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Abstract

When using deepfake technology to represent users, there is a need
to convey a reasonable range of emotions to be able to portray
different circumstances ranging from positive to negative experi-
ences (e.g., personal struggles). Because it is not known how well
deepfake avatars embody emotional diversity, we investigated this
aspect among 202 deepfake avatars. Our findings suggest an overall
positivity bias in deepfake avatars’ emotions. We also found sig-
nificant gender differences in several emotional expressions, with,
male deepfakes scoring higher in “smile” and “calm” emotions,
and female deepfake avatars scoring higher in “surprised”, “fear”,
and “happy” emotions. In terms of ethnicity, European and His-
panic deepfake avatars demonstrate the broadest range of “smile”,
“happy”, and “calm” compared to other ethnic groups. Age had
no notable bias. No emotion score was normally distributed, sug-
gesting that the range of emotional representativeness among the
tested deepfake avatars is skewed. We outline the implications
for academics and professionals regarding future development and
responsible deployment of deepfake avatars.

CCS Concepts

« Human-centered computing — Human computer interaction
(HCI).
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1 Introduction

A deepfake avatar (DA) is a computer-generated representation
with a human-like appearance. It is manipulated and managed by a
software program to engage, inform, and communicate with users
within systems, applications, or services (see examples in Figure 1).

Deepfake technology is often approached in human-computer
interaction (HCI) and other studies with a negative undertone, con-
sidering it a risk, threat, or harm [10, 20, 66]. However, increasingly,
the research community is also recognizing the positive opportu-
nities associated with deepfake technology [31, 33, 34]. Among
these is a more efficient representation of end-users using deep-
fake avatars (DAs), which are digital avatars created with the help
of deepfake technology. The emergence of deepfake technologies
[38, 48, 69] facilitates the incorporation of DAs into information
systems that directly engage with real users. To this end, DAs have
several potential use cases. For instance, though modern chatbots
utilize artificial intelligence (AI) while responding to customers,
the chatbots themselves can be quite faceless (or cartoonish) and
machine-like [35]. For this purpose, DAs could help to elaborate the
user experience (UX) of chatbots and customer services. As a sec-
ond example, the need for medical personnel in many societies has
been increasing due to population aging [12]. There have been ad-
vances in Al-driven solutions and robotizing medical and geriatrics
staff in, for example, Japan [5, 47]. The reception of such solutions
for medical care and for the elderly has been mostly positive, but
making such solutions more human-like and humanely responsive
could improve their reception [54]. One key element here is the
display of emotion referring to whether DAs are expressing emotion
when interacting with humans—sometimes, for example when DAs
interact with people for supportive purposes, designers may wish
DAs to display positive emotions; in other occasions, especially
when representing user groups that struggle (e.g., with addictions
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Figure 1: “John” and “Olivia”, examples of deepfake avatars from Synthesia.io. These avatars can speak based on a script
provided by a human; they can be integrated into a large language model, such as ChatGPT, to respond to user queries in
a conversation and thus leveraging a high degree of artificial intelligence. The current study explores the ability of these

deepfakes to express emotions.

[59], one would expect the DAs to be capable of displaying negative
emotions.

Emotions’ displaying characteristics of DAs is important for a
variety of reasons that are yet to be studied by the scientific com-
munity. First, understanding emotions is crucial for enhancing the
interaction between humans and DAs. Emotionally expressive DAs
improve UX by making interactions more natural and engaging,
making DAs more usable [29, 43]. Identifying specific emotions
contributing to DAs’ diversity helps design more compelling DAs.
Second, there could be disadvantageous biases in Al systems. Al
often exhibits biases in recognizing and responding to emotions,
performing better on certain demographic groups and worse on
others [6]. In addition, Al solutions, such as large language mod-
els (LLMs), have been found to exhibit human-like biases based
on the training data with which the LLM has been trained [1, 72],
which can cause hindrances when using deepfake technologies
in conjunction with these other AI technologies. Third, affective
computing should involve developing systems that recognize and
respond to human emotions. Providing data on how DAs mimic
human expressions informs the development of more sophisticated
algorithms for emotion detection and synthesis [53]. Fourth, en-
suring cultural sensitivity in DAs is important for the usability in
DAs. Emotions are expressed and interpreted differently across
different cultures [9, 13]. Identifying key emotions allows the de-
signing of DAs that effectively communicate with diverse cultural
backgrounds, supporting inclusive user-centered design.

As there exists variability in expressing emotions [43], creating
DAs that can adapt to this emotional diversity without bias (or
skewness) is challenging. This leads to two at least notable knowl-
edge gaps: (1) the effectiveness of DAs in capturing and reflecting
the wide range of human emotions, which is crucial for the diverse
applications of DAs (ranging across different emotions); and (2) the
ability of DAs to represent diverse demographics (and emotional
diversity within demographic groups). To address these gaps, our
study aims to investigate the diversity and biases in the emotional
expressions in DAs. We pose the following research questions
(RQs):

RQ1: What are the key emotional expressions that define the
diversity in emotional expressions exhibited by DAs?

RQ2: In what ways, if any, do DAs exhibit bias in capturing and
reflecting human emotional expressions?

RQ3: Are there significant differences in the way DAs express
emotions based on age, gender, and ethnic group?

In this study, our focus is on emotional expressions from static
images of DAs. We leave the analysis of facial movement to another
study. We selected emotional expressions as the central point of
this study due to the recognized significance of emotional expres-
sions in interpersonal communication [18]. Moreover, research has
indicated that equipping artificial characters with human-like emo-
tional expressions enhances their perceived human likeness [3, 22].
To address the RQs, we used face detection software Amazon AWS
Rekognition (AWS) to computationally identify the emotions ex-
pressed by the tested 202 DAs that we extracted from three deepfake
service providers. AWS was chosen for the study since it has been
successfully used in HCI research to detect emotional expressions
[30, 42, 56]. We also used two human inspectors (one human in-
spector who inspected all the data, and the second human inspector
validated the results by the first human inspector) to validate the
emotional expressions detected by AWS.

Our work has three main practical contributions: (1) Empirically
discovering a remarkable “positivity bias” in DAs in the emotional ex-
pressions exhibited by DAs, with a predominant emphasis on smiles
and calm demeanors; (2) A comparison of the way DAs express
emotions based on demographic variables, indicating significant
differences in gender, ethnicity, and age, but showing no significant
bias in emotional expression; and (3) Reflection on the implications
of our findings for the future development and responsible deploy-
ment of DAs, prompting inquiry into emotional representation and
demographic considerations in the evolution of this technology.

Also, our work brings theoretical insights. Firstly, our work
contributes to a better understanding of the range and the nature
of emotional expressions that define the diversity in emotional ex-
pressions exhibited by DAs. Secondly, we contribute to knowledge
about the types of biases that DAs exhibit in capturing and reflect-
ing human emotional expressions. Thirdly, our work contributes
to the identification of the demographic factors that influence the
diversity in emotional expressions of DAs.
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2 Literature Review

2.1 Emotional Expressions in Al Systems

Research from HCI implies that the more a DA looks to be anthro-
pomorphic, the more it seems credible and competent [49]. An
anthropomorphic impression of a DA encourages people to become
more polite and interactive, and to frequently reciprocate. This en-
hances the interaction, engagement, and satisfaction of people with
DAs [29, 43, 44]. McDuff and Czerwinski [43] emphasize that an-
thropomorphic DAs, which display a spectrum of human emotions,
significantly improve the quality of interaction between the DA
and human users, making DAs more relatable and effective. Jack
and Schyns [29] emphasize the importance of capturing dynamic
emotional expressions, which are fundamental to social communi-
cation. In turn, a more human-like appearance of DAs can increase
user satisfaction in terms of credibility or goodwill [8, 28]. How-
ever, designing and creating a DA that can conduct emotionally apt
communication is a challenging task [44]. Studies have explored
the universality and cultural variations in emotional expressions,
indicating significant differences across different cultural contexts
[9, 13, 70]. However, there remains a gap in understanding the full
range and nature of emotional emotions that can be exhibited by
DAs, especially given the rapid advancements in deepfake technol-
ogy. It is also a challenge for a DA to communicate with people
of different backgrounds and cultures having a limited ability to
represent the emotional expressions of diverse people [9, 13]. So,
designers and software engineers face the challenge of providing
DAs with the ability to represent emotions through emotional ex-
pressions to increase user engagement and satisfaction [44].

If the DA has an emotional intelligence close to that of a human
being, the customers should not see any difference compared to
a human operator [37]. Modern office buildings and hotels have
reception automation in addition to personnel [40]. Lukanova and
Ilieva [40] found that Al-assisted chatbots and robots can enhance
the UX of hotel reception encounters, while some restaurants have
already outsourced their order reception for robots, chatbots, or at
least bare computers [4, 55], and such systems could benefit from
deepfakes as well. Putten et al. [54] show the positive response
of people towards those DAs that can collect and analyze human
voices and the upper body movements of people to respond ac-
cordingly. Expectedly responding to human behavior makes DAs
closer to human beings, enhancing system UX among the user
base [31, 33, 34]. Emotional diverse DAs need not only account for
the positive experiences among the user base but also represent
the pain points, challenges, and negative emotions experienced
by the user groups they represent [60]. It is common that user
representations, such as personas [50], include pain points, con-
cerns, and issues of the user groups the personas represent; not
only positive aspirations. Al systems, especially those employing
deepfake technology to create DAs, depend on accurately recog-
nizing and reproducing human emotions to ensure effective and
engaging interactions [29, 43]. So, understanding cultural differ-
ences in emotional expressions is vital for developing Al systems
sensitive to the needs of the global audience [9].

To create more inclusive and fair Al systems, deepfake develop-
ers ought to use diverse and balanced datasets that represent a wide
range of demographic groups and emotional expressions. To this
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end, Chen and Jack [9] underscore the importance of understand-
ing cultural differences in emotional expression, which is vital for
developing Al systems that are sensitive to the needs of a global
audience.

HCI and related studies have investigated demographic bias in
face detection [21, 67], facial datasets [23], and natural language
processing (e.g., word embeddings: [64] and NER [45]), but no study
we are aware of investigates demographic bias in DAs. Therefore,
this study undertakes a novel, impactful task. Another, perhaps
more general, aspect of deepfake research to which this research
contributes is the fact that most studies on deepfakes tend to fo-
cus on negative effects such as misinformation and other forms
of deception (e.g., [14, 39]). However, as pinpointed by Mustak et
al. [46], deepfakes also offer opportunities for user-centered de-
sign, especially when deployed in an ethically sustainable manner.
Therefore, it is integral that there should also be studies focused
on the opportunities, and not only the risks, of deepfakes for HCI,
which this study addresses.

2.2 Human Emotions Bias in Al Systems

The exploration of emotions in Al systems, particularly DAs, is
an important area of research in HCI. Firstly, understanding the
range and nature of emotional expressions in DAs is essential for
enhancing HCL Emotionally expressive avatars improve UX by
making interactions more natural and engaging [44]. Previous
studies have demonstrated that anthropomorphic DAs, which dis-
play a wide array of human-like emotions, significantly enhance
the quality of interaction between the DAs and humans, making
DAs more relatable [29, 43]. Identifying the specific emotions that
contribute to the emotional diversity of DAs helps in designing
more effective DAs. Secondly, the investigation of biases in emo-
tional generation by DAs is crucial. Commercial Al systems often
show gender and racial biases, which extend to emotional recogni-
tion [6, 72]. Similarly, Zhao et al. [71] found that individuals rated
emotional expressions more positively when associated with high
ability in non-threatening contexts, suggesting societal preferences
that could influence Al training data.

Biases in Al systems, including DAs, have been a growing con-
cern, particularly regarding how Al systems capture and reflect
human emotions. Studies have emphasized the presence of gender
and racial biases in Al systems as Al systems tend to perform better
on certain demographics than others [6, 32, 57]. Also, these biases
can lead to significant discrepancies in the emotional expressions
exhibited by DAs, which may affect DAs perceived authenticity
and effectiveness. Although previous research has identified bias
in Al applications broadly, there is a specific need to investigate
how biases affect the emotional expressions of DAs.

Biases in Al in the recognition and generation of human emo-
tional expressions, particularly positivity bias, is a significant con-
cern in affective computing and Al systems [57, 63]. Positivity bias
refers to the tendency of a group of people in a system to dispropor-
tionately favor positive emotions, such as happiness or calmness,
over negative emotions, like sadness or anger [43, 71]. Research
has indicated that positivity bias can be present in Al systems de-
signed to detect and interpret emotional expressions [6, 43, 71]
meaning that Al systems designed to detect and interpret human
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emotional expressions detect positive emotional expressions more
easily than negative emotional expressions. McDuff and Czerwinski
[43] emphasize that emotionally sentient Al systems often exhibit a
positivity bias, leading to a skewed detection and representation of
human emotions in those systems. Positivity bias can deteriorate
the authenticity and effectiveness of Al interactions, as it fails to
capture the full spectrum of human emotional expressions[6, 43].
The presence of positivity bias in Al systems is not merely a
technical issue but also reflects broader societal preferences for pos-
itive emotional expressions, which are often deemed more socially
acceptable and desirable [29]. This can materialize in Al systems
that are better at recognizing and responding to positive emotions
while neglecting or misinterpreting negative emotions. The im-
plications are profound, as positivity bias affects the inclusivity
and fairness of Al systems. Al systems exhibiting positivity bias
may fail to appropriately respond to users’ needs, particularly in
contexts where recognizing or expressing negative emotions is
crucial, such as mental health support or customer service [57].
Addressing positivity bias in Al systems requires a concerted effort
to train Al systems on diverse and balanced datasets that accurately
reflect the range of human emotional and emotional expressions.
This includes not only ensuring demographic diversity but also
representing various emotional states and expressions equally [13].

2.3 Demographic Differences in Emotional
Expressions in Al Systems

The influence of demographic factors on the emotional diversity of
DAs is a critical area of research, as these factors can significantly
impact the effectiveness and relatability of DAs in various applica-
tions. Research has demonstrated that cultural and demographic
background plays a crucial role in how emotions are expressed and
perceived [9, 29, 70] However, there is limited research specifically
focusing on how these demographic factors influence the emotional
expressions of DAs. Understanding these influences is essential for
creating DAs that are not only technologically advanced but also
culturally sensitive and inclusive.

Gender plays a crucial role in Al systems’ emotional expres-
sion detection and generation. Societal stereotypes can lead to
women being perceived as more expressive and emotionally posi-
tive compared to men [27, 72]. Women are more likely to be seen
as happy, while men are more frequently associated with negative
emotions such as anger [27]. These gender stereotypes can result in
Al systems, trained on gender-biased datasets, which more readily
recognize and express positive emotions in women and negative
emotions in men, enforcing the positivity bias [6, 72].

Ethnicity also significantly impacts emotional expressions in Al
systems. Al systems often perform better on ethnic groups that
are mostly represented in Al systems’ training datasets, leading to
biases where emotional expressions in underrepresented groups
are less accurately detected and generated [58, 72]. For example,
positive emotions like happiness are more easily recognized in the
faces of the ethnic majority within the training data (often white
Caucasians [19, 72]), while subtle expressions in ethnic minority
groups might be overlooked or misclassified [19, 25, 58, 72]. Simi-
larly, research has also stereotypically found that black ethnicities
are generally found more angry in their emotional expressions than
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white ethnicities [25] which also can affect Al systems’ ability to
detect and generate emotional expressions across ethnic groups.

Age affects the detection and generation of emotional expres-
sions in Al systems. Older individuals often display different
emotional expression dynamics compared to younger individu-
als [41, 72], which can influence how emotions are perceived and
recognized in Al systems related to emotional expressions. Older
adults tend to have less intense emotional expressions, which might
lead to a lower expression frequency of positive emotions by Al
systems trained primarily on data of younger individuals [41]. Con-
sequently, these Al systems might exhibit a positivity bias towards
younger individuals, where positive emotions are more easily gen-
erated due to more expressive facial features [72].

3 Methods
3.1 Data Collection

To address our RQs, we tabulated data from each DA into summary
tables which contained the demographics of age, gender, and ethnic
group (a) automatically with a tool called AWS and manually by to
human researchers. The initial phase involved the selection of ap-
propriate deepfake providers for the investigation by the lead author.
Three service providers were identified for the study: Synthesia,
Elai, and Colossyan. These choices were primarily based on the
perceived quality of their DAs, which, according to our pilot testing,
exhibited a realistic appearance suitable for real-world applications.
These providers are marketed to businesses and other client orga-
nizations for generating deepfakes for various purposes, including
customer service, sales support, online presentations, and even for
political endeavors such as pro-government information campaigns
[61], though here we focus on user representation. Subsequently, a
demographic inspection template for the DAs was established in
a spreadsheet. Demographic variables were derived from classifi-
cations by the American Psychological Association (APA) [36]. The
APA demographic classification comprises six ethnic categories: (1)
People of African origin, (2) People of Asian origin, (3) People of
European origin (white Caucasian), (4) Indigenous Peoples globally
(Indigenous peoples of the Americas, Inuit, Australian Aboriginals,
Maori), (5) People of Hispanic or Latino ethnicity (later rereferred
to as Hispanic in this paper), and (6) People of Middle Eastern origin.
Each service provider was individually and manually studied, and
each presented DA was inspected manually by the lead author. If
a DA was presented, for example, from a different angle or with
a different outfit, each variation was considered a unique DA. A
screenshot of each DA was saved and meta-tagged after the demo-
graphic classification. A total of 202 unique DAs were found on the
three providers (February 2023). Screenshots of the DAs and the
image nomenclature are provided in the supplementarymaterial.
After saving all 202 screenshots, the provider, gender, age, and eth-
nic information of every DA was entered into a spreadsheet (see
Table 1 and Figure 2 for data distributions).

3.2 Emotion Tagging

The DAs’ emotional expressions were obtained using AWS, which
is a tool for image and video analysis with ML. To automatically an-
alyze DAs’ emotional expressions with the AWS, eleven categories
were considered: (a) age, (b) gender, (c) smile, (d) calm, (e) surprised,


supplementary material

Getting Emotional Enough: Analyzing Emotional Diversity in Deepfake Avatars

Gender Distribution

100
80
60
20

0

Male Female

Count

8

Gender

Frequency

NordiCHI 2024, October 13-16, 2024, Uppsala, Sweden

Age Distribution

Figure 2: Gender and age distributions in the analyzed deepfake avatars.
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Figure 3: Examples of emotion classes given by the AWS. Calm associates with tranquility, peace, and lack of stress [15].

Table 1: Ethnic group distribution.

Ethnic group N Relative frequency
European 92 45.6%
Hispanic 34 16.8%

African 37 18.3%
Asian 20 9.9%
Middle Eastern 16 7.9%
Indigenous 3 1.5%

(f) fear, (g) sad, (h) confused, (i) happy, (j) angry, and (k) disgusted.
These categories represent emotional expressions in AWS. These
emotional expressions were selected for the study since (a) they
were available in AWS and (b) the emotional expressions in AWS are
based on a subset of emotional expressions categories recognized
in a prior study [16]. The prediction of an emotional expression in
AWS is “basedonthephysicalappearanceofaperson'sfaceinanimage”.
AWS gives a confidence value of 0-100 for the estimation of de-
tected emotions c-k (examples in Figure 3). AWS reports values for
estimated age as a range from minimum to maximum, from which
mean values were calculated for each DA. Gender is reported by
AWS as a binary value (male or female), and the estimations of age
and gender are based on the physical appearance of a face in an
image. AWS reported a confidence value of 0-100 also for the esti-
mation of gender. After the AWS automatic emotional expressions

tagging, the ethnic group of each 202 DAs was manually labeled
by the lead author using the aforementioned taxonomy. Based on
the AWS tagging, the lead author tagged each avatar with one or
many of the 11 categories using the same confidence value scale
for categories as in AWS giving each avatar a confidence value
0-100 for categories c-k and for age and gender. The confidence
value given to the DA by the lead author reflects the amount of an
emotion detected by the lead author in the DA.

3.3 Interrater Agreement and Analysis
Procedure

We ensured the quality of the human-inspected data labeling via
interrater agreement analysis, in which another researcher inde-
pendently annotated a sample of the data (n=50, i.e., ~25%). The
guidance for the annotation process was as follows: “Examine each
digital avatar and mark down your findings on (a) gender, (b) age,
and (c) ethnic group” The interrater examination revealed that
there was high agreement on gender (98.00%, n = 50), age (96.00%,
n = 50), and ethnic group (98.00%, n = 50). The disagreed cases were
discussed among the researchers, and the final label was assigned
based on consensus. Discussion between the researchers followed
argumentation from both researchers to the point where a mutual
understanding of the originally disagreed case was reached. Two
human raters were seen as sufficient for the purposes of the study
based on prior studies and guidelines using human raters [24].


based on the physical appearance of a person's face in an image
image
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Table 2: Mean (M), standard deviation (SD), min, and max values for emotional expressions confidence values observed by AWS.

Smile Calm Surprised Fear Sad Confused Happy Angry Disgusted
Mean 88.01 62.14 7.42 6.53 2.86 11.63 18.87 1.936 1.51
SD 10.06 37.97 3.92 4.97 2.42 23.92 32.33 6.148 5.30
Minimum 52.04 0.08 6.25 5.88 2.15 0.01 0.004 0.01 0.002
Maximum 96.33 99.95 40.11 75.80 27.64 99.17 99.63 62.028 65.50

100
90
80
70
60
50
40

| ||

Smile Calm Surprised Fear

MEAWS Rating

Confused Happy Angry Disgusted

OHuman Rating

Figure 4: Smile and emotion mean and SDs by AWS (numerical values presented in Table 2) and human rater (numerical values
presented in Table 3). Smile and calm are the most common emotions detected by AWS, followed by happy and confused. Smile
and happy are the most common emotions detected by the human evaluator, followed by calm and confused. Surprised and
negative emotions are in the minority. Bars are means, error bars are standard deviations.

For the emotion labeling, another human rater, in addition to
the lead author, manually annotated each emotion in the interrater
sample (n = 50) using the same confidence value scale as that used by
the AWS (0-100) and the lead author. The inter-rater agreement was
calculated based on Spearman’s rank correlation, indicating that
the rank of most observed emotions by the human rater matched
well with the most observed emotions by the AWS, s = 0.9359, p <
0.0001.

To address the RQs, statistical tests were carried out. In these
tests, we leverage the variables obtained using AWS (apart from the
ethnic group that was manually tagged). Because the data was pre-
dominantly non-normally distributed, we applied non-parametric
tests, including the Mann-Whitney (assessing whether one of two
independent samples (gender in this study) tends to have larger
values than the other), Kruskal-Wallis (assessing whether at least
one of the groups (ethnic groups in this study) studied tends to
have different values from the other groups), and Wilcoxon tests
(assessing whether the median differences between pairs of obser-
vations (observations in ethnic groups in this study) are different
from zero). All three non-parametric tests are suitable to study dif-
ferences between groups (gender, age, and emotional expressions)
in data that is not normally distributed.

4 Findings
4.1 Positivity Bias

To address RQ1, we found that smile (M=88.01, SD=10.06) and
calm (M=62.14, SD=37.97) emotional expressions are the domi-
nant expressions recognized by the AWS, while other emotional
expressions are in the minority. The next most common emotional
expressions observed by AWS are happy and confused, but as indi-
cated by the high standard deviations (SD), the range of confidence
values output by AWS for these emotional expressions is wide (see
Table 2). In other words, there is a high degree of variation among
the DAs observed by AWS on the display of emotions with a bias
towards happy emotions. Nonetheless, to answer RQ2, the emo-
tions observed from AWS data indicate a “positivity bias” (Figure 4),
which refers to the dominance of smiling faces on DAs over other
emotional expressions.

The emotional diversity observed by a human evaluator shows a
similar smile (M=54.11, SD=24.89) and happy (M=24.21, SD=13.66)
are the dominant emotional expressions recognized by the human
evaluator. Next, the most common emotional expressions observed
by the human evaluator are calm and confused, but as indicated
by the high standard deviations (SD), the range of values observed
for these emotional expressions is wide (see Table 3). In other
words, there is a high degree of variation observed by the human
evaluator among the DAs on the display of emotions, with a bias
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Table 3: Mean (M), standard deviation (SD), min, and max values for emotions observed by a human evaluator.

Smile Calm Surprised Fear Sad Confused Happy Angry Disgusted
Mean 54.11 22.28 6.46 5.77 7.33 8.02 24.21 5.77 7.15
Standard 24.89 10.16 9.97 9.05 9.50 9.01 13.66 9.70 9.75
deviation
Minimum 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Maximum 90 60 50 30 30 30 60 40 50

towards happy emotions. The emotional diversity observed by a
human evaluator shows a similar positivity bias as seen in the AWS
observations (Figure 4). Data in Figure 4 are presented numerically
in Table 2 and Table 3.

4.2 The Effect of Age, Gender, and Ethnic Group

This section addresses RQ3. For age, we investigated the correla-
tions between age and emotion variables. Only the correlation be-
tween age and “confused” reached statistical significance (p < 0.05),
indicating a weak positive relationship between these variables,
r=0.1734, p = 0.014. All other correlations were non-significant.
So, overall, there appears to be no notable association between the
DAs’ age and their display of emotions.

For gender, we conducted a series of Mann-Whitney U tests.
Several significant differences were found:

e Male DAs (M = 89.11) had higher “smile” scores compared
to female DAs (M = 87.04), U = 6259.00, p = .0046.

e Male DAs (M = 72.37) also had higher “calm” scores than
female DAs (M = 53.06), U = 6755.00, p < .001.

e In turn, female DAs (M = 8.07) had higher “surprised” scores
compared to male DAs (M = 6.69), U = 3631.00, p = .0005.

o Also, female DAs (M = 6.90) had higher “fear” scores than
male DAs (M = 6.12), U = 4036.00, p = .0117.

e Finally, female DAs (M = 26.27) had higher “happy” scores
than male DAs (M = 10.54), U = 3209.00, p < .001.

o The rest of the comparisons were not statistically significant.
Figure 5 shows all the gender differences.

For ethnic groups, we first carried out Kruskal-Wallis tests for
each emotion variable to investigate if the variable scores varied
among the ethnic groups. If the Kruskal-Wallis test showed a pos-
itive result, we then conducted post-hoc Wilcoxon tests among
the ethnic groups. We only report the significant results here. All
results, including the non-significant ones, can be found in the
supplementary material.

The Kruskal-Wallis test conducted to examine differences in
“calm” across different ethnic groups indicated a statistically sig-
nificant difference, y?(4) = 21.9166, p < .001. Post-hoc pairwise
comparisons using the Wilcoxon test revealed the following results:
a significant difference in “calm” between:

e European and African DAs, W = -2.3526, p = .0186
o European and Asian DAs, W = -2.1462, p = .0319 and
o European and Middle Eastern DAs, W = -2.4486, p = .0143.

There was also a significant difference between:

o African and Hispanic DAs, W = 3.5248, p < .001
o Asian and Hispanic DAs, W = 3.2422, p = .0012 and

e Hispanic and Middle Eastern DAs, W = -3.2236, p = .0013.

In general, the European and Hispanic DAs exhibited a broader
range of “calm” than the other groups, which resulted in their
average calmness being lower than for the other groups (see Figure
6). Broader range here refers to the dispersion of detected values
for “calm” (Figure 5).

A Kruskal-Wallis test was performed to assess differences in
“happy” across the ethnic groups. The test revealed a statistically
significant difference, y%(4) = 17.2542, p = .0017. Further analysis
using post-hoc pairwise Wilcoxon tests indicated a significant dif-
ference was found between European and Asian DAs, W = 2.0396,
p = .0414; and European and Middle Eastern DAs, W = 2.5375, p =
.0112. Also, a significant difference was found between:

o African and Hispanic DAs, W = -2.5023, p = .0123
e Asian and Hispanic DAs, W =-2.9197, p = .0035 and
e Hispanic and Middle Eastern DAs, W = 3.1196, p = .0018.

The European and Hispanic (especially the Hispanic) DAs exhibit
a broader range of happiness and generally a higher degree of
happiness than the other DAs (see Figure 6). Broader range here
refers to the dispersion of detected values for “happy” (Figure 5).

Finally, to account for the simultaneous effect of age, gender,
and ethnic group on each of the eleven emotional expressions or
emotions outlined at the beginning of Section 3.2, we developed
separate regression models for each emotion using the emotion
score as a dependent variable and the demographic factors as inde-
pendent variables. The “calm” regression model explained 19.9% of
the variance in “calm” (R? = 0.199). Among the predictor variables,
the ethnic group European (f = -19.85, p = 0.009), ethnic group
Hispanic (f = -34.72, p < 0.001), and gender Male (f = 19.38, p <
0.001) showed a significant impact on “calm”. The “happy” regres-
sion model explained 14.2% of the variance in “happy” (R? = 0.142).
Among the predictor variables, the ethnic group European (f =
11.95, p = 0.072), ethnic group Hispanic (f = 21.37, p = 0.006), and
gender Male (f = -13.59, p = 0.003) showed a significant impact on
“happy”. The other models were ignored due to poor fit. Full test
statistics can be found in the online supplementary material.

5 Discussion

5.1 Theoretical Contribution

In terms of RQ1 (What are the key emotional expressions that define
the diversity in emotional expressions exhibited by DAs?) our re-
search contributes to a better understanding of the wide range and
the nature of key emotional expressions that define the diversity
in emotional expressions exhibited by DAs [7, 9, 13, 33, 62]. Our
research adds to a comprehensive understanding of the range and



NordiCHI 2024, October 13-16, 2024, Uppsala, Sweden

llkka Kaate et al.

I 100 —]— 40 L] . *
90 T i o 25
=)
g = 0 ] o 60 a
b ’ = &30 " i = 20
= ar L =
£ 80 b & 60 > n'” ! '
=] 4 = w25 = =]
o = w 2 = 15
o' i 5 5 e g *
E N ! E a g2 . E E +
i i - E o' BT
¢ = wis +* % m
£ L] = g 0 .
Ll
10 5
! J’— é 1 _—L_
H o - I I
50 =
Mala Famale Male Female Male Fermale Male  Female Male Female
Gender Gender Gender Gender Gender
100
4 : 100 . , 0 * . *
. ;
=] + 3 =]
o 80 + 30 50 oo
= H + i ’ % E =0
S } ' z ' T 2
g 60 60 | 440
| ' g } g 5
a + S =] n
5 10 * 8 . S 30 ' 5 20
E=R ¢ £ 2
5 = E B
) w +
E, ; : m ' 2.20 . Fu o,
= = 1
g ! T H 10 ! . £ :
[]
0 o 0 0
Male Female Male Female Male Female Male  Female
Gender Gender Gender Gender

Figure 5: Boxplots showing the emotional differences between deepfake avatars by their gender.

nature of key emotional expressions exhibited by DAs. We iden-
tified that emotional expressions such as smile, happy, calm, and
confused are the most prominent emotions detected in DAs. Other
emotional expressions of surprised, fear, sad, angry, and disgusted
(non-positive aspirations commonly present in personas [50]) were
observed more often by human observer than AWS, which could
be due to such emotions being subtle and dependent on minor cues
on the human face. These findings extend the existing literature
on emotional expressions in Al, emphasizing the need for Al sys-
tems to replicate a broad spectrum of human emotions to enhance
emotional diversity [9, 13, 26, 33, 48, 62, 68]. In some occasions it
would be beneficial for the DA to be able to exhibit also negative
aspirations, e.g., in cases of sad events or when the DA is represent-
ing struggle, such as addiction [59]. Previous studies have seen the
significance of emotional diversity in HCI, but our study specifically
quantifies the prevalence and variability of emotional expressions
in DAs, which can conceptually be viewed under the theoretical
framework of emotionally intelligent AL

In terms of RQ2 (In what ways, if any, do DAs exhibit bias in
capturing and reflecting human emotional expressions?), our work
contributes to the knowledge and understanding of the types of
biases that DAs exhibit in capturing and reflecting human emo-
tional expressions [2, 6, 32, 51, 52, 57]. Our findings reveal a notable
positivity bias, with a predominant emphasis on smiles and calm
emotional expressions. Both AWS analysis and human observer
noted this tendency, indicating a consistent pattern in the emotional
representation of DAs. Positivity bias we detected in DAs aligns
with societal preferences for positive emotional expressions, yet it
challenges the authenticity and diversity of Al-generated emotional
expressions [9]. However, the dominance of positive emotions may

also raise questions about the authenticity and diversity of emo-
tional expressions conveyed by DAs, as they appear to deviate from
the wide spectrum of human emotional experiences, which includes
portraying sadness, unhappiness, and even pain. The presence of
the positivity bias stresses the importance of developing balanced
Al training datasets that represent a full spectrum of human emo-
tions, ensuring Al systems can accurately and fairly recognize and
reproduce both positive and negative emotional expressions [6, 71].
By addressing the prevalence of positivity bias, our research adds to
the theoretical discourse on ethical Al development and the need for
inclusive and representative emotional data in training Al systems.

Regarding RQ3 (Are there significant differences in the way DAs
express emotions based on age, gender, and ethnic group?), we pro-
vide empirical evidence of the demographic influences on DAs’
emotional expressions and our research contributes to the broader
theoretical framework of demographic bias in Al and the develop-
ment of more equitable Al technologies; an issue raised for example
by Hess etal. [27] and Rhue [58]. The major theoretical contribution
of our work is to identify the demographic factors that influence the
diversity in emotional expressions of DAs adding to the theoretical
understanding of how demographic factors influence the emotional
expressions of DAs in prior literature [9, 29, 72]. We identified
substantial gender differences in emotional expressions of DAs,
with male DAs exhibiting higher scores in smile and calm emo-
tions, while female DAs scored higher in surprised, fear, and happy
emotions. These gender-specific emotional patterns may reflect (or
stem from) societal stereotypes and expectations, which implies
that gender representation may reinforce biases when deploying
DAs. Additionally, we found ethnic differences, particularly with
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Figure 6: Boxplots of emotion scores from AWS by ethnic group. European and Hispanic ethnic groups seem to portray a range
of emotions, which may be a consequence of their larger prevalence in the dataset; 49.0% and 16.8%, respectively.

European and Hispanic DAs displaying a broader range of emo-
tional expressions compared to other ethnic groups. There are also
differences in emotional expressions interpretations between differ-
ent cultures [9, 13, 29] that we might have overlooked due to our
reliance on AWS and a Western-based human annotator. The ethnic
differences could be explained through the “marketability” of the
deepfake technology. That is, the Western world is the major mar-
ket for these DAs, including television corporations and newspaper
offices [65], the automobile industry, the chemical industry, and
solar energy [11], and technology giants such as Amazon, Google,
and Microsoft [17]. This reasoning emphasizes the need for cultural
sensitivity and inclusivity in developing DAs that cater to diverse
global audiences.

5.2 Practical Implications

Our results both strengthen and expand existing research on DAs.
Our results provide recommendations and guidance aimed at aca-
demics, professionals, and DA users. First, developers should focus
on employing a wider range of emotional expressions beyond smile
and calm demeanors in DAs to address the positivity bias identified

in our study. This could enhance the realism and effectiveness of
DAs in applications that require a more diverse emotional range,
such as customer service or mental health support. By reflecting
the emotional complexity of human interactions, DAs can improve
user engagement and satisfaction, making interactions feel more
natural and engaging. Second, addressing differences in emotional
expression based on gender, ethnicity, and age is important in DA
applications [70] and our study finds that at the moment the emo-
tional expressions’ diversity is not high in DAs. Addressing emo-
tional expressions better involves developing and using inclusive
and diverse emotional training datasets to ensure that DAs fairly
and accurately represent a broader range of emotional experiences.
Third, our findings emphasize the role of emotional representation
and demographic factors in the evolution of DAs. This knowledge
can inform policymakers and ethicists in developing guidelines
that promote responsible and ethical use of DAs, particularly in
sensitive areas like mental health support, education, and customer
service by offering more holistic and emotionally more expressive
DAs to meet the requirements of such sensitive areas.
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It may be that the result of lacking emotional expressions variety
in some age groups or ethnic groups is a direct consequence of
there not being many DAs from said groups. Therefore, the pri-
mary means to improve the emotional expressions variety across
the range of age groups and ethnic groups is to increase the repre-
sentation of these groups in the DAs provided.

5.3 Limitations and Future Work

This work has several limitations. First, the study acknowledges a
potential Western bias in its analysis, given the reliance on AWS
and a Western-based human annotator. Cultural variations in emo-
tional expression interpretation could impact the generalizability
of the findings, prompting the incorporation of diverse cultural
perspectives in future research. Second, the study focused on a set
of eleven emotions supported by AWS, and the possible range of all
emotions may not be fully captured by the chosen categories. Fu-
ture research could explore other emotion dimensions, like arousal
in DAs. Third, emotional expressions were primarily analyzed vi-
sually, neglecting other modalities such as voice tone or gesture,
which are crucial components of human communication. Future
studies could consider a multimodal approach to gain a more holis-
tic understanding of emotional representation in DAs. Fourth, AWS
has its own biases that need further consideration. Fourth, there
were two human raters for the emotional expressions in DAs. More
human raters could be used to detect more subtle emotional expres-
sions in DAs. Fifth, there could be spontaneous differences between
different cultures and the emotional expressions people from differ-
ent cultures have. For example, people from other cultures could
smile more broadly than people from other cultures, given that the
emotional trigger remains the same.

Additionally, further research ideas might address the following
directions: First, investigating how cultural factors influence the in-
terpretation and expression of emotions in DAs. This could involve
collaborative studies with participants from diverse cultural back-
grounds to ensure a more inclusive analysis. Second, investigating
how users perceive and trust DAs with varying emotional expressions.
Understanding user preferences and expectations regarding emo-
tional authenticity in DAs can guide improvements in avatar design
for enhanced user engagement. Third, conducting longitudinal stud-
ies to track the evolution of emotional representation in DAs over
time. This could provide insights into trends, changes, and improve-
ments in deepfake technology’s ability to authentically convey
a broad spectrum of emotions. Fourth, analyzing how the emo-
tional expressions of DAs influence user engagement, satisfaction, and
interaction dynamics. This could provide valuable insights for opti-
mizing emotional design in applications such as customer service,
education, and healthcare. Fifth, focusing on ethical considerations
associated with the deployment of DAs, particularly concerning the
reinforcement of stereotypes, biases, and the potential impact on
user well-being. This could inform ethical guidelines for develop-
ers and organizations utilizing DAs. Sixth, sampling more service
providers to reach a wider sample of DAs from different demographic
groups. Seventh, using DA videos for facial recognition to gather
broader data on different ethnic and gender emotional expressions. In
this study, we focused on static DA images. However, given that
the emotion of a DA is expected to be dynamic, adding a dynamic
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perspective, for example, through DA video analysis, may yield
further valuable insights.

6 Conclusion

In this study, our focus was on the emotional expressions of DAs
and how the emotional expressions vary between DAs representing
different age, gender, and ethnic groups and whether there are any
biases in the manner DAs capture human emotional expressions.
If DAs do not present a wide range of human emotions, they are
likely to be seen as less valuable to be used in design tasks that
require empathy or an understanding of difficult situations and
human conditions. In our study, we found a happiness bias in DAs,
which means that many DAs have a happy face with a smile. This
could become problematic on occasions where the avatar is saying
things that are not happy, such as talking about death or accidents
(or their personal issues). It could result in a mental dissonance
for the receiver when the DA has limited emotional sensitivity
to the input text sentiment. In the future, it could be possible to
create emotionally responsive DAs that can adapt their emotional
expressions and tone of voice according to the sentiment of the
things it is saying. Overall, the emotional variety of DAs could be
improved.
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