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Figure 1: Virtual humans with facial expressions of varying emotions and intensities.

ABSTRACT
Research studies suggest that racial and gender stereotypes can in-
fluence emotion recognition accuracy both for adults and children.
Stereotypical biases have severe consequences in social life but are
especially critical in domains such as education and healthcare,
where virtual humans have been extending their applications. In
this work, we explore potential perceptual differences in the facial
emotion recognition accuracy of virtual humans of different gen-
ders, races, and ages. We use realistic 3D models of male/female,
Black/White, and child/adult characters. Using blendshapes and
the Facial Action Coding System, we created videos of the models
displaying facial expressions of six universal emotions with varying
intensities. We ran an Amazon Mechanical Turk study to collect
perceptual data. The results indicate statistically significant main
effects of emotion type and intensity on emotion recognition accu-
racy. Although overall emotion recognition accuracy was similar
across model race, gender, and age groups, there were some sta-
tistically significant effects across different groups for individual
emotion types.

CCS CONCEPTS
• Human-centered computing → Empirical studies in HCI; •
Computing methodologies→ Procedural animation.
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facial expressions, emotion modeling, emotion recognition, virtual
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1 INTRODUCTION
Advances in immersive and collaborative technologies have ex-
panded our social interactions, bringing virtual humans into influen-
tial roles. Multiple studies have shown that people show subjective
feelings and similar behavioral and physiological reactions toward
virtual humans as if they were real people [Bombari et al. 2015;
de Borst and de Gelder 2015; Nass and Reeves 2003]. Even biases
toward virtual humans imitate the real-world predispositions [Gam-
berini et al. 2015; Rossen et al. 2008; Wandner et al. 2014; Zipp et al.
2017]. Research has shown that racial and gender stereotypes can
influence emotion judgments of others [Elfenbein and Ambady
2002; Halberstadt et al. 2020; Hess et al. 2004, 2010]. Stereotypical
biases have severe implications in social life but are especially crit-
ical in domains such as education and healthcare, where virtual
humans have been extending their applications. As the future of
computer graphics entails increasingly diverse characters [Kim et al.
2021], identifying potential biases towards them can raise aware-
ness, prevent amplification of existing inequalities, and encourage
bias-mitigation strategies such as inter-group perspective-taking
via VR embodiment [Beltran et al. 2022; Chen et al. 2021; Crone
and Kallen 2022; Peck et al. 2013].

This paper explores the human perception of emotions displayed
by virtual humans of different races (Black/White) and genders (Fe-
male/Male) for adult and child virtual characters. Facial expressions
of six emotions (happiness, sadness, anger, fear, surprise, and dis-
gust) have been commonly acknowledged as universal [Ekman and
Cole 1972; Izard 1994]. Facial Action Coding System (FACS) is a
standard for describing facial movement [Ekman et al. 2002], with
well-defined parameters to encode these six emotions. 3D humanoid
characters usually come with facial rigs that directly allow tuning
Action Units (AU) specified in FACS. Therefore, differences in the
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perception of the six universal facial emotions likely result from
factors other than their representation. As humans are particularly
perceptive of faces and because of the precise encoding of facial ex-
pressions of six universal emotions, we focus on the faces of virtual
humans to explore potential biases towards their characteristics.
We address questions such as:

• Are there differences across race, gender, and age groups for
overall emotion recognition accuracy?

• Are Black and male characters more likely to be incorrectly iden-
tified as expressing anger?

• Are female characters more likely to be incorrectly identified as
expressing happiness?

• Do the participants’ own races and genders affect their judg-
ments?

• Do emotion intensities impact perceived emotions across groups?

To answer these questions, we conducted an AmazonMechanical
Turk (MTurk) study. We showed the participants video clips of each
virtual human displaying facial expressions of six emotions with
varying intensities and asked them to identify the emotion in each
clip.

2 RELATEDWORK
A vast amount of research has established the effect of facial char-
acteristics on people’s judgments about others’ affective states and
personalities [Carré et al. 2010; Hehman et al. 2015; Ormiston et al.
2017; Todorov et al. 2015]. Similarly, computer-generated faces and
virtual characters are evaluated for their trustworthiness, domi-
nance, aggressiveness, charisma, etc. based on their facial features
and skin color [Araujo et al. 2021; Ferstl and McDonnell 2018; Ferstl
et al. 2021; Hehman et al. 2015; Todorov et al. 2008].

Regarding emotion recognition, researchers have shown that
race and gender can control classification accuracy [Halberstadt
et al. 2020] and recognition speed [Hugenberg 2005]. For instance,
Hugenberg presented White and Black computer-generated faces
displaying happiness and anger to European American participants.
The participants recognized happiness in White faces more quickly
than in Black ones. In contrast, they focused on angry Black faces
longer than onWhite ones. In a K-12 setting, Halberstadt et al. asked
prospective teachers to identify the emotions in short video clips
of Black and White children exhibiting facial expressions of the six
universal emotions with varying intensity levels [Halberstadt et al.
2020]. They found that Black boys’ emotions were more likely to
be misinterpreted as angry than the emotions of White students.
Inspired by this work, we followed a similar experimental setting
and included child characters in our study. Differently, we collected
judgments from a more general participant pool and used both
adult and child characters.

Attribution of emotions to males and females also shows dif-
ferences. For instance, women are stereotyped as more emotional
and happy than men, whereas men are perceived to be angrier
than women in general [Hess et al. 2004, 2010]. Hess et al. found
women’s expressions of happiness to be perceived as more intense
and their expressions of anger and disgust to be less intense than
expressions of the same intensity by men [Hess et al. 1997].

There is ample research on behavioral differences towards virtual
humans of color. For instance, in an online survey, healthcare pro-
fessionals rated male and African American virtual human patients
as having higher pain and administered significantly more opioids
than their demographic counterparts [Wandner et al. 2014]. In a
virtual emergency training scenario, participants took more time
to initiate help and made more errors while triaging agents with
darker skin tones [Zipp et al. 2017]. Also in the healthcare domain,
medical students’ real-world skin-color biases were found to be cor-
related with their biases toward virtual humans [Rossen et al. 2008].
In an experimental setup involving a first-person shooter game,
the African-American virtual agents were shot more often than the
White ones [Correll et al. 2002]. Further evidence of shooter bias
based on avatar race and socioeconomic status was found in a VR
setting [Seitz et al. 2020]. Racial discrimination was also prevalent
in an emergency scenario, where participants were expected to
provide help to Black and White victims in a fire [Gamberini et al.
2015].

3 METHOD
3.1 Stimuli
We downloaded the four adult human models fromMixamo [Adobe
2022]. The male child models were purchased from TurboSquid
[Shutterstock 2022], and the female child models were created by
Reallusion Character Creator [Reallusion 2022]. All themodels were
selected and designed to have facial blendshapes as the state-of-the-
art method for facial animation [Lewis et al. 2014]. We prepared
facial expressions by tuning the blendshapes corresponding to the
AUs in FACS. For each model, we animated six facial expressions in
five levels ranging from the very beginning of an expression with
trace-level intensity to maximum intensity [Ekman et al. 2002]. We
created the animations and recorded the videos on Unity [Unity
2019], using its Universal Rendering Pipeline for realistic rendering.
All the characters were displayed from the same distance and view-
point, where the camera was angled straightly towards their faces.
Each video clip was 1 second long. The Appendix shows images of
the virtual characters captured at the apex of each intensity level
per emotion expression.

3.2 Study Design
We performed an MTurk study to collect perceptual data. We pre-
sented the study description and a consent form at the beginning
of the experiment. To prevent participant fatigue, we divided the
study into 24 blocks, each consisting of 10 conditions. A block corre-
sponds to a Human Intelligence Task (HIT) on MTurk. Participants
were paid 0.1$ per HIT. We collected 36 data points per condition.
Each condition consisted of the video of a virtual character dis-
playing one of the six facial expressions corresponding to distinct
emotions of happiness, sadness, anger, fear, surprise, and disgust.
The participant was asked to identify the emotion in the video.
In each video, a facial expression’s strength varied in intensity,
ranging from weak to full-strength on a scale of five. There were
eight virtual characters for two races (Black/White), two genders
(male/female), and two age groups (child/adult). Thus, there were
a total of 240 videos (2 races × 2 genders × 2 age groups × 6 emo-
tions × 5 intensity levels). Videos were displayed in random order.
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Figure 2: A screenshot from the MTurk user study.

Participants were allowed to participate in any number of blocks
(HITs), but they could complete a particular HIT only once. Before
the study, the participants were asked to provide optional demo-
graphic information, including their age, gender, and ethnicity. The
University Institutional Review Board approved the experiment
protocol. Figure 2 displays a sample question from the study.

3.3 Participants
We set participation qualifications as having an acceptance rate
of > 95% and experience of more than 100 HITs. We restricted
the participant locations to the United States of America in order
to control for cultural differences. 208 (99F/109M) unique MTurk
workers participated in the experiments. The average age was 38.79
and the ethnicity distribution was 72.6% White, 6.73% Black, 5.29%
Hispanic/Latino, 8.17% Asian, and 4.81% Native American.

3.4 Results and Analysis
We first ran a multi-way, independent-subjects Analysis of Vari-
ance (ANOVA) to analyze the effect of the stimulus emotion type,
emotion intensity, character race, gender, age, and participant gen-
der on emotion recognition accuracy. Accuracy is the dependent
variable, and the remaining factors are independent variables. We
did not include participant race in the model due to the imbalanced
number of participants across race groups. Only emotion type, gen-
der, and intensity returned significant main effects. Interactions of
more than two variables were not significant. Interaction of age
with race yielded significant effects. Intensity had the highest effect
factor (𝐹 (1, 9407) = 8.08, 𝑝 < 0.001), followed by character race-
age interaction (𝐹 (1, 9407) = 5.12, 𝑝 < 0.001), stimulus emotion
(𝐹 (5, 9403) = 4.79, 𝑝 < 0.001), and gender (𝐹 (1, 9407) = 4.72, 𝑝 <

0.05).
For post-hoc analysis, we performed Tukey Honestly Signifi-

cance Detection (HSD) test with an alpha value of 0.05 (Table 1). The
post-hoc analysis yielded no significant difference between female
and male characters. There were significant differences between
pairs of emotion types except for anger-surprise and fear-disgust.
Differences between intensity levels were also statistically signifi-
cant, except when intensities were more pronounced (above level 3)
when overall accuracy increased. HSD didn’t return any significant
differences between races when we analyzed the accuracy of child
and adult models separately for the interaction effects. Although
ANOVA did not reject the null hypothesis for participant gender,
HSD returned significantly higher emotion recognition accuracy
(𝑝 < 0.01) for female participants than for males.

Table 1: Multiple Comparison of Means - Tukey HSD for
accuracy comparison for stimulus emotions, intensity, and
participant gender (𝛼 = 0.05). Significant factors are high-
lighted in bold.

Emotion 1 Emotion 2 Mean Diff. p

Hap Sad -0.15 -0.0
Hap Ang -0.36 0.0
Hap Fear -0.49 0.0
Hap Surp -0.38 0.0
Hap Dis -0.53 0.0
Sad Ang -0.20 0.0
Sad Fear -0.34 0.0
Sad Surp -0.22 0.0
Sad Dis -0.37 0.0
Ang Fear -0.149 0.0
Ang Surp -0.02 0.76
Ang Dis -0.17 -0.0
Fear Surp 0.12 0.0
Fear Dis -0.03 0.30
Surp Dis -0.15 0.0

Intensity 1 Intensity 2 Mean Diff. p

1 2 0.17 0.0
1 3 0.27 0.0
1 4 0.32 0.0
1 5 0.31 0.0
2 3 0.10 0.0
2 4 0.15 0.0
2 5 0.14 0.0
3 4 0.05 0.02
3 5 0.04 0.13
4 5 -0.01 0.97

P. Gender 1 P. Gender 2 Mean Diff. p

Female Male -0.0307 0.0025

To understand the perception of each emotion type better, we
display the confusion matrices per race, gender, and age group (Fig-
ure 3). The results indicate that happiness was the best-recognized
emotion, followed by sadness. The lowest recognition accuracy was
for disgust, as it was generally confused with anger.

For a deeper analysis of emotion type differences, we compared
the emotion recognition biases across models of different genders,
races, and ages by two-tailed independent-subjects t-tests with
Bonferroni correction (Figure 4(a)). Bias for a given emotion type
𝑒 refers to the erroneous attribution of a different emotion when
the stimulus was 𝑒 . Consistent with the literature, we found that
happiness bias was significantly higher for females than males
(𝑝 < 0.001). We didn’t find any anger bias across genders or races.
However, male characters were more likely to be misidentified as
sad than female characters (𝑝 < 0.05), and children were more
likely to be misidentified as angry than adult models (𝑝 < 0.001).
We also found a higher disgust bias for White characters (𝑝 < 0.05).

We also computed the sensitivity (recall) values for each emotion
(Figure 4(b)). Sensitivity differences were highly significant (𝑝 <

0.001) for sadness and disgust between races; sadness and anger
between age groups. We observed slightly significant (𝑝 < 0.05)
differences in disgust between genders and surprise between age
groups. Recognition of sadness was more accurate in White and
child characters than in Black and adult characters. Anger was more
accurate for adult characters than children. Recognition of disgust
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Figure 3: Confusion matrices for true and recognized emo-
tions grouped by gender, race, and age in videos.

was slightly more accurate for females and surprise more accurate
for adults.

To understand the effect of intensity, we evaluated emotion recog-
nition biases across groups for each intensity level by two-tailed
independent-subjects t-tests with Bonferroni correction. Figure 5
shows a trend for misidentification decrease with an intensity in-
crease. Slightly significant (𝑝 < 0.05) differences in happiness bias
were observed only for low intensities for female and adult char-
acters. Highly significant differences in anger bias were found for
high intensities in child characters (𝑝 < 0.01 to 𝑝 < 0.0001) .

3.5 Discussion and Future Work
This work is an initial step towards assessing the effects of race,
gender, and age on the facial emotion perception of virtual humans.
We found happiness to be consistently the best-recognized emotion
of all. This is in line with reports from the literature on emotion
categorization, where happiness has been the emotion to be rec-
ognized the fastest [Hugenberg 2005]. The lowest accuracy was
for disgust, which was highly confused with anger. Overall emo-
tion recognition accuracy results were similar for all groups, which
indicates that the traits we tested do not have any broad effects
on how well emotions are perceived. However, there were some
differences across groups for individual emotions. Consistent with
the literature [Hess et al. 2004], female characters were perceived
as happy significantly more often than male characters, especially
when the expressions were ambiguous in lower intensities. Con-
trary to the literature, we haven’t identified any difference in anger
bias towards male or Black characters compared with female or
White characters. However, higher disgust bias in the comparison

(a)

(b)

Figure 4: Emotion classification bias (a) and (b) sensitivity
per gender, race, and age for each emotion in videos.

groups (i.e., female and White) indicates a trend as disgust and
anger were mostly confused. Age was a discriminating factor in the
perception of sadness, perhaps due to a sensitivity for children’s
sadness..

Literature suggests that females outperform males at facial emo-
tion recognition [Hall 1978; Wingenbach et al. 2018]. Our findings
support this on virtual human faces. However, we didn’t find any
effects of participant gender on emotion classification accuracy or
biases.

To keep the experimental requirements manageable, we only in-
cluded binary characteristics per group, which is a simplification of
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Figure 5: Emotion classification bias per gender, race, and age for each intensity level.

the diversity of human beings. Another limitation was the number
of samples per stimulus group. Although there were three represen-
tative models per race, gender, and age group, each combination had
only one sample. For instance, there was only a single White, adult,
female model. We preferred to use off-the-shelf models whenever
possible, as we wanted to understand the perceptual effects of easily
accessible and prevalent models. However, ready-made models are
not available for all the race/gender/age combinations. In the future,
we plan to get better insights with a more diverse set of categories
and a larger number of representative models per category. Future
work also includes exploring the effects of model realism (e.g., car-
toon vs. hyper-realistic models), rendering styles [McDonnell et al.
2012], and brightness/shadow levels [Wisessing et al. 2020].
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APPENDIX

Figure 1: Facial expressions with increasing intensity per row for Black female adult model.

Figure 2: Facial expressions with increasing intensity per row for White female adult model.
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Figure 3: Facial expressions with increasing intensity per row for Black male adult model.

Figure 4: Facial expressions with increasing intensity per row for White male adult model.
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Figure 5: Facial expressions with increasing intensity per row for Black female child model.

Figure 6: Facial expressions with increasing intensity per row for White female child model.
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Figure 7: Facial expressions with increasing intensity per row for Black male child model.

Figure 8: Facial expressions with increasing intensity per row for White male child model.
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