where, for example, a romantic
partner may abuse access to intimate data as a means of control
[61], it is sensible that data subjects would have a slightly higher
level of trust if emotion data was received by a personal connec-
tion. This has been reflected in previous research which found data
subjects to be significantly more comfortable sharing personally
identifiable information with a friend than both trusted and un-
known marketers [70]. By contrast, U.S. data subjects perceived a
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high likelihood of negative consequences associated with actors
who have significant power. For instance, data brokers’ primary
role is to distribute personal information to other entities with
little transparency or regulation [24]-including future employers,
through measurements of “employability” [29]. Notably, while the
most and least concerning emotion data recipients were consistent
across the gender minority, POC, and general participant samples,
neurodivergent individuals saw future employers as having the
most negative consequences as recipients of emotion data. This
corroborates evidence suggesting disabled individuals may be at a
disadvantage in hiring that engages with predictive technologies
[34], including emotion AI [79]. In sum, our results highlight U.S.
data subjects’ universal concern with the flow of their emotion
data. We encourage policymakers to regulate the flow of emotion
data given its innate sensitivity, as established in this study, with
a particular focus on the expected negative consequences of such
flows to powerful recipients.

6 Conclusion

This representative survey 1) distinguished emotion AI from AI
more generally, and 2) leveraged CI as a theoretical framework to
study the data flows both into and out of emotion Al systems. U.S.
data subjects report a high level of perceived sensitivity across input
data, with this being significantly higher for gender minorities and
individuals with disabilities. We also demonstrate U.S. data subjects’
belief that there would be negative consequences if their emotion
data were to flow across a range of diverse data recipients, particu-
larly those to which they have considerable asymmetrical power
relationship. We urge policymakers to adopt a tailored approach
to emotion AI which accounts for its impact based on data inputs,
recipients, and the identity of its data subjects. Regulatory efforts
may discourage emotion Al's development altogether, which, given
the disparities across marginalized individuals, may be favorable.
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Factors in Computing Systems. 1-18. Data Input White M(SD)  POC M(SD)
Precise Location 5.73 (1.53) 5.63 (1.70)
A Appendix SPolken Words 5.64 (1.53) 5.47 (1.62)
Digital Comm. 5.54 (1.48) 5.40 (1.65)
Facial Expressions 5.50 (1.58) 5.40 (1.68)
Table 3: Demographic Overview of Participant Sample Voice 5.45 (1.56) 5.32 (1.69)
Body Movement 5.17 (1.66) 5.10 (1.73)
- Device Usage 5.28 (1.67) 5.14 (1.82)
Variable Category Count Written Words 5.4 (1.58) 5.23 (1.67)
American Indian or Alaska Native 15 Eye Movement * 5.36 (1.68) 5.12 (1.75)
Black or African American 135 Non-facial Biometrics™  5.30 (1.67) 5.03 (1.80)
East Asian 21 Environment * 4.90 (1.56) 4.68 (1.73)
Hispanic or Latino 9 Table 4: Mean and Standard Deviation (SD) for Emotion Al
Middle Eastern 9 Input Data by Race. **p < 0.05,% p < 0.1.
Race Mixed race, multiracial, or biracial 122
Native Hawaiian or Pacific Islander 3
Prefer to self-describe 3
South Asian 10
Southeast Asian 25
White 340 Data Input Cis Men Cis Women Gender
Cis Man 256 M(SD) M(SD) Minority
Cis Woman 348 M(SD)
Nonbinary (not trans-identified) 31 Precise Location ** 5.46 (1.65)  5.66 (1.65) 6.13 (1.41)
Nonbinary Trans 62 Spoken Words 536 (1.58)  5.54 (1.59) 5.94 (1.48)
Gender Trans (Unspecified) 3 Digital Comm. 5.26 (1.60)  5.43 (1.59) 5.92 (1.38)
Trans Man 29 Facial Expressions **  5.18 (1.66)  5.47 (1.66) 5.87 (1.40)
Trans Woman 17 Voice ** 5.16 (1.63)  5.34 (1.66) 5.87 (1.47)
Unsure/Additional 3 Body Movement ** 491 (1.68)  5.07 (1.72) 5.70 (1.55)
— . Device Usage 511(1.71)  5.16 (1.78) 5.51 (1.72)
Deaf or serious difficulty hearing 11 Written Words 519(1.56)  5.32(1.65 5.9 (1.67)
Blind or serious difficulty seeing 8 Eye Movement ** 4.91(1.70)  5.23(1.77) 5.81 (1.47)
Chronic illness o1 Non-face Biometrics ~ 4.82 (1.77) 523 (1.75) 559 (1.58)
Learning disability 3 Environment 447 (157)  4.93 (1.65) 5.00 (1.75)
Mobility limitation 43
Disability Neurodiverse 65 Table 5: Mean and Standard Deviation (SD) for Emotion Al
Speech or language impairment 3 Input Data by Gender Identity. **p < 0.05,* p < 0.1
Mental health condition 71
Motor limitation 8
Prefer to self-describe 11
No disability 468
Less than $20,000 103 Data Input No Disability Disability
$20,000 to $34,999 91 M(SD) M(SD)
$35,000 to $49,999 130 Precise Location 5.67 (1.62) 5.73 (1.63)
$50,000 to $74,999 149 Spoken Words 5.52 (1.59) 5.60 (1.55)
Income Level ~ $75,000 to $99,999 92 Digital Comm. 5.40 (1.58) 5.59 (1.55)
$100,000 to $149,999 108 Facial Expressions 5.39 (1.66) 5.55 (1.57)
$150,000 to $199,999 40 Voice 5.40 (1.61) 5.34 (1.67)
$200,000 to $249,999 17 Body Movement 5.09 (1.70) 5.21 (1.70)
$250,000 or more 12 Device Usage 5.14 (1.76) 5.34 (1.72)
Less than high school 6 Written Words 5.26 (1.64) 5.45 (1.60)
High school or equivalent 108 Eye Movement™* 5.09 (1.76) 5.51 (1.60)
Some college 270 Non-facial Biometrics**  5.04 (1.79) 5.40 (1.62)
Education Level Bachelor’s degree 226 Environment 4.71 (1.68) 4.92 (1.60)
Some graduate school 28 Table 6: Mean and Standard Deviation (SD) for Emotion Al
Master’s or professional degree 89 Input Data by Disability Status. **p < 0.05,* p < 0.1.
Doctoral degree 15
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