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Abstract

Emotion Al is increasingly deployed in high-stakes contexts, yet
U.S. regulation does not adequately protect emotion data. Moreover,
there is no representative evidence on public attitudes toward the
regulation of emotion Al, including how it should be regulated
and who should be responsible for its regulation. We present the
first nationally representative survey on perceptions of emotion
Al regulation. Findings suggest the U.S. public 1) believes emotion
data should be regulated using existing data governance models
and that emotion data should not be used as courtroom evidence;
2) supports banning emotion Al across contexts; and 3) emphasizes
the responsibility of government collaboration with data subjects
and experts. Our analysis demonstrates perceived ownership of
emotion data, perceived accuracy and bias of emotion Al systems,
and individual identity significantly shape support for banning
emotion Al. We argue for a critical and collaborative approach to
emotion Al regulation that recognizes the unique nature of emotion
Al as compared to non-emotion Al systems.
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1 Introduction

Emotion artificial intelligence (emotion Al) promises to infer emo-
tions based on data such as facial expression, language, body move-
ments, or physiological signals [73]. Advocates claim this technol-
ogy can improve qualities such as well being, safety, productivity,
and consumer experiences [13]. With these promises, emotion Al
has been deployed across high-stakes contexts [40, 74]. For example,

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/10.1145/3715275.3732014

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

one Al hiring firm claimed they were able to predict job-seekers’
likelihood to leave a job earlier than desired (i.e., "job hopping")
based on emotion Al inferences [47]. Claimed benefits have precip-
itated a market for emotion Al expected to hit $42.9 billion by 2027
[70]. That said, emotion Al has received widespread critique both
with respect to its technical accuracy and scientific validity [9] and
ethics [50, 105], including inherent issues with relying on technical
classifiers for something as subjective as emotion, which people
may not even know how to describe in their own words [3, 49].
Indeed, critics oppose claims that emotion AI can know humans
better than they know themselves [91]. Emotion AI’s invasion upon
and usage of intimate data [3], as well as its potential undue influ-
ence on people subjected to it, have caused concerns about privacy
and free expression, prompting a push for emotion Al governance
[7, 103] globally [49] and in the United States (U.S.) [7].! In fact,
the U.S. public has reported to be generally uncomfortable with the
use of emotion Al across contexts [4].

Given the diverse data sources upon which emotion Al can build
inferences, some of which have special legal protections (i.e., health,
biometrics, children’s data), this emerging technology has proven
difficult for policymakers to address. U.S. legal scholar Jennifer
Bard [7] reviews the complicated conceptualization of emotion Al
given the variety of ways it could be regulated depending on how
information about emotions and affect, as inferred by emotion Al
(i.e., emotion data) is classified in the law. Of note, the European
Union (EU) has recently banned emotion Al when used in work-
place or education settings except when it involves a healthcare
or safety need [109]. While the EU AI Act leaves much to be de-
sired in terms of banning emotion recognition [116] neither similar
progress nor advocacy around protecting emotion data is present
in the U.S.2 As U.S. policymakers tackle Al governance, including
its discriminatory impact [71, 82], targeted insights on emotion Al
is critical to capture its unique nature and implications. This effort
builds on that which has fought for regulating facial recognition
technology (FRT), an example of Al which can but does not always
entail emotion inferences based on facial data [8]. Although FRT
bans have been effective in some cities across the U.S., their scope
is limited, do not cover non-facial emotion Al, and appear to have
lost momentum [97].

't is significant to note that we designed this study and wrote this paper prior to
changes in the U.S. political landscape which took place in early 2025. It is possible
that the federal efforts to protect against AI's harms will no longer be a priority for
the U.S. government by the time of this paper’s publication.

2Glimmers of potential to regulate emotion Al appear at the state level if emotion data
were to be classified as biometric data. For example, Illinois’s Biometric Information
Privacy Act (BIPA) is currently the only state-level legislation in the U.S. which may
be able to safeguard individuals from the deployment of emotion Al technologies if
only they collect and use biometric data [55].
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To this end, we assess the U.S. public opinion of how emotion data
should be conceptualized, what contexts people believe emotion
AI should be restricted, and who should be held responsible for
its regulation. Public opinion on emotion Al can help inform how
elected officials might govern this technology [19], building on more
general Al research [119] and that regarding FRT bans [99]. We offer
an investigation of 1) public opinion on banning emotion Al across
contexts of deployment, taking into consideration relevant identity
factors, perceptions of ownership over emotion data, and accuracy
and bias of emotion Al systems; and 2) responsibility attribution
for emotion Al governance. We also provide empirical support for
Bard’s [7] review of prospective emotion data conceptualizations,
demonstrating how emotion Al regulation could parallel existing
data governance models and if emotion data should be admissible
in US. courts.

We draw on a sample representative of the U.S. population with
an oversample of individuals with disabilities, people of color, and
gender minorities (n = 599), who are more likely to experience
emotion Al-inflicted harms [4, 69, 78, 87, 93].

We find the U.S. public conceptualizes the regulation of emotion
data similar to health data, "sensitive" data, and manipulative web
interfaces. Further, the public does not believe inferences about
emotion should be admissible as evidence in court. Our results
support a ban of emotion Al across contexts, with such being par-
tially explained by perceptions of ownership over emotion data,
perceptions of accuracy and bias of emotion Al and identity factors.
While a large portion of participants attribute responsibility to the
government for regulating emotion Al, there is also a substantial
degree of support—both quantitatively and qualitatively—for public
power as well as interdisciplinary collaboration.

We argue for policymakers to consider how existing law and
policy may be adapted to inform emotion Al governance and call
for a dedicated focus on emotion Al in light of public opinion. Given
the degree of ownership that people perceive over their emotion
data, we contend others beyond the data subject should not be
able to derive value from emotion data. In addition, we suggest
regulators complicate assessing emotion Al for its accuracy and
bias; although these factors explain much of the public support
for emotion AI’s ban across contexts of deployment, these factors
may prove impossible to ever address. Finally, we argue the U.S.
government should take responsibility for emotion AI through
spearheading diverse and representative collaborative efforts.

2 Prior Work

2.1 Getting to Know "You": Emotion AI’s
Implications

Despite the surge in literature about perceptions of Al (e.g., [72, 80]),
less attention has been given to Al claiming to infer emotions. An
exception to this is FRT [94, 98, 99]. Selinger & Hartzog [98] argue
FRT’s detection of emotional states and private thoughts could give
way to individuals losing control over their identity, as they could
be falsely associated with groups to which they do not identify.
Of note, the study of emotion AI should not be limited to FRT.
Schneier [97] argues focusing on FRT bans is a mistake given the
larger picture regarding ubiquitous surveillance making discrim-
inatory inferences off peoples’ personal data. Thus, an expanded
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push against emotion Al is important as emotions are markedly
sensitive data [3, 74]. Additionally, emotions play a critical role
in everyday decision-making, granting emotion Al manipulative
power [64, 96]. In fact, Donohue defines "the use of biometric data to
identify, analyze, predict, and manipulate a person’s beliefs, desires,
emotions, cognitive processes, and/or behavior" as biomanipulation
[33]. Past work explores how people perceive emotion Al across
contexts, finding evidence of its harms [3, 27, 50, 75, 92, 93, 95], such
as privacy harms and imposed emotional labor when deployed in
the workplace [27]. Further, job-seekers perceive emotion Al use
in job interviews as unjust [87]. Similar concerns exist regarding
emotion Al use in mental healthcare [57] and on social media [3].
This evidence demonstrating emotion AI's harms across contexts,
in addition to concerns surrounding its accuracy and validity [9, 73],
qualifies an investment into its regulation.

2.2 Regulating Emotion Al in the United States

Al governance in the U.S. has received scholarly and political
engagement over the past decade, leading to general guidance
[112, 118] and creation of Al-related task forces at the federal level
[111]. Notably, federal reports have outlined principles for devel-
oping and deploying AI while respecting civil liberties, aligning
with U.S. democratic values [118] and recognizing the risks un-
dermining human rights [112]. These efforts have led to progress
on federal Al legislation. In September 2024, Senator Markey of
Massachusetts introduced the Al Civil Rights Act, which would di-
rectly address the sinister side of Al across sectors by prioritizing 1)
equity, 2) transparency, and 3) choice [71]. Notably, Al governance
which highlights civil rights has also occurred at the state level.
For instance, the Colorado AI Act places restrictions on "high risk"
systems that "makes, or is a substantial factor in making, a conse-
quential decision" [24]. In addition, California recently signed 18
Al-related bills into law, with implications across industries [107].

Despite efforts—though limited at the time of writing this pa-
per—to effectively restrict Al in the U.S. across high-stakes contexts,
existing law does not explicitly recognize emotion Al, with only
some local restrictions specific to FRT use by government and police
officials [26, 97] that have not been entirely effective [68]. Similarly,
New York City Local Law 144, which requires audits on algorithmic
hiring tools for bias and may implicate popular emotion Al hiring
tools, has been criticized as ineffective given its inability to hold
companies accountable. On one hand, the lack of explicit emotion
Al policy is surprising given the advocacy for protection of individ-
ual thoughts and feelings [15, 54, 65], calls to ban emotion Al due
to its questionable theoretical foundations [8, 28, 104, 113], and the
Federal Trade Commission’s (FTC) recognition of risks associated
with profiling based on psychometric data following Cambridge An-
alytica. On the other hand, legal scholar Jennifer Bard [7] partially
attributes this gap in technology policy to the lack of consensus
around conceptualizing emotions as data and whether emotions’
regulation should be similar to existing relevant data categories [7].

Within her framework, Bard [7] also questions if emotion data
should be conceptualized as forensic science, serving as evidence in
courtrooms. Although jurors and judges have historically looked to
defendants’ emotions as indicative of remorse [6] and are trusting
in that produced by algorithms (i.e., one that detects lying) [114],
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Barrett et al. [9] contend an incorrect inference made about emo-
tions could lead to ill-informed decisions. This resembles concerns
about using polygraph data as evidence [62]. If policymakers are to
develop restrictions around emotion Al it would be useful to under-
stand if the public perceives its outputs as valid courtroom evidence.
Building on Bard’s review [7] and highlighting the importance of
public opinion, we ask the following research question:

RQ1: How does the U.S. public think regulators should concep-
tualize emotion data when regulating emotion AI?

2.3 Context-Dependent Regulation

Public opinion about Al governance is context-dependent [100],
which may extend to emotion AL Quantitative scholarship has
revealed public perceptions of FRT differ across contexts of deploy-
ment [20, 99]. For example, Engelman et al. [34] found individuals
felt more positive about building inferences based on face data in
advertising than hiring. Reflecting on these contextual differences,
researchers have advocated for context-specific Al governance that
considers the variety of stakeholders involved, including the public
[12]. This sentiment has extended to emotion AI [51].

This study examines public opinion of regulating emotion AI
across contexts which were addressed in the proposed Al Civil
Rights Act—to the extent they are relevant to emotion Al—producing
direct implications for Al governance in the U.S.: employment
(workplace management, hiring); public spaces; education; bor-
der control; healthcare [71]. Though not explicitly mentioned in
the AI Civil Rights Act, we also include consumer research, cars,
social media, and children’s toys as deployment contexts that raise
implications for deception and insurance discrimination, which are
referenced in the Act. Notably, when measuring perceptions about
regulating an emerging technology, it is common to ask in terms
of a ban [59, 99]. Further, outright "bans" of emotion Al were made
by the EU Al Act, confirming the ecological validity of this opera-
tionalization [109]. This framing also establishes consistent mental
models as opposed to a more ambiguous term like "regulate”.

RQ2: How does the U.S. public opinion about banning emotion
Al differ across contexts of deployment?

2.3.1 What Shapes Opinion on Emotion Al Bans? Ownership of
Emotion Data and Perceptions of Accuracy and Bias. Opinions about
banning emotion Al across contexts may depend on individual
perceptions. Given its intimacy and sensitivity, individuals could
feel a high sense of psychological ownership over their emotion data.
Psychological ownership refers to the bond individuals create with
objects, conceptualizing those objects as "theirs" [11]. The intimate
connection individuals may have with their emotions could lead
them to believe emotion data should not be handled by others
without explicit permission. Of note, legal theorizing about data
ownership has been largely struck down given the intangibility
and relational nature of data [23]. More recently, however, legal
scholars argued data can be considered tangible property when the
subject is identifiable, ownership is clearly established, and misuse
of the data can be determined [44]. We echo the sentiment of legal
scholar Margot Kaminski, who argues data ownership is related to
personal dignity in that individuals should be able to control the
usage of something derived directly from them [56]. We predict:
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H1: Perceptions of ownership over emotion data will positively
predict support for banning emotion Al across contexts.

Individuals’ opinions about banning emotion Al may vary based
on their beliefs about the system’s accuracy and bias. The accuracy
and validity of emotion AI has prompted questions about repro-
ducibility [81] as well as ethics [9, 58]. While some believe accuracy
should be improved [38, 77], others note more accurate emotion Al
would be more intrusive [43]. In the education context, for instance,
classifying children as "bored" without providing an explanation
conflicts with the tenets of pedagogy [31]. Additionally, bias is
prevalent in emotion Al systems—stemming from a lack of diver-
sity in the training data [1]—along the lines of gender [60, 69], race
[69, 93], culture [69] and disability [78, 120]. This concern around
bias has been reflected by U.S. policymakers. For example, the FTC
addressed Al bias as unfair under Section 5 of the FTC Act in its
settlement with Rite Aid over the company’s discriminatory use of
FRT [10]. It would be fruitful to understand, then, if opinions about
emotion Al regulation depend on how well people think it works
and if they perceive it to operate equally across individuals.

RQ3: How do perceptions about a) accuracy and b) bias in emo-
tion Al impact the U.S. public’s support for banning emotion Al
across contexts?

2.3.2 Identity’s Role in Attitudes Toward Emotion Al Regulation.
Attitudes about AI adoption in the U.S. differ based on gender [53]
as well as socio-economic status (SES) and education [16], with
people of minoritized gender groups and lower SES and education
having more negative views. In terms of race, recent work found
individuals with darker skin tones (as proxy for race) were more
likely to use FRT, with the authors explaining this finding as a strat-
egy for challenging existing training data biases [83]. As a result of
evident identity-based differences in opinions specific to emotion
AI [87] and following prior work [63], we will control for gender,
race, disability status, education, SES, and age. Additionally, our
analysis will control for political orientation [53] and general pri-
vacy concerns as these variables have influence on the acceptance
of Al in particular contexts [35, 84].

2.4 Attributing Responsibility for Emotion AI
Regulation

In the absence of clear legal frameworks, emotion Al governance
implicates a range of stakeholders, including those at the individual,
organizational and governmental levels [30, 67]. The plethora of
stakeholders who may be held accountable for technology has long
been an issue in computing, which Nissenbaum defined as "the prob-
lem of many hands" [79]. The U.S. government has acknowledged
the necessity for a diverse group of stakeholders responsible for
Al more broadly through its creation of the National AI Advisory
Committee (NAIAC) which is comprised interdisciplinary experts
from the private sector, academia, non-profits, and civil society
as well as the AI Safety Institute within the National Institute of
Standards and Technology (NIST).3

3More information about the AI Safety Institute can be found here:
https://www.nist.gov/aisi. It is unclear what the future of these federal government
efforts will look like in the new Trump administration.
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As U.S. lawmakers and civil rights advocates craft Al regulation
and best practices, it is important to understand who the public
deems responsible for emotion AL With respect to Al more broadly,
while individuals in the U.S. perceive Al as important for govern-
ment and companies to manage, they do not necessarily trust them
to do so [119]. However, another study found individuals trust cor-
porate stakeholders significantly less than policymakers or citizens
to govern Al [29]. In addition to governmental actors and technol-
ogy developers, the public wants to be more involved in what they
currently see as limited stake in Al regulation [117]. Focusing on
emotion Al, we ask:

RQ4: To whom do the U.S. public attribute responsibility for
emotion Al regulation?

3 Methodology

3.1 Participants

We conducted a survey (n=599) representative of the U.S. popula-
tion by age, sex,* race, and political orientation, oversampling for
respondents with disabilities, and those of minoritized genders and
races who may be more likely to experience (emotion) Al-inflicted
harm [27, 71, 110, 118]. Recruitment was done through Prolific, a
reliable recruitment platform [86]. We compensated participants
$12/hour. We used Prolific’s inclusion feature to ensure partici-
pants were over the age of 18 and lived in the U.S., and manually
reviewed all responses (n = 649). We excluded 50 responses due to
failing attention checks® or providing incomplete survey responses.
This study was approved by our university’s institutional review
board. A breakdown of our sample across demographic variables is
provided in Table 2 in Appendix A.1.

3.2 Procedure

This paper was part of a larger survey measuring public opinion on
emotion Al in the U.S. Since participants may have lacked knowl-
edge on what emotion Al is or their definition may not be consistent
with our conceptualization, we provided a definition [27] at the be-
ginning of the survey and as appropriate throughout.® Participants
then answered a series of quantitative items, as described below.
Following best practices [46], we randomized items to reduce order
effects. Finally, we asked participants a single open ended question,
described in the section hereafter.

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.

4Prolific provides screening based on sex, not gender.

SWe included two attention checks that were presented to participants at a random
point during the survey: "To ensure you are paying attention, please select ‘Very
Uncomfortable’ for this statement," and "To ensure you are paying attention, please
select ‘Strongly agree’ for this statement."

SParticipants were told: "Please keep in mind the following definition of emotion Al
systems that promise to automatically detect your emotions and moods (e.g., stress,
boredom, calmness, fear, fatigue, attentiveness, happiness, sadness, disgust, surprise,
anger) based on various kinds of data (e.g., facial expressions, voice, text/language,
biometric information)".
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Emotion Data Conceptualization. We measured this with ref-
erence to Bard’s [7] classifications of how emotion data may be
regulated. We provided participants with the following directions:

"U.S. law provides different levels of protection for different types of
data. One of the challenges of regulating emotion Al is placing emotion
data (i.e., data about emotions) in an existing category. Please complete
the following sentence: I believe emotion data should be protected like
[BLANK] by regulators. Note: You don’t need to know how these other
data types are regulated. We want to know how similar or different
you think emotion data is to these other data types."

Participants could select among the following options: thoughts
and beliefs, bodily integrity, wiretapping, protected health informa-
tion, biometric data, "sensitive" information (i.e., personally identi-
fiable data that, if exposed, could lead to harm to an individual or
organization) or web interface designs that manipulate users into
making decisions they may otherwise not make. Participants could
also indicate if they thought emotion AI was unique and needed its
own policy or that it did not require any regulation.

Emotion Data Admissibility in Courtrooms. We measured
this using a single item that participants rated their level of agree-
ment with: "I think data created by emotion Al (i.e., people’s inferred
emotions), should be allowed to be used as evidence in U.S. courts"
(M = 2.61; SD = 1.74).

Support for Banning Emotion AI . We measured support for
banning emotion Al across the following contexts: job interviews,
the workplace, social media, children’s toys, consumer research,
public spaces, education, border control, and healthcare. This was
informed by the AI Civil Rights Act [71], previous literature, and
existing systems [13, 14, 57, 73, 75, 76, 108]. We told participants the
following: "We are interested in your perspectives about how, if at
all, you think emotion Al use should be regulated in the U.S. Within
the questions to follow, please indicate your level of agreement
with the following policies." With this framing in mind, partici-
pants completed the following sentence "Emotion Al use should be
banned [in/for]..". Scale items and corresponding reliability metrics
are included in Table 1.

Perceived Accuracy of Emotion AI. We measured this through
a single item assessing participants’ agreement with the following
statement: "Emotion Al would make accurate inferences about me"
(M= 3.19, SD = 1.66).

Perceived Bias of Emotion AI. We measured this through
a single item assessing participants’ level of agreement with the
following statement: "Emotion Al would accurately infer everyone’s
emotions, regardless of their gender, race, or other attributes." (M=
3.04, SD = 1.87).

Responsibility Attribution. We measured this across U.S. gov-
ernment regulators (M = 5.41; SD = 1.74), emotion Al developers (M
=4.55; SD = 1.95), and data subjects (i.e., self regulation) (M = 6.33;
SD = 1.08) using items adapted from [66]. All items are provided in
the Appendix. We also measured this qualitatively through asking
participants: "Who should decide what restrictions (if any) should
be imposed on emotion AI?"

General Privacy Concerns. We measured this using a validated
privacy scale [61]. For example, "All things considered, the internet
causes serious privacy problems." (M= 5.42, SD =0.96; a= 70). All
items are provided in Appendix A.2.
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Perceived Ownership of Emotion Data. We measured this
using three items adapted from previous literature [85] including
"I feel a personal ownership over data about my emotions", "I feel
like I own my emotions", "I feel like my emotions are my own" (M=
6.24, SD = .95; a = .82).

3.4 Limitations

This study contains several limitations. First, our procedure was
limited in framing emotion Al broadly as opposed to focusing on
different data inputs through which emotions could be inferred
(e.g., vocal tone, speed of digital speech, FRT, heart rate) as well as
emotion Al producing specific emotion labels (e.g., sadness) ver-
sus those that infer valence and intensity. It is possible that public
opinion on banning or attributing responsibility for emotion Al
regulation would vary across these criteria. The public opinion may
also vary depending on what specific inferences are being made
by the emotion AL Future research may inquire about different
stages of the emotion data lifecycle to gain refined insights for law
and policy. Additionally, as the media continues to cover emotion
AT’s development, future research may build on previous work [99]
by understanding if the framing of emotion AI would influence
perceptions about regulation. Other methodological approaches
would also yield useful insights for emotion Al regulation, such as
an interview study with U.S. policymakers or a content analysis
of news media related to emotion Al deployment. Another limita-
tion of our methodology is the framing around "banning" emotion
Al While this is a reliable way to measure individuals’ attitudes
toward regulating emerging technologies [59, 99] future research
may validate our findings through asking individuals’ perceptions
on emotion Al regulation using alternative terminology. Finally,
our analysis uses a binary racial and disability classification due
to limited sample sizes across specific races and disabilities. Fu-
ture work may address this through targeted sampling of specific
demographic groups of interest.

4 Results
4.1 Conceptualizing Emotion Data in Law and
Policy

RQ1 asked how the U.S. public conceptualizes emotion data when
considering how to regulate emotion Al Directly applying Bard’s
framework [7], participants drew conceptual parallels between the
regulation of emotion data and other data types (See Figure 1a).

Most participants reported emotion data should be regulated like
protected health information (n = 458) or manipulative web design
(n = 447). Many also expressed emotion data should be regulated
akin to information classified as "sensitive" (n = 384), thoughts and
beliefs (n = 332), wiretapping (n = 329), or bodily integrity (n = 301).
A smaller sample felt there would be no need for emotion Al-specific
regulations (n = 278), and an even smaller group saw emotion as
requiring its own distinct policy (n = 244). A co-occurrence matrix
illustrating patterns in participants’ selection of conceptualizations
for emotion data regulation is in Appendix A.3.

We also found participants generally did not think emotion data
should be admissible as evidence in a court of law, with nearly half
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Table 1: Measurement items regarding banning emotion Al

Context

Measurement Items a M(SD)

Job ..banned in employment interviews when -  5.03 (1.53)

interviews | inferring job-seekers’ emotions.

Workplace | ..banned in workplaces when inferring - 5.03 (1.50)
workers’ emotions.

Social ..banned in social media inferring social -  4.89 (1.53)

media media users’ emotions.

Children’s | ..banned in children’s toys that infer - 4.70(1.57)

toys children’s emotions.

Consumer | ..banned in understanding consumer - 4.69(1.59)

research reactions to advertisements.

Cars ..banned in cars when inferring drivers’ 0.92 4.63 (1.90)
emotions.
...banned in cars when inferring
passengers’ emotions.

Public ...banned in public entertainment venues  0.90 4.60 (1.63)

spaces like parks and stadiums.
...banned in airport security.
...banned in train/bus/public
transportation stations.

Education | ..banned in educational settings when - 4.49(1.59)

inferring students’ emotions.

Border
control

...banned in immigration and border 0.81 4.31 (1.80)

protection.

Healthcare | ..banned for mental healthcare
diagnosis.

...banned for mental healthcare
treatment and intervention.

0.92 3.96 (1.67)

of the sample reporting to "Strongly disagree" with this application
(n=242)7

4.2 Perceptions on Banning Emotion Al Across
Contexts

RQ2 investigated how public opinion of banning emotion Al differs
across deployment contexts. Descriptively, participants were most
supportive of banning emotion Al in work-related contexts (i.e., job
interviews and the workplace), whereas this support—while still
relatively high—dwindled for its use in healthcare (See Figure 1b).

We sought to understand if opinions about banning emotion Al
were dependent on perceptions of ownership over emotion data
(H1), accuracy (RQ2a), and bias (RQ2b) of emotion Al, and other
individual-level factors. We ran a series of regression models across
contexts of deployment, entering the same predictor variables into
each model.? We evaluated all necessary assumptions of linear
regression a priori.” The results reported hereafter demonstrate

"Participants also reported to "Disagree” (n = 98), "Somewhat disagree" (n = 69), "Neither
agree nor disagree” (n = 91), "Somewhat agree" (n = 57), "Agree" (n = 23), or "Strongly
agree" (n = 19) that emotion data should be allowed to be used as evidence in U.S.
courts.

8Predictor variables included in the regression models were gender, race, disability
status, age, socio-economic status (SES), education, perceived accuracy of emotion Al
perceived bias of emotion Al perceived ownership over emotion data, and general
privacy concerns.

9Specifically, we assessed normality of residuals using Q-Q plots and multicollinearity
via the variance inflation factor (VIF). To ensure the robustness of our model, we
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Conceptual Parallels for Regulating Emotion Data
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(a) U.S. public conceptualizations of emotion data regulation compared to
other data types
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Figure 1: Descriptive overview of emotion data conceptual-
ization and support for banning emotion Al across contexts

the influence of individual-level variables on support for banning
emotion Al in job interviews (Adjusted R?: 0.28), the workplace
(Adjusted R?: 0.32), social media (Adjusted R?: 0.23), children’s toys
(Adjusted R?: 0.25), consumer research (Adjusted R%: 0.20), cars
(Adjusted R?: 0.35), public spaces (Adjusted R?: 0.35), education (Ad-
justed R%: 0.28), border control (Adjusted R?: 0.40), and healthcare
(Adjusted R?: 0.26). Results reported hereafter include significant
findings (p < .05) and contexts are reported in order from highest
to lowest ban support. Tables detailing these models in full can be
found in Appendix B. Some of our findings had very small effect
sizes (partial eta® < .01) which should be interpreted with caution.

H1 predicted perceptions of ownership over emotion data
would be a positive predictor of support for banning emotion Al
across contexts. This hypothesis was supported in most of the ana-
lyzed contexts except job interviews, border control, or healthcare:
workplace (b = 0.15, SE = 0.06, p = .006, partial eta® = .01), social
media (b = 0.13, SE = 0.06, p = .04, partial eta® < .01), children’s
toys (b = 0.29, SE = 0.06, p < .001, partial eta’ = .03), consumer
research (b = 0.13, SE = 0.07, p = .04, partial eta’ < .01), cars
(b = 0.24, SE = 0.07, p = .001, partial eta® = .02), public spaces
(b = 0.22, SE = 0.07, p = .003, partial eta’ = .01), and education
(b =0.20, SE = 0.06, p = .001, partial eta® = .02).

RQ2a sought to understand the role of perceived accuracy of
emotion Al on support for emotion Al bans. When respondents
perceived emotion Al to be less accurate, they were significantly

identified and removed influential data points using Cook’s distance, resulting in a
marginally smaller sample size (n = 566). Additionally, the Breusch-Pagan test revealed
the presence of heteroscedasticity. To correct for this and ensure the accuracy of our
statistical inferences, we applied robust standard errors across all models.
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more supportive of banning its deployment in all contexts: job
interviews (b = —0.16, SE = 0.04, p < .001, partial eta® = .16), the
workplace (b = —0.11, SE = 0.04, p = .01, partial eta® = .18), social
media (b = —0.10, SE = 0.05, p = .04, partial eta® = .13), children’s
toys (b = —0.11, SE = 0.05, p = .03, partial eta® = .15), consumer
research (b = —0.14, SE = 0.05, p = .007, partial eta’ = .13), cars
(b = —0.34, SE = 0.06, p < .001, partial eta’ = .27), public spaces
(b = —0.32, SE = 0.06, p < .001, partial eta® = .26), education
(b =-0.21, SE = 0.05, p < .001, partial eta’ = .20), border control
(b =-0.23, SE = 0.07, p < .001, partial eta’ = .22), and healthcare
(b = —0.33, SE = 0.05, p < .001, partial eta® = .21).

Addressing RQ2b, we found perceptions of bias were signifi-
cantly predictive of support for emotion Al bans across all contexts.
In other words, when individuals expressed a lower level of agree-
ment that emotion Al systems would accurately infer emotions
regardless of gender, race, or other attributes, they had higher
support for banning emotion AI across all contexts: workplace
(b =—-0.25, SE = 0.04, p < .001, partial eta’ = .07), job interviews
(b = 0.19, SE = 0.04, p < .001, partial eta’ = .04), social media
(b = —0.23, SE = 0.04, p < .001, partial eta® = .05), children’s
toys (b = —0.23, SE = 0.04, p < .001, partial eta’ = .05), consumer
research (b = —0.19, SE = 0.05, p < .001, partial eta® = .03), cars
(b = —0.22, SE = 0.05, p < .001, partial eta® = .03), public spaces
(b = —0.26, SE = 0.05, p < .001, partial eta’ = .05), education
(b =—-0.23, SE = 0.05, p < .001, partial eta® = .05), border control
(b =-0.26, SE = 0.05, p < .001, partial eta® = .06) and healthcare
(b = —0.13, SE = 0.05, p = .005, partial eta® = .02).

Individual-level variables were predictive of support for ban-
ning particular deployments of emotion Al
Gender. Compared to cisgender men, cisgender women were signif-
icantly more likely to support a ban on emotion Al in job interviews
(b = 0.27, SE = 0.11, p = .02, partial eta® = .06), the workplace
(b = 0.28, SE = 0.11, p = .01, partial eta’ = .08) social media
(b = 0.25, SE = 0.12, p = .04, partial eta? = .07) and healthcare
(b = 0.36, SE = 0.14, p = .008, partial eta® = .07).

Race. People of color were significantly less supportive of a ban on
emotion Al in the workplace (b = —0.21, SE = 0.11, p = .04, partial
eta® = .02), social media (b = —0.31, SE = 0.04, p < .001, partial
eta’ = .03), and children’s toys (b = —0.42, SE = 0.12, p < .001,
partial eta® = .03) than white participants.

Disability. Disabled respondents were significantly more support-
ive of banning emotion AI than those who were not disabled in
the context of children’s toys (b = 0.24, SE = 0.12, p = .04, partial
eta® < .01) and consumer research (b = —0.25, SE = 0.13, p = .04,
partial eta® < .01).

Age. Age was a significant, negative predictor of support for ban-
ning emotion Al in public spaces (b = —0.01, SE = 0.00, p = .01,
partial eta® < .01) and border control (b = —0.02, SE = 0.00,
p < .001, partial eta® = .03).

SES. There was a positive relationship between SES and support
for banning emotion Al in the context of the workplace (b = 0.08,
SE = 0.03, p = .006, partial eta® = .01).

Political orientation. Compared to those who were more conser-
vative, more liberal participants were significantly more supportive
of a ban on emotion Al for use in border control (b = 0.28, SE = 0.05,
p < .001, partial eta® = .14) and job interviews (b = 0.14, SE = 0.05,
p = .003, partial eta® = .06).
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General privacy concerns. Higher privacy concerns were signifi-
cantly predictive of support for banning emotion Al in the work-
place (b = 0.11, SE = 0.06, p = .04, partial eta’ = .01), and cars
(b =0.18, SE = 0.06, p < .001, partial eta® = .02).

4.3 Attributing Responsibility for Emotion Al
Regulation

RQ4 examined to whom the public attributed responsibility for
regulating emotion Al To address this, we conducted quantitative
and qualitative analyses. Paired-samples t-tests show respondents
attributed a significantly higher level responsibility to the govern-
ment than developers for regulating emotion Al #(564) = 8.29, p <
.001. However, respondents also felt they should have the authority
to influence decisions made based on emotion data, significantly
moreso than the government (#(564) = 11.47, p < .001) or developers
(1(564) = 19.54, p < .001).

To account for other attributions of responsibility for regulating
emotion Al, we analyzed participants’ responses to an open-ended
question asking the same. The first author conducted open cod-
ing [106] on each response focusing on who participants believed
should be held responsible for regulating emotion Al Each response
could be coded with multiple codes. The authors discussed cases
that were unclear or left room for interpretation to achieve con-
sensus. The authors then grouped codes into larger categories. For
example, responses mentioning medical professionals, ethicists, sci-
entists, or human rights advocates were grouped into the "experts"
category. We removed 35 responses that did not answer the prompt
or provided illegible responses. Our qualitative analysis identified
actors that participants deemed relevant in emotion Al regulation:
government, the public/data subjects, developers, deployers (e.g.,
actors who use the technology to evaluate data subjects) or experts.

A large number of participants attributed responsibility to the
government (n = 296), exemplified by statements such as "The
government should decide"" However, some recognized the lim-
itations of this attribution, noting, for instance, "most people in
Congress are out of touch regarding these new emerging technolo-
gies." Conversely, a significant number of participants believed that
the public—people subjected to emotion Al—should play a role
in regulating its use (n = 198). These responses often emphasized
the importance of data subjects’ consent. As one participant ar-
ticulated, emotion Al "should only be used with full consent and
understanding of the person monitored, if at all"

Some participants thought the responsibility to regulate emo-
tion Al should lie with those developing the technology (n = 55) or
deciding to deploy it on data subjects (n = 19). These participants
attributed responsibility to "the creators" or said rules around emo-
tion AI should be "outlined in policies with all applicable private
companies,’ respectively. Additionally, participants mentioned a va-
riety of other experts (n = 70) as relevant to emotion Al regulation.
Some noted these experts should collaborate (n = 41). Within this
subsample, several participants viewed the government as part of
these collaborative efforts. For example, one respondent suggested
collaboration should inform legislative reform: "The restrictions
should be a collaborative effort. The creators should find out what
people want or need and work from that before connecting with
the government about regulation.” Another participant noted "the
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government needs to listen to the people,” implying the public’s in-
put should be part of the government’s regulatory approach. Others
stated collaboration should occur independently of the government,
advocating for entities like "a third party ethics board to determine
if emotion Al companies are using their products for personal gain
or compromising bodily autonomy and sensitive information." In-
terestingly, some respondents did not attribute responsibility to
any actor, arguing instead that emotion Al be completely banned,
making the question irrelevant to them (n = 43). As one participant
stated: "First of all, it shouldn’t exist. I don’t think anyone should
use it, period." Finally, some participants reported to be "not sure,’
(n = 25) in many cases due to feeling insufficiently informed about
the technology.

5 Discussion

This study contributes a comprehensive understanding of how the
U.S. public conceives of emotion data, how emotion AI should
be regulated across contexts, and who should be held responsible
for how emotion Al gets used. We discuss the implications of our
findings for U.S. policymakers and civil rights advocates.

5.1 How does the U.S. public conceive of
"emotion data"?

Our analysis reveals how the U.S. public conceives of emotion
data. This is significant, as legal scholar Bard [7] suggests a lack of
consensus and clarity on how to conceptualize emotion data is a
key challenge in regulating emotion Al Our results show the U.S.
public does not think the government needs to develop a new policy
for regulating emotion data; rather, they predominately recognize
parallels between emotion data regulation and that of personal
health data, "sensitive" data, and manipulative web interfaces. Legal
scholar Daniel Solove similarly suggests despite a lack of Al law
in the U.S,, privacy law could address the harms of Al if "properly
conceptualized and constituted" [102].

Many participants felt emotion data exhibited conceptual similar-
ities to health data, which is regulated under the Health Insurance
Portability and Accountability Act (HIPAA). However, HIPAA is
confined to "covered healthcare entities," meaning it would fail to
acknowledge emotion data as health data when used outside of
the traditional healthcare system. As a result, HIPAA would in-
sufficiently regulate emotion Al given its deployment in contexts
outside of healthcare. Rather than solely protecting data which
may be used to infer emotion in HIPAA-covered contexts, we argue
U.S. policymakers should give emotion data special protections
similar to the GDPR’s protection of heart rate, skin conductance,
and blood pressure [49] which is not bound to their usage in health-
care. In sum, our findings underscore regulatory measures should
acknowledge health data’s relevance beyond the traditional health-
care industry. Participants also believed emotion data could be
governed similarly to how the law has previously classified other
"sensitive" data. As previously mentioned, we defined "sensitive"
data to participants as "personally identifiable data that, if exposed,
could harm an individual or organization." While sensitivity classi-
fications have been popular in U.S. law and policy (e.g., AB-1008 of
California [17]), scholars have recently pushed against them [101].
Quinn & Malgieri argue against sensitivity classifications given
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that rapidly advancing computing power may generate data more
"sensitive” than what could ever be defined by law [88]. Rather than
taking our results as a push for sensitivity classifications, we sug-
gest policymakers recognize emotion data similar to that which is
personally identifiable and, if released, could engender harm. These
harms include several identified in Citron & Solove’s typology [22]
such as chilling effects upon recognition of emotion surveillance
or discrimination as a result of biased and inaccurate inferences.
Participants also drew a parallel between the regulation of emo-
tion data and other manipulative web interfaces, demonstrating
recognition of biomanipulation [33] in that data could be leveraged
to manipulate subjects into making decisions they would not oth-
erwise make. Of note, Citron & Solove [22] argue autonomy harms
are a privacy harm which occur as a result of people being "directly
denied free will to decide or are tricked into thinking that they are
freely making choices when they are not." This further supports that
the deployment of emotion AI would precipitate a privacy harm
which policymakers must recognize. In fact, the use of emotion
data for manipulative web design may act more powerfully than
traditionally recognized dark patterns [42] given its claim to be
personalized to an individuals’ emotional state. Our results support
a push for the FTC to include emotion Al in their discussion of
manipulative dark patterns [25], which would help to address the
law’s broader inadequacy in addressing pervasive surveillance [48].
Finally, we find the U.S. public does not believe the data gen-
erated by emotion Al should be allowed as evidence in criminal
investigations. This reflects a lack of public trust toward emotion
data as criminal evidence, echoing broader sentiments about the
use of any Al-generated outcomes in the courtroom [62]. Despite
methodological concerns about algorithmic decision-making in
forensic science [62] the American Polygraph Association’s recent
guidance, which assigns a role to algorithms in polygraph examina-
tions, demonstrates inconsistency between science and practice [2].
Rather than limiting the use of emotion Al inferences, our findings
suggest public endorsement of prohibition in the courtroom.

5.2 Context-Dependent Regulation of Emotion
Al and Determinants

Overall, participants were supportive of banning emotion Al across
contexts. It is notable that the highest support for banning emotion
Al was in job interviews and the workplace, contexts which have
recently received policy attention in the EU [109]. However, the
U.S. public also supports banning emotion Al in children’s toys and
consumer research, for example, which are currently not present
in the proposed Al Civil Rights Act nor other Al governance ef-
forts. That being said, the FTC has taken steps to address deceptive
Al practices, filing formal complaints against Al applications de-
signed to mislead consumers [37]. Moreover, an FTC Commissioner
recently voiced concerns about AI’s role in collecting data from
children [41]. While emotion inference has not been specifically
captured in these discourses, communications from the FTC signal
a gradual expansion of Al governance beyond the most prominent
use cases. Our results provide evidence for civil rights advocates
and policymakers to push against emotion Al not only in known
contexts of deployment, but also those which are emerging.
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5.2.1 Sense of Ownership Over Emotion Data. Results suggest peo-
ple feel a sense of ownership over their emotion data and that this
contributes a significant portion of the variance in supporting a
ban of emotion Al across most of the analyzed contexts. This sense
of ownership was corroborated by our quantitative and qualitative
findings around responsibility attribution, where participants’ in-
dicated a desire to make decisions about their own emotion data.
These results provide a theoretical extension of psychological own-
ership to emotion data (i.e., the ability to create a bond with some-
thing inanimate, perceiving it to be "theirs") [11] and contributes
to the debate around data as capable of being owned [23]. Notably,
previous research has extended psychological ownership to per-
sonal data, finding ownership to have a negative relationship with
willingness to disclose personal data [21]. Our findings extend this
research to emotion data, further highlighting ownership as an
influential psychological mechanism over technology use and ac-
ceptance. Emotion Al regulation should reflect data subjects’ desire
to match perceptions of emotion data ownership with reality, en-
suring technologies are not intruding upon data perceived to be
theirs to make decisions about. That ownership was not predic-
tive of banning emotion Al in contexts such as border control and
healthcare suggest that perhaps these contexts of deployment felt
more justified despite building inferences off of emotion data. This
provides evidence of the context-dependent nature of perceptions
about emotion AL

5.2.2 A Need for Diverse Perspectives in Regulating Emotion Al
Our results demonstrate that individual factors shape the U.S. pub-
lic opinion on emotion Al regulation. Recent research similarly
suggests Japanese people’s attitudes toward emotion Al across con-
texts is dependent on variables such as gender, age, and education
[52]. These results have broader implications for Al policy and
development, highlighting the need to consider how individuals
with varying demographic attributes view Al. Additionally, these
findings can guide future research on emotion Al by suggesting the
influence individual factors have on its acceptance. We highlight
the implications of some of these key findings.

Compared to white participants, people of color were less sup-
portive of banning emotion Al across a number of contexts. This
aligns with recent research finding people of color to be more
interested in engaging with Al [83] and more comfortable with
emotion Al deployment [4] than white people. It is possible people
of color believe emotion Al systems are less biased than humans
as a result of previous discriminatory experiences. In terms of gen-
der, cisgender women were significantly more likely to support
a ban of emotion Al than cisgender men in job interviews, the
workplace, social media and healthcare. Women are more likely
to experience discrimination in hiring and the workplace [5, 32]
as well as healthcare [39], which would explain why they would
not want algorithms deciding their competence or medical diag-
noses, respectively. Cisgender women may also feel they could be
manipulated by emotion Al on social media, particularly targeted
advertisements which threaten their decision-making freedom[36].
Across disability status, disabled participants were more supportive
of banning emotion Al in children’s toys and consumer research
than participants who were not disabled. Scholars [78, 120] and
global policymakers [110] have questioned emotion AT’s ability to
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accurately infer disabled individuals’ emotions. The relationship
between identity factors (i.e., gender, race and disability status) and
public opinion on banning emotion Al supports continued anti-
discriminatory Al policy, which we argue should extend to emotion
AL Further, this evidence bolsters support for the AI Civil Rights
Act’s discrimination clause [71],1 as algorithms frequently use
non-protected identifiers to make decisions about people [115].

5.3 Accuracy and Bias of Emotion AI Matter to
the U.S. Public

Public opinion around banning emotion Al was consistently de-
pendent on perceptions around emotion AI’s bias and accuracy.
Our analysis suggests if emotion Al were to be deployed, the pub-
lic would be more supportive if they believed the systems were
accurate and not biased across all contexts. We caution against
using this finding as motive to develop more accurate emotion Al
systems or that accuracy in emotion recognition is a desirable goal.
Rather, we urge developers to dissent from this simplistic assertion
and question the possibility of ever achieving accuracy of emotion
recognition. In practice, policymakers are currently trying to ad-
dress Al accuracy through auditing requirements [45, 71]. However,
audits are both challenging [18, 90] and raise ethical questions,
particularly when they concern biometric data [89]. Interestingly,
although the NAIAC Charter includes bias as a core responsibility
of the committee, accuracy is not noted [111]. Given the impor-
tance of emotion AI's bias and accuracy to the American public,
policymakers should better understand if emotion Al systems could
ever be accurate. There is evidence emotion Al will likely never be
accurate [9, 74, 105], echoing sentiments that it is impossible for
technology to know someone better than they know themselves
[91]. It is possible that accuracy is not spotlighted by the NATAC
Charter because they similarly think this is not realistically achiev-
able [111]. Policymakers should use our results as impetus to better
understand if the systems they are attempting to regulate could or
should ever make accurate predictions about human emotion.

5.4 Placing Responsibility for Emotion Al:
Looking Forward in Emotion AI Regulation

Although the U.S. public would prefer to leave regulation of emotion
Al to the government than technology developers, many partici-
pants thought they, the subjects of emotion Al should hold power
over their emotion data. Notably, some participants believed it
would be fruitful for emotion Al to be governed by a collaborative
group of experts. The U.S. government has already taken steps
toward this through the NAIAC. That being said, NAIAC mem-
bers lean toward technical expertise, with only 3 of its 23 members
working on ethics in their private sector roles.'! Our findings sug-
gest the public believes regulating emotion Al must include those
beyond technical experts such as those who are engaged with the
social scientific and ethical aspects of emotion Al use. A comprehen-
sive approach to emotion Al regulation should incorporate diverse

19Thjs clause proposes to protect against technology that "causes a disparate impact”
or "discriminates” in "the equal enjoyment of goods, services, or other activities or op-
portunities, related to a consequential action, on the basis of a protected characteristic."
An archived list of the NAIAC members can be found here:
https://web.archive.org/web/20250115061539/https://ai.gov/naiac//
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expertise and prioritize public involvement to ensure ethical and
socially responsible outcomes.

6 Conclusion

This study provides a comprehensive account of U.S. public opinion
on emotion Al. As emotion Al permeates across sectors, policy-
makers must consider the nuanced drivers of public opinion. Our
findings suggest rather than developing entirely new policies, it
could be effective to adapt existing data governance frameworks to
encompass emotion data. That being said, the U.S. public is overall
supportive of a ban of emotion Al across all contexts we examined.
Contextual- and identity-driven differences in this support for reg-
ulation highlight the necessity for policymakers and advocates to
address the specific concerns and expectations of diverse groups.
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A Appendix
A.1 Participant Demographics
Table 2: Demographics of participant sample

Variable Identification Count
Cisgender Woman 288
Gender Cisgender Man 212
Transgender/Nonbinary 99
White 302
Black or African American 141
Hispanic or Latino 37
Race Mixed Race 76
Southeast Asian 13
East Asian 15
South Asian 11
American Indian/Alaska Native 3
Middle Eastern 1
.. No Disability 286
Disability At least one Disability 313
Less than High School 11
High School or Equivalent 97
. Some College 200
Education Bachelor’s Degree 181
Some Graduate School 18
Master’s/Professional Degree 79
Doctoral Degree 13
Less than $20,000 89
$20,000 to $34,999 85
Socio-economic $35,000 to $49,999 94
status $50,000 to $74,999 101
$75,000 to $99,999 80
$100,000 to $149,999 92
$150,000 to $199,999 47
$200,000 or more 11
18-24 98
25-34 164
Age 35-44 127
45-54 86
55-82 124

A.2 Measurement Items

Responsibility Attribution

The following items were measured on a 7-point Likert scale ranging
from "Strongly disagree" to "Strongly agree"

Government regulators: Emotion Al should be regulated by the
government.

Platform developers: Emotion Al developers should be held re-
sponsible for ethical use of emotion Al

Ingber & Andalibi

Self-regulation (data subjects): The decision to make inferences
about my emotions should be mine.

General Privacy Concerns: The following items were measured on
a 7-point Likert scale ranging from "Strongly disagree” to "Strongly
agree": All things considered, the internet causes serious privacy
problems;Compared to others, I am more sensitive about the way
my personal information is handled; To me, it is the most important
thing to keep my privacy intact from companies and institutions;I
believe other people are too much concerned with online privacy
issues; Compared with other things, personal privacy is very im-
portant to me

A.3 Co-Occurrence Matrix

Options for conceptualizing emotion data are presented along both
the x -and y-axis. Participants were able to select all options that
they felt applied to the conceptualization of emotion data. Darker
colors indicate a higher association between the two different cat-
egories (i.e., a larger number of participants chose both options
presented on the x- and y-axis). Lighter colors indicate a lower as-
sociation between two different categories (i.e., fewer people chose
both the options presented on the x- and y- axis).

Co-occurrence Heatmap of Emotion Data Regulation
No need for EAI protection 169 164 162 200 174 207 128 218

Unique and needs own policy 179 170 202 220 21 218 128

Sensitive information

Wiretapping 219 217

Thoughts and beliefs 332

Categories

Categories

Figure 2: Heatmap of co-occurence matrix

B Linear Regression Models by Context

Table 3: Support for Banning Emotion Al in Job Interviews

Variable Estimate Standard t value
Error
Intercept 5.03°**  0.52 9.76
Cisgender Female 0.27% 0.11 2.38
Transgender/Nonbinary -0.06 0.17 -0.37
Person of Color (POC) -0.10 0.11 -0.91
Political Orientation 0.14™* 0.05 2.96
Perceived Accuracy -0.16™*  0.04 -3.57
Perceived Bias -0.19"**  0.04 -4.63
Disability -0.20. 0.11 -1.79
Privacy Concerns 0.08 0.06 1.44
Perceived Ownership 0.10. 0.06 1.75
Education Level -0.07. 0.04 -1.73
Income 0.05. 0.03 1.87
Age -0.01. 0.00 -1.85

Significance codes: *** p < .001, " p < .01, * p < .05,.p < .10.
Reference groups: Male (Gender), White (POC), and People with a Disability
(Disability).
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Table 4: Support for Banning Emotion Al in the Workplace Table 7: Support for Banning Emotion Al in Consumer
Variable Estimate  Standard tvalue Research
Error Variable Estimate  Standard tvalue

Intercept 4.72" 0.51 9.31 Error
Cisgender Female 0.28* 0.11 2.53 Tntercept 2607 0.60 772
Transgender/Nonbinary 0.17 0.17 1.02 Cisgender Female 20.04 0.13 20.31
Per§9n of Clolor (POC) -0.21" 0.1 -2.04 Transgender/Nonbinary -0.05 0.19 -0.24
Political Orientation 0.06 0.05 1.44 Person of Color (POC) 0.19 0.12 154
Percgved AFcuraCy -O'Hi“ 0.04 -2.53 Political Orientation 0.00 0.05 0.09
Pe'rcel'v‘ed Bias -0.25 0.04 -6.37 Perceived Accuracy -0.14** 0.05 -2.70
Disability -0.17 0.11 -1.58 Perceived Bias -0.20% 0.05 4.17
Privacy Concerns 0.11* 0.06 2.03 Disability -0.25* 0.13 201
Perceived Ownership 0.15™* 0.06 2.72 Privacy Concerns 0.16* 0.07 2.48
Education Level -0'08*‘* 0.04 -1.91 Perceived Ownership 0.13* 0.07 2.01
Income 0.08 0.03 275 Education Level -0.11% 0.05 -2.19
Age -0.01 0.00 L7 Income 0.04 0.03 127

Significance codes: *** p < .001,** p < .01, p < .05,.p < .10. Age -0.00 0.00 -0.29

Reference groups: Male (Gender), White (POC), and People with a Disability

Significance codes: *** p < .001, " p < .01, p < .05,. p < .10.

(Disability). Reference groups: Male (Gender), White (POC), and People with a Disability
(Disability).
Table 5: Support for Banning Emotion Al on Social Media Table 8: Support for Banning Emotion AI in Public Spaces
Variable Estimate Standard t value Variable Estimate  Standard t value
Error Error
Intercept 4.74* 0.56 8.53 Intercept 4.60" 0.67 6.89
Cisgender Female 0.25* 0.12 2.03 Cisgender Female -0.10 0.15 -0.66
Transgender/Nonbinary 0.31. 0.18 1.71 Transgender/Nonbinary 0.31 0.22 1.41
Person of Color (POC) -0.31** 0.12 -2.70 Person of Color (POC) -0.00 0.14 -0.00
Political Orientation 0.02 0.05 0.34 Political Orientation 0.07 0.06 1.10
Perceived Accuracy -0.10* 0.05 -2.03 Perceived Accuracy -0.32°** 0.06 -5.67
Perceived Bias -0.23*** 0.04 -5.24 Perceived Bias -0.26"** 0.05 -4.86
Disability -0.07 0.12 -0.57 Disability -0.07 0.14 -0.50
Privacy Concerns 0.10. 0.06 1.67 Privacy Concerns 0.12 0.07 1.68
Perceived Ownership 0.13* 0.06 2.04 Perceived Ownership 0.22*" 0.07 2.94
Education Level -0.05 0.05 -1.09 Education Level 0.00 0.05 0.08
Income 0.01 0.03 0.32 Income 0.02 0.04 0.57
Age -0.00 0.00 -0.19 Age -0.01* 0.00 -2.34
Significance codes: *** p < .001, ** p < .01, * p < .05,.p < .10. Significance codes: *** p < .001, ** p < .01, * p < .05,. p < .10.
Reference groups: Male (Gender), White (POC), and People with a Disability Reference groups: Male (Gender), White (POC), and People with a Disability
(Disability). (Disability).

Table 9: Support for Banning Emotion Al in Education

Table 6: Support for Banning Emotion Al in Children’s Toys

Variabl Estimat Standard  tval
Variable Estimate  Standard tvalue ariable stimate Era;r;rar value
_— T Ef;;’r — Tntercept 469 0.58 8.08
ntercep ’ ’ ’ Cisgender Female -0.04 0.13 -0.32
Cisgender Female 0.01 0.13 0.06 T .
. ransgender/Nonbinary 0.06 0.19 0.34
Transgender/Nonbinary 0.02 0.19 0.12
P £ Color (POC 0.427 012 150 Person of Color (POC) -0.21 0.12 -1.71
erson o1 L-olor (A ) N . - Political Orientation 0.01 0.05 0.14
Political Orientation 0.01 0.05 0.25 X ok
. N Perceived Accuracy -0.21 0.05 -4.28
Perceived Accuracy -0.11 0.05 -2.23 . . P
. . e Perceived Bias -0.23 0.05 -4.99
Perceived Bias -0.23 0.05 -5.19 1
L N Disability -0.15 0.12 -1.18
Disability 0.24 0.12 1.99 Pri
. rivacy Concerns 0.04 0.06 0.62
Privacy Concerns 0.11. 0.06 1.70 . . x
X . - Perceived Ownership 0.20 0.06 3.17
Perceived Ownership 0.29 0.06 4.49 .

. Education Level -0.03 0.05 -0.68
Education Level -0.01 0.05 -0.24 Income 0.04 0.03 1.29
Income 0.02 0.03 0.67 Ace _0' 00 0‘00 _0' 84
Age -0.01" 0.00 238 g ' : '

Significance codes: *** p < .001, " p < .01, * p < .05,. p < .10.
Reference groups: Male (Gender), White (POC), and People with a Disability
(Disability).

sk

Significance codes: *** p < .001, ™ p < .01,* p < .05,.p < .10.
Reference groups: Male (Gender), White (POC), and People with a Disability
(Disability).
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Table 10: Support for Banning Emotion Al in Border Control

Variable Estimate  Standard tvalue
Error
Intercept 5117 0.60 8.46
Cisgender Female 0.04 0.13 0.27
Transgender/Nonbinary 0.21 0.20 1.04
Person of Color (POC) -0.02 0.13 -0.14
Political Orientation 0.29™* 0.05 5.31
Perceived Accuracy -0.23"** 0.05 -4.50
Perceived Bias -0.26™** 0.05 -5.48
Disability -0.21 0.13 -1.61
Privacy Concerns 0.01 0.07 0.08
Perceived Ownership 0.10 0.07 1.49
Education Level 0.00 0.05 -0.01
Income -0.02 0.03 -0.62
Age -0.02*** 0.00 -4.13

Significance codes: *** p < .001,** p < .01, p < .05,.p < .10.
Reference groups: Male (Gender), White (POC), and People with a Disability
(Disability).

Table 11: Support for Banning Emotion Al in Healthcare

Variable Estimate  Standard  tvalue
Error
Intercept 4.54"* 0.62 7.28
Cisgender Female 0.36™* 0.14 2.63
Transgender/Nonbinary 0.34. 0.20 1.68
Person of Color (POC) -0.15 0.13 -1.13
Political Orientation -0.02 0.06 -0.36
Perceived Accuracy -0.33** 0.05 -6.22
Perceived Bias -0.14™ 0.05 -2.81
Disability -0.10 0.13 -0.78
Privacy Concerns 0.04 0.07 0.61
Perceived Ownership 0.11 0.07 1.56
Education Level 0.00 0.05 -0.01
Income 0.03 0.03 0.99
Age -0.00 0.01 -0.52

Significance codes: *** p < .001,** p < .01, p < .05,.p < .10.
Reference groups: Male (Gender), White (POC), and People with a Disability
(Disability).

Table 12: Support for Banning Emotion Al in Cars

Variable Estimate  Standard t Value
Error
Intercept 3.96"* 0.66 5.98
Cisgender Female 0.10 0.15 0.66
Transgender/Nonbinary 0.20 0.22 0.91
Person of Color (POC) -0.10 0.14 -0.75
Political Orientation 0.06 0.06 0.94
Perceived Accuracy -0.34"* 0.06 -6.14
Perceived Bias -0.22*** 0.05 -4.22
Disability -0.12 0.14 -0.85
Privacy Concerns 0.18" 0.07 244
Perceived Ownership 0.24™* 0.07 3.27
Education Level -0.04 0.05 -0.72
Income 0.05 0.04 1.43
Age -0.00 0.01 -0.96

Significance codes: *** p < .001,** p < .01, p < .05,.p < .10.
Reference groups: Male (Gender), White (POC), and People with a Disability
(Disability).
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