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Abstract
Virtual reality is increasingly employed in behavioral research, providing immersive environments that combine high levels 
of experimental control with ecological validity. Within virtual reality, humans are represented by digital characters - or 
avatars - whose realism and behavioral fidelity are crucial for studying social cognition. This study introduces an accessible 
method for constructing avatars with facial animations of eye gaze and expression that can be used by behavioral scien-
tists. In two pre-registered experiments, we validate the use of these avatars for psychological research. In Experiment 1, 
we demonstrate that observers orient attention in response to avatar eye gaze, replicating the classic gaze-cueing effect. In 
Experiment 2, we show that participants can recognize avatar facial expressions with accuracy and confusion patterns com-
parable to those reported for human faces. These findings establish our construction pipeline as a user-friendly approach for 
generating high-fidelity avatars, equipping researchers with tools to investigate social and cognitive processes in controlled 
yet ecologically valid virtual environments. We provide access to an extensive manual for constructing avatars, along with 
a video example demonstrating the procedure step-by-step. Using a relatively inexpensive hand-held scanner, this enables 
behavioral scientists to create avatars with accurate facial animation for experiments in virtual environments.

Keywords  Virtual reality · Avatar · Face perception · Gaze cueing · Emotional expression

Introduction

Virtual reality is becoming widely adopted as a tool in 
behavioral research. The availability of affordable, high-
quality head-mounted displays (HMDs) has been a key 
driver of this surge (Wilson & Soranzo, 2015; Vasser & 
Aru, 2020). Beyond accessibility, virtual reality provides 
unique methodological advantages. It enables researchers 
to construct immersive, visually complex environments in 
which increasingly realistic behavior can be studied under 
conditions of high experimental control (Fysh et al., 2022; 
Loomis et al., 1999.

Faces represent one of the most frequently used visual 
stimuli in behavioral science, yet traditional methods typi-
cally rely on static, two-dimensional photographs presented 
without meaningful context. This contrasts with everyday 
social interaction, where faces are dynamic, three-dimen-
sional, and embedded within broader interpersonal contexts. 
While studies employing live confederates provide greater 
ecological validity, they often lack the precision and control 
required to isolate specific cognitive mechanisms. Virtual 
reality can serve as a compromise between the highly con-
trolled nature of laboratory studies and the greater ecological 
validity of field research by combining experimental control 
with immersive realism.

To study person perception in virtual reality, digital 
humans - or avatars - may be inserted into virtual environ-
ments. Avatars can be designed to perform socially relevant 
behaviors such as gesturing and posturing (Etienne et al., 
2023), displaying facial expressions (Geraets et al., 2021; 
Kimmel et al., 2023), and directing eye gaze (Garau et al., 
2001; Garau et al., 2003; Zheleva et al., 2023). Although 
state-of-the-art game engines demonstrate that avatars can 
achieve impressive levels of visual and behavioral realism 
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(see, e.g., ‘Enemies’, Unity Technologies, 2023; ‘The Her-
etic: Digital Human’, Unity Technologies, 2020), such pro-
ductions typically require large teams of skilled 3D artists, 
riggers, and animators, alongside access to specialized soft-
ware. This level of expertise and resourcing is beyond the 
reach of many behavioral scientists, highlighting the need 
for accessible methods of constructing high-fidelity avatars.

Several approaches exist for producing avatars resembling 
real individuals. For example, researchers have mapped photo-
graphs onto 3D meshes or generated 3D avatars from multiple 
2D images (Bailenson et al., 2008; Grewe et al., 2021; Tum-
mon et al., 2019). However, these methods often inadequately 
capture critical facial texture and geometry (Fysh et al., 2022), 
both of which are fundamental for recognition (Burton et al., 
2005; Hole et al., 2002; Rogers et al., 2022; Caharel et al., 2009; 
O’Toole et al., 1999). Three-dimensional scanning provides a 
more accurate alternative, producing high-resolution meas-
urements of facial structure (Bailenson et al., 2004). We have 
recently created an avatar construction method that utilizes such 
3D scanning (Fysh et al., 2022). This method uses a photore-
alistic face scan, which captures the subject’s head geometry 
and texture. This scan is attached to a body, which is rigged for 
animation using free online software. Converging validation 
methods based on tests of face recognition, identity matching, 
and face-space analysis demonstrate that this approach captures 
the appearance of real people well (Fysh et al., 2022).

A limitation of this pipeline, however, is that avatars are 
restricted to static, neutral facial expressions. Face processing 
research spans beyond face recognition, encompassing domains 
such as attentional orienting to eye gaze (Bayliss et al., 2004; 
Driver et al., 1999; Friesen & Kingstone, 1998), emotion recog-
nition (Lawrence et al., 2015; Zhou & Jenkins, 2020), and gaze-
expression interactions (Adams et al., 2003; Adams & Kleck, 
2005; Bindemann et al., 2008). Thus, manipulating eye gaze 
and emotional expression are important next steps to improve 
our avatar construction pipeline for wider use in research.

In this paper, we extend our accessible avatar construction 
method (e.g., Fysh et al., 2022) to incorporate eye gaze and 
emotional expressions. Our pipeline employs handheld 3D 
scanning and widely available software (including free aca-
demic tools) to produce avatars that are rigged for gaze and 
facial expression manipulation. A detailed construction manual 
accompanies this article to facilitate adoption by other research-
ers. Using this method, we generate example avatars that are 
validated in two experiments. These examined attentional ori-
enting to gaze cues (Experiment 1) and tested recognition of 
basic emotional expressions (Experiment 2).

Avatar construction

We summarize the key processes to create a high-fidelity ava-
tar of a real person here. First, a 3D scan of a target person is 
acquired, following a procedure developed and validated in our 

previous research (Fysh et al., 2022). For this purpose, a per-
son’s head is scanned from multiple angles while they maintain 
a neutral facial expression (using a handheld Artec Eva scanner 
and Artec Studio 15 software: Artec 3D, 2020). These scans 
are then merged into a single, three-dimensional geometrical 
mesh, which captures the shape and texture (i.e., the colors of 
skin, facial features, hair, and other detail) of their head. These 
avatars capture a person’s appearance with high accuracy, but 
their faces bear a neutral expression and are immobile. Our 
new construction pipeline builds on this process by providing 
these avatars with moving eyes and facial expressions. This 
pipeline is illustrated in Fig. 1 and summarized below, while a 
more detailed overview can be accessed in Appendix 1. For the 
purpose of explanation, this procedure can be broken into two 
broad stages -- the creation of avatar appearance (summarized 
in steps 1–5 below) and the rigging of the avatar’s face for eye 
gaze and facial expressions (steps 6–10). A manual detailing 
the full construction pipeline and a timelapse video of this 
procedure can also be accessed here: https://​osf.​io/​xapwj/

Step 1: This step is designed to standardize the topology 
of avatar heads. This allows for the face mesh of avatars1 
to be deformed more neatly, which is critical for anima-
tion of facial expressions. After acquisition of the 3D face 
scan of a person, the topology2 of this scan is standard-
ized (using Faceform Wrap software; see Faceform LLC, 
2023). During this process, landmarks such as the eyes, 
nose, and mouth are mapped between the initial face scan 
and a template face mesh. The template face mesh is then 
‘wrapped’ onto the face scan to retain the geometry3 of 
the face scan while standardizing its topology. During this 
process, the eyes are also replaced with eye sockets and 

1  We use footnotes to explain key terms. An avatar face mesh is a 3D 
geometric model of a human face that is used to represent a person 
digitally. This mesh is constructed of vertices (points in 3D space) 
and edges (lines connecting the points). Within the face mesh, edges 
typically form triangles and quadrangles, which are referred to as pol-
ygons. A face mesh is therefore a polygonal surface that captures the 
shape (features, contours, proportions) of a human face. Face meshes 
can be based on real people and animated for movement.
2  The topology of an avatar (and other virtual objects) refers to its 
structural layout - that is, how the vertices, edges, and polygons are 
arranged. It also reflects the polygon count within this layout. A 
topology with many polygons can allow for more complicated anima-
tion and movement.
3  While topology captures the layout of a polygonal object, geometry 
refers to the actual 3D positions of its vertices. With regards to ava-
tars, topology refers to how an avatar is built, and different avatars 
can follow the same topology, which is important for standardization 
in our production pipeline. In contrast, geometry refers to the actual 
shape of a specific avatar. Put differently, different avatar identities 
may share the same overall layout of the polygonal mesh, but the 3D 
position of each vertex (x, y and z coordinates) within this mesh may 
differ to encode differences between individuals (e.g., a long nose, 
high forehead, or wide jaw).

https://osf.io/xapwj/
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a mouth cavity is introduced to facilitate later animation 
(see Fig. 2). The wrapped face scan is exported, along 
with a new texture file (for full detail, see Chapters 1 and 
2 of the manual accompanying this article).
Step 2: In this step, an avatar body is then generated 
using a free character creator (Mixamo Fuse; see Mix-
amo Inc., 2013). This provides a variety of preset heads, 
arms, torsos, legs, and clothing, which can be selected 

and adjusted to personalize the avatar (for full detail, see 
Chapter 3 of the manual).
Step 3: The wrapped face scan and avatar body are then 
combined into a single mesh and texture (using Autodesk 
Maya; see Autodesk Inc., 2022). For this purpose, the 
head of the Mixamo Fuse avatar and excess mesh from 
the shoulders of the wrapped face scan are removed to 
avoid overlap (Chapter 4).

Fig. 1   Overview of the construction pipeline, listing the steps to create avatars with animated eye gaze and facial expression

Fig. 2   Overview of Step 1, showing how facial landmarks of the raw scan (left) are mapped to a template (middle) to create a wrapped scan with 
neater topology (right)
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Step 4: This step ensures that male and female avatars 
have a uniform topology with other male- and female-
presenting avatars. The standardized topology is impor-
tant for applying blend shapes4 to the avatar later. For 
this purpose, the combined avatar mesh and textures are 
mapped between a template mesh and the combined ava-
tar mesh (using Faceform wrap). The template mesh is 
then ‘wrapped’ onto the avatar mesh, to retain the geom-
etry of the avatar while applying the standard topology 
of the template (Chapter 5).
Step 5: The aim of this step is to create a more seamless 
transition between the texture of the avatar head and its 
body. This is necessary as the avatar heads were created 
separately from the body, before they were combined 
in Steps 3 and 4. The separate texture files for the face 
and body are imported as two layers in image processing 
software (GIMP v2.10.36; GIMP Development Team, 
2023). Textural artifacts from the scanning process, such 
as black spots or clothing, are removed. Color adjust-

ments are made so that the avatar body texture and face 
texture match, and the seams between the head and neck 
are blended together to create a more seamless transition 
between the head and body (Chapter 6). An illustration 
of steps 3–5 can be seen in Fig. 3.
Step 6: The avatar is imported into auto-rigging software 
(Mixamo.com) so that it can be equipped with a standard 
skeletal rig and animations (e.g., sitting, idling) to create 
body movements (Chapter 7).
Step 7: The aim of this step is to apply a standardized 
set of blend shapes to the avatars’ faces. This enables 
the direct mapping of dynamic emotional expressions 
from real faces onto the avatars (see Spring, 2020, for 
an overview). First, 52 blend shapes are generated for 
a male and female face template mesh (using Avatary’s 
Autoface module v1.16.0; FaceGood, 2023). These blend 
shapes are then mapped from the template mesh onto the 
rigged avatar. By equipping avatars with these standard-
ized blend shapes, it then becomes possible for dynamic 
facial expressions from a human face to be captured with 
a smartphone and mapped directly onto the avatar mesh 
(Chapter 8).
Step 8: The purpose of this step is to insert eyes and teeth 
models into the avatar. Blend shapes are created for the 
eyes to reflect different looking directions (i.e., up, down, 
left, right). A blend shape for the teeth is also made to 

Fig. 3   Overview of Steps 3 to 5, showing the process of combining the head and body and wrapping to create an avatar with corrected textures 
and a neater topology

4  Blend shapes are predefined deformations of polygonal surfaces 
that systematically act on the x, y, and z coordinates of part of an ava-
tar mesh. To animate avatar faces, some blend shapes may control 
different facial features (e.g., eyes, nose, mouth) or smaller regions 
within these features. Different blend shapes can be mixed together to 
create expressions on an avatar face.
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reflect opening and closing of the jaw. The movement of 
the eyes and teeth is then connected to the movement of 
the face blend shapes. This enables movement captured 
from recordings of facial expressions to be mapped onto 
the eyes and teeth as well as the face itself, ensuring ana-
tomically consistent facial movement (Chapter 9). Steps 
7 and 8 are illustrated in Fig. 4.
Step 9: In this step, eyelashes are created, placed, and 
shaped on the eyelids of the avatar (using Autodesk Maya’s 
XGen module). Then, eyelashes are rigged to follow the 
movement of the eyelids. After rigging, the eyelash meshes 
are duplicated to create various blend shapes that reflect 
different movements of the eyelids, such as looking down, 
blinking, or widening of the eyes (Chapters 10 and 11).
Step 10: Finally, to provide the avatars with facial move-
ment, real emotional expressions of a person are recorded 
on a mobile device (using the Rokoko Face Capture appli-
cation and software; see Rokoko Electronics ApS, 2024). 
The recorded expressions are then transferred directly onto 
the avatar mesh (see Fig. 5). Fine adjustments can be made 
to the weighting of different blend shapes (using the Maya 
plugin Animbot version 2.4.8; Camilo., 2024) to reduce 
artifacts and make the appearance of expressions natural 
in appearance (Chapters 12 and 13).

Experiment 1

To validate the facial animations of our avatars, we conducted 
two experiments assessing the perception of gaze and facial 
expressions. In Experiment 1, we examined whether partici-
pants orient their attention in response to avatar gaze cues. 
Human eyes naturally guide observers’ visual attention - a phe-
nomenon known as the gaze-cueing effect (Driver et al., 1999; 
Friesen & Kingstone, 1998). Gaze cueing is a robust charac-
teristic of face perception and human behavior (for a review 
and meta-analysis, see McKay et al., 2021). Here, we tested 
whether avatars constructed with our method elicit comparable 
attention shifts.

For this purpose, we employed two avatars that were cre-
ated using our construction pipeline. We presented these ava-
tars, one at a time, within an immersive virtual environment. 
On each trial, an avatar averted its gaze leftward or rightward, 
followed by the appearance of a target probe on either the 
cued (congruent) or opposite (incongruent) side. This tech-
nique examines whether participants show faster responses to 
congruent targets, replicating classic gaze-following effects 
observed with real faces (Bayliss et al., 2004; Driver et al., 
1999; Friesen & Kingstone, 1998; Lachat et al., 2012). The 
effects are often observed with very short stimulus-onset asyn-
chronies (SOAs) between a directional shift in eye-gaze and 

the appearance of a target (Frischen et al., 2007; Gregory & 
Jackson, 2021), and so the question arises whether avatars can 
also elicit such fast gaze shifts. Finally, we also included ques-
tionnaires to measure social presence, to explore the extent to 
which the avatars were perceived as human-like (Bailenson 
et al., 2003; Lombard et al., 2009), and participants’ sense of 
immersion in the virtual environment (O’Brien et al., 2018).

Method

Participants

A meta-analysis of gaze-cueing effects shows that localization 
tasks produce small to moderate average effect sizes (Hedges’ 
g = .34, see McKay et al., 2021). The sample size was there-
fore determined a priori using G*Power for a 2 (gaze con-
gruency) × 3 (SOA) within-subjects ANOVA with an alpha 
level of .05 and a power of .95, and a small to moderate effect 
size of .175. This revealed a minimum required sample size 
of N = 55. Accordingly, 55 participants (32 female, 23 male) 
aged between 18 and 65 years old (M = 24.9, SD = 7.85) took 
part in the study. Six were undergraduate psychology students 
recruited through the University of Kent Research Participa-
tion Scheme and participated in exchange for course credits. 
In addition, 49 paid participants were recruited through the 
university’s job advertisement platform and word-of-mouth. 
The study was approved by the University of Kent School of 
Psychology Ethics Committee and pre-registered on the Open 
Science Framework (https://​osf.​io/​jn3ky/). All participants 
gave informed consent before participating and were free to 
withdraw their consent at any point without consequences. All 
participants reported normal or corrected-to-normal vision.

Stimuli

One male and one female avatar were generated using the high-
fidelity 3D scanning pipeline described earlier. The target stim-
uli were grey spheres that appeared 30 cm to the left or right 
of the avatar’s face (x-axis), at a height of 1.1 m from the floor 
(y-axis), and 0.2 m in front of the avatar (z-axis). In the experi-
ment, these avatars were viewed sitting on a chair in the center 
of a minimalist virtual room (see Fig. 6 for an illustration of the 
room and its key dimensions). The virtual camera, representing 
the participant’s viewpoint, was positioned ~ 0.7 m from the 
avatar at eye level (1.4 m). Slight variations occurred across 
participants due to individual headset adjustments. An illustra-
tion of an avatar’s gaze patterns can be seen in Fig. 7.

Procedure

The experiment was run using Unity 2022.3.28f1 in a 2 
(congruence: congruent, incongruent) × 3 (SOA: 100, 300, 
700 ms) within-subject design. Participants wore a Meta 

https://osf.io/jn3ky/


	 Behavior Research Methods (2026) 58:275  275   Page 6 of 19

Quest 2 headset to complete the task in virtual reality. The 
experimenter initiated each trial with a keypress, which trig-
gered an avatar in a chair in the center of the room to avert 
its gaze (direct gaze) to the right or to the left (averted gaze). 

After a variable delay depending on the cue-target SOA for 
that trial (100, 300, or 700 ms), the target appeared for 500 
ms and was either in line with the avatar’s gaze (congru-
ent trials, see Fig. 7) or on the opposite side (incongruent 

Fig. 4   Overview of Steps 7 and 8, showing blend shape examples (1) and inserting eyes and teeth (2) to create an avatar with full facial rigging 
(3)
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trials). Participants were asked to indicate whether the tar-
get spheres appeared on the left or right side using corre-
sponding buttons on handheld controllers. All participants 
completed 24 practice trials and 120 experimental trials (20 
trials for each combination of congruence and SOA) per 
avatar. For practice trials only, participants received audio 
feedback on the accuracy of their answers to ensure they 
understood the task and the controls. Once a response had 
been registered, the avatar’s gaze reset to the center until the 
next trial was initiated by the experimenter. Within the prac-
tice and the experimental block of trials, the order of trials 
was randomized and distributed evenly across avatars. Gaze 

Fig. 5   Illustration of Step 10, showing the recording of a real facial expression on the Rokoko iPhone app (left), its transfer onto a default model 
(middle), and the result on the avatar (right)

Fig. 6   Overview of the virtual room. Note. One unit in Unity is 
roughly equal to one real-world meter (Unity Technologies, 2018)

Fig. 7   Example of an avatar with direct and averted eye-gaze
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direction was non-predictive of target location. The order 
in which participants saw the avatars was counterbalanced 
between participants.

Questionnaires

Following the gaze-cueing task, participants completed 
measures of social presence and immersion. Social presence 
was assessed using Bailenson et al.’s (2003) six-item scale 
as well as the Social Presence subscales (Parasocial, Pas-
sive and Active subscales; 14 items) of the Temple Presence 
Inventory (TPI, Lombard et al., 2009). Both Social Presence 
measures record participants’ responses on seven-point Lik-
ert scales. For Bailenson et al.’s (2003) measure, the scale 
ranged from - 3 “Strongly Disagree” to + 3 “Strongly Agree” 
(e.g., “I perceive that I am in the presence of another person 
in the room with me.”). For the Temple Presence Inventory, 
the scale ranged from 1 to 7, with varying response scale 
anchors depending on whether the item regarded level of 
agreement or frequency (e.g., “How often did you want to or 
did you make eye-contact with someone you saw?”, 1 being 
“Never”, 7 being “Always”).

In addition to social presence, immersion was meas-
ured using the refined User Engagement Scale Long-Form 
(rUES-LF, O’Brien et al., 2018). This scale consists of 30 
statements with which participants indicated their level of 
agreement on a five-point scale ranging from 1, “Strongly 
Disagree” to 5 “Strongly Agree”, with 3 being “Neither 
Agree nor Disagree”. The scale consists of four compo-
nents evaluating focus of attention (seven items, e.g., “I lost 
myself in this experience”), perceived usability (eight items, 
e.g., “I felt frustrated while in the virtual room”), aesthetic 
appeal (five items, e.g. “This virtual room was attractive”) 
and reward factor (ten items, e.g., “Using this application 

was worthwhile.”). The full questionnaires can be viewed 
in Appendix 2.

Results

Gaze cueing

The primary measure of interest was participants’ median 
response times to the target spheres as a function of eye-
gaze congruency and stimulus-onset asynchrony (SOA). The 
cross-subjects means of these data are provided in Fig. 8. 
A 2 (congruency: congruent, incongruent) × 3 (SOA: 100, 
300, 700 ms) within-subjects ANOVA of these data revealed 
a main effect of congruency, F(1, 54) = 42.35, p < .001, 
�
2

p
= .44 , due to faster RTs on congruent (M = 390 ms, SD = 

46) than incongruent eye-gaze trials (M = 399 ms, SD = 50). 
A main effect of SOA was also observed, F(2, 108) = 82.40, 
p < .001, �2

p
= .60. Bonferroni t test indicated that responses 

were faster with a 300 ms SOA (M = 386 ms, SD = 48) than 
a 100 ms SOA (M = 410 ms, SD = 51), t(54) = 14.20, p < 
.001, d = 0.49, and with a 700 ms SOA (M = 386 ms, SD = 
47) than a 100 ms SOA, t(54) = 9.48, p < .001, d = 0.48. In 
contrast, RTs were comparable for the 300 ms and 700 ms 
SOAs, t(54) = 0.19, p = 1.00, d = 0.01. The interaction of 
congruency and SOA was not significant, F(2, 108) = 1.62, 
p = .202, �2

p
= .03.

To compare accuracy in the gaze-cueing task across con-
ditions, the percentage of correct responses was also cal-
culated for every participant for each condition. The cross-
subject means of these data can be seen in Fig. 8 and show 
that accuracy was uniformly high. Accordingly, a 2 (congru-
ency) × 3 (SOA) within-subject ANOVA showed no main 
effect of congruency, F(1, 54) = 1.73, p = .194, �2

p
= .03 , 

Fig. 8   Response times and accuracy for the congruent and incongruent eye-gaze conditions as a function of SOA in Experiment 1. Note. Error 
bars denote the standard error of the means
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no main effect of SOA, F(1, 54) = 0.25, p = .776, �2
p
= .01 , 

and no interaction between these factors, F(2, 108) = 1.96, 
p = .146, �2

p
= .04.

Social presence

We then explored whether perceived social presence of ava-
tars moderated gaze cueing. For this purpose, responses to the 
Bailenson et al. (2003) social presence measure were trans-
posed from the numerical scale ranging from – 3 to + 3 to 
the same 1-to-7 scale as the Temple Presence Inventory, and 
the mean of participants’ scores across both questionnaires 
was calculated. The items of the Temple Presence Inventory 
addressing sound (Items 3, 5, and 9) were excluded from 
this analysis as auditory information was not provided in the 
experiment. Based on these scores, the sample of participants 
was then divided into three groups, which reflected those who 
reported low (N = 19, M = 2.64, SD = 0.36), medium (N = 
15, M = 3.46, SD = 0.17) or high (N = 21, M = 4.49, SD 
= 0.79) social presence of the avatars. In this analysis, par-
ticipants who reported a social presence inferior to the 33rd 
percentile (M = 3.12) or superior to the 67th percentile (M 
= 3.76) were assigned to the low and high social presence 
groups, respectively, while the remaining participants were 
assigned to the medium group.

The speed and accuracy of target localization were 
then calculated for these three groups (see Fig. 9) and 2 

(congruency: congruent, incongruent) × 3 (SOA: 100, 300, 
700 ms) × 3 (SP score: low, medium, high) mixed-factor 
ANOVAs were conducted on response times and accuracy. 
For response times, this analysis again revealed a main effect 
of congruency, F(1, 52) = 43.06, p < .001, �2

p
= .45 , and a 

main effect of SOA, F(2, 104) = 84.45, p < .001, �2
p
= .62 , 

but no main effect of social presence, F(2, 52) = 1.83, p 
= .170, �2

p
= .07 . None of the interactions between these 

factors reached significance, all Fs ≤ 2.75, all ps ≥ .073, 
all �2

p
≤ .10.5 A corresponding 2 (congruency) × 3 (SOA) 

× 3 (social presence) mixed-factor ANOVA for accuracy 
showed no main effects of congruency, F(1, 52) = 1.55, p = 
.219, �2

p
= .03 , SOA, F(2, 104) = 0.29, p = .747, �2

p
= .01, 

or social presence, F(2, 52) = 0.07, p = .935, �2
p
= .00 , and 

no interactions between these factors, all Fs ≤ 1.63, all ps 
≥ .202, all �2

p
≤ .03.

Immersion

As an additional step of the exploratory analysis, we also 
investigated whether immersion influenced gaze cue-
ing. For this purpose, an immersion score was calculated 

Fig. 9   Response times (top) and accuracy (bottom) for the congruent and incongruent eye-gaze conditions as a function of social presence and 
SOA in Experiment 1. Note. Error bars denote the standard error of the means

5  We also analysed these data separately for the Bailenson et  al. 
(2003) and Temple Presence Inventory social presence meas-
ures, with comparable results. A summary of these analyses can be 
accessed at https://​osf.​io/​jn3ky/.

https://osf.io/jn3ky/
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from the mean of participants’ individual responses on the 
refined User Engagement Scale Long-Form. Based on these 
scores, the sample of participants was then divided into three 
groups, which reflected those who reported low (N =18, M 
= 2.22, SD = 0.21), intermediate (N = 20, M = 2.81, SD = 
0.13), or high (N =17, M = 3.42, SD = 0.28) immersion in 
the environment. In this analysis, participants who reported 
an immersion inferior to the 33rd (M = 2.55) or superior to 
the 67th (M = 3.00) percentile were assigned to the low and 
high levels, respectively, while the remaining participants 
were assigned to the medium group. The speed and accuracy 
of target localization were then calculated for these three 
groups (see Fig. 10). Two 2 (congruency: congruent, incon-
gruent) × 3 (SOA: 100, 300, 700 ms) × 3 (immersion: low, 
medium, high) mixed-factor ANOVAs were then conducted 
on accuracy and on RTs.

For response times, ANOVA revealed a marginal interac-
tion between congruency and immersion, F(2, 52) = 3.18, 
p = .050, �2

p
= .11 . Bonferroni t test showed faster response 

times to targets congruent than incongruent with avatar gaze 
when participants experienced intermediate, t(52) = 4.75, 
p < .001, d = 0.21, or high immersion, t(52) = 5.12, p < 
.001, d = 0.24. In contrast, participants who reported lower 
immersion did not exhibit a gaze-cueing effect, with similar 
response times for congruent and incongruent gaze-target 
locations, t(52) = 1.85, p = 1.00, d = 0.09. No main effect 
of immersion, F(2, 52) = 0.08, p = .919, �2

p
= .00 , or fur-

ther interactions were found, all Fs ≤ 1.56, ps ≥ .214, all 
�
2

p
≤ .03.
For accuracy, a 2 (congruency) × 3 (SOA) × 3 (immer-

sion) mixed-factor ANOVA showed no main effects of 
congruency, F(1, 52) = 1.76, p = .191, �2

p
= .03 , SOA, 

F(2, 104) = 0.20, p = .816, �2
p
= .00 , or immersion, F(2, 

52) = 0.45, p = .639, �2
p
= .02 , and no interaction between 

these factors, all Fs ≤ 2.06, all ps ≥ .132, all �2
p
≤ 0.07.

Discussion

Experiment 1 evaluated whether avatars constructed with 
our pipeline elicit gaze-cueing effects comparable to those 
observed with real human faces. Consistent with prior 
findings (e.g., Driver et al., 1999; Friesen & Kingstone, 
1998; McKay et al., 2021), participants were faster to 
detect targets appearing in the direction of avatar gaze than 
in the opposite direction. This effect emerged even at an 
SOA of 100 ms, indicating rapid and potentially reflexive 
orienting to avatar gaze cues (see, e.g., Driver et al., 1999; 
Friesen & Kingstone, 1998). We also explored whether 
the magnitude of gaze cueing was moderated by the per-
ceived social presence of avatars and immersion in VR. 
Social presence did not demonstrate a reliable relationship 
with gaze cueing, which converges with evidence that gaze 
cueing can be elicited even by face stimuli of low real-
ism and person presence (see, e.g., Friesen & Kingstone, 
1998). In contrast, gaze cueing appeared to be dependent 
on participants’ sense of immersion, which broadly reflects 
the extent to which they felt physically present within the 
virtual environment. Together, these results indicate that 
the eye-gaze behavior of avatars created using our method 
is readily perceived and acted upon by observers in ways 
closely paralleling responses to real human gaze.

Experiment 2

In a second experiment, we examined whether avatars 
convey emotional facial expressions in ways comparable 
to the human faces from which they are derived. Emotion 
recognition is a crucial part of human social interaction 
(Izard, 1994; Riddell et al., 2024). Research in this domain 
typically uses six ‘basic’ emotions of happiness, sadness, 

Fig. 10   Response times and accuracy for the congruent and incongruent eye-gaze as a function of immersion in Experiment 1. Note. Error bars 
denote the standard error of the means
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fear, surprise, disgust, and anger (Ekman, 1972; Izard, 
1971; Elfenbein & Ambady, 2002). However, recognition 
accuracy varies systematically between these emotions. 
Happiness and sadness, for example, are generally identi-
fied with high accuracy, whereas fear and disgust are often 
recognized less reliably (Elfenbein & Ambady, 2002).

In this experiment, we investigated whether avatars 
equipped with dynamic facial expressions using our mod-
eling method produce emotion signals that can be accu-
rately decoded by observers. For this purpose, participants 
classified the emotional expressions of avatars presented 
in immersive virtual reality. To provide benchmarks for 
comparison, participants also completed two emotion rec-
ognition tasks with facial photographs. One set consisted 
of images of the same individuals that were used to gen-
erate the avatars, thereby allowing a direct comparison 
between dynamic virtual and static photographic expres-
sions. The other was the Warsaw Facial Expression Set 
(WFE; Olszanowski et al., 2015), a validated measure of 
emotion recognition based on photographs of the six basic 
emotions.

Method

Participants

The sample size was determined a priori using G*Power 
for 3 (test: avatar, University of Kent Faces, Warsaw Facial 
Expressions) × 6 (facial expression: happy, sad, angry, 
fearful, surprised, disgusted) within-subjects ANOVA with 
an alpha level of .05 and a power of .95, and a medium 
effect size of f = .25. This revealed a minimum required 
sample size of N = 14, but as this is a small sample com-
pared to previous studies we doubled this to 28 (e.g., N = 
20 in Calder et al., 2001; N = 36 in Calder et al., 1996; 
N = 22 and N = 28 in Chamberland et al., 2017; N ≥ 
29 in Ekman et al., 1987). Accordingly, 29 participants 
were recruited. However, due to a recording error, one 
participant was excluded from all analyses. The sample 
therefore comprised of 28 participants (23 female, four 
male, one preferred not to say) aged between 18 and 54 
years (M = 20.1, SD = 6.7). Participants were undergradu-
ate psychology students recruited through the University 
of Kent Research Participation Scheme and participated 
in exchange for course credits. The study was approved 
by the University of Kent School of Psychology Ethics 
Committee and pre-registered on the Open Science Frame-
work (https://​osf.​io/​yjfzx/). All participants gave informed 
consent before participating and were free to withdraw 
their consent at any point without consequences. All par-
ticipants reported normal or corrected-to-normal vision.

Avatar expression test

Four avatars (two female, two male) were created from high-
fidelity 3D scans of real faces, following the construction 
method described in this article. Each avatar was rigged with 
six dynamic facial expressions corresponding to anger, fear, 
disgust, happiness, sadness, and surprise (see Fig. 11). These 
avatars were presented in four blocks, grouped by identity 
and counterbalanced across participants.

The experiment was run in Unity 2023.1.13f1 and dis-
played via a Meta Quest 2 headset. Each trial began with the 
avatar in a neutral state. The experimenter triggered the onset 
of one of the six emotional expressions, which unfolded 
dynamically across 2833 ms. During this time interval, each 
expression took 833 ms to reach peak intensity, maintained 
peak intensity for 1500 ms, and then returned to a neutral 
expression across 500 ms. Between trials, avatars displayed 
a neutral expression and also made naturalistic eye blinks 
every 3 s for added realism.

After each expression, participants verbally classified 
the emotion from the six alternatives. The experimenter 
recorded responses via a keypress and then initiated the next 
trial. Each of the four identities was presented in a separate 
block of trials, with order counterbalanced between partici-
pants. Within each of these blocks, each expression appeared 
ten times per identity, yielding a total of 240 trials (60 per 
identity, 40 per emotion). Immediately after this task, par-
ticipants completed the social presence questionnaires as 
in Experiment 1, comprising Bailenson et al.’s (2003) six-
item questionnaire as well as the Social Presence subscales 
(Parasocial, Passive and Active subscales; 14 items) of the 
Temple Presence Inventory (TPI, Lombard et al., 2009).

Photograph expression tests

To compare avatar expressions with real facial stimuli, two 
additional expression recognition tasks were administered. 
To provide a comparison for the test of avatar facial expres-
sions, face photographs were recorded of the same individu-
als posing the six emotions of anger, disgust, fear, happiness, 
sadness, and surprise. This resulted in a stimulus set of 24 
photographs, comprising six expressions for each of the four 
identities. These stimuli are referred to here as the University 
of Kent (UKF) faces. All photographs were sized to 800 × 
542 pixels at a resolution of 95 ppi. Example stimuli can be 
seen in Fig. 12.

In the experiment, these stimuli were displayed in the 
center of a computer screen on a grey background using 
PsychoPy software. Each trial began with a fixation cross for 
1000 ms, followed by a stimulus, which remained onscreen 
until a response was registered. Participants were asked to 
classify these faces according to their expression, using six 
keys on a computer keyboard. In this manner, participants 

https://osf.io/yjfzx/
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completed four blocks of 60 trials. Each identity was pre-
sented in a separate block, with order counterbalanced 
between participants, and facial expressions appeared in a 
randomized order within blocks.

For further comparison, a second expression test was 
also included, comprising the Warsaw Facial Expression 
set (WFE, Olszanowski et al., 2015). We selected four 
identities (two female, two male) portraying the same 
set of six facial expressions (see Fig. 12). For consist-
ency, all photographs were sized to 800 × 542 pixels at 
a resolution of 95 ppi. Similarly to the previous set of 
photographs, participants completed four blocks of 60 
trials. Each identity was presented in a separate block, 
with order counterbalanced between participants, and 

facial expressions appeared in a randomized order within 
blocks.

Results

Accuracy

To compare accuracy across tasks, the percentage of cor-
rect responses was calculated for all facial expressions. The 
cross-subjects means of these data can be seen in Table 1. 
Accuracy was generally high across tests and expressions. 
A series of one-sample t tests confirmed that participants 
performed above chance (i.e., 16.7%) for all six emotions in 
all tasks, all ts ≥ 13.54, all ps < .001, all ds ≥ 2.56.

Fig. 11   Example of an avatar’s facial expressions (from left to right, top row: angry, disgusted, fearful; bottom row: happy, sad, surprised

Fig. 12   Examples of facial expressions from the University of Kent Faces (top row) and the Warsaw Facial Expressions (bottom row). From left 
to right: angry, disgusted, fearful, happy, sad, surprised)
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To compare the accuracy of expression classification 
across tasks, a 3 (test: avatars, UKF, WFE) × 6 (facial 
expression: angry, disgusted, fearful, happy, sad, surprised) 
within-subject ANOVA was conducted. This showed a main 
effect of task, F(2, 54) = 47.66, p < .001, �2

p
= .64 , a main 

effect of facial expression, F(5, 135) = 31.06, p < .001, 
�
2

p
= .54 , and an interaction between these factors, F(10, 

270) = 6.40, p < .001, �2
p
= .19 . To analyze this interaction, 

post-hoc comparisons were performed using Bonferroni t 
tests. A full breakdown of these comparisons can be found 
in Appendix 3. The main results are summarized here and 
show that happy faces were recognized more accurately than 
any other facial expression in all tests, all ts ≥ 4.35, all ps ≤ 
.027, all ds ≥ 0.38, except for sad faces in the WFE and the 
avatar test conditions, t(27) = 2.18, p = 1.00, d = 0.08 and 
t(27) = 3.70, p = .150, d = 0.72, respectively. Similarly, sad 
faces were recognized with greater accuracy than fearful 
expressions across all tests, all ts ≥ 4.15, all ps ≤ .046, all 
ds ≥ 0.62. This suggests that the accuracy with which facial 
expressions were classified followed a similar pattern for 
avatar faces as in the photos and WFE tests.

This is also evident when these tests are compared 
directly, which shows accuracy was comparable for angry, 
happy, and sad faces across all tests, all ts ≤ 3.80, all ps ≥ 
.116, all ds ≤ 1.16. For disgusted, fearful, and surprised 
expressions, the pattern was more variable. Avatar expres-
sions of surprise were classified with similar accuracy to 
the WFE, t(27) = 3.42, p = .308, d = 0.79, but with lower 
accuracy than photos of the same identities, t(27) = 4.43, p 
< .05, d = 0.81. In contrast, avatar expressions of disgust 
were classified with similar accuracy to photos of the same 
identities, t(27) = 3.36, p = .355, d = 1.22, but with lower 
accuracy than WFE faces, t(27) = 4.84, p <. 01, d = 1.65. 
In addition, avatar expressions of fear were classified with 
lower accuracy than face photos on both comparison tests, 
both ts ≥ 4.99, ps < .01, d ≥ 1.05.

Confusions

To further explore whether facial expressions of avatars 
were perceived similarly to the face photos, the confu-
sions between expressions were analyzed and are plotted 
in Fig. 13. This demonstrates a similar pattern of confu-
sions across tests. For example, facial expressions of anger 
were most likely to be confused with disgust, and vice versa, 

across all three tests. Similarly, facial expressions of fear 
were most likely to be mistaken as surprise, and surprise 
as fear. Finally, in all three tests, accuracy was highest for 
facial expressions of happiness and sadness, and confusions 
of these expressions were low.

Correlations

To investigate the relationship between performance across 
tasks, a one-tailed correlation matrix between individual 
percentage accuracy in each task was analyzed. These cor-
relations are illustrated in Fig. 14. As this data shows, only 
accuracy for fearful faces correlated across all tasks, all ps 
< .001. Performance between the WFE and UKF correlated 
for disgusted faces, p < .05. The other correlations were not 
significant, all ps > .05.

Social presence and immersion

As an additional step, we again investigated whether the 
perceived social presence of avatars affected the accuracy 
with which participants recognized facial expressions. For 
this purpose, we again transposed the responses to Bailen-
son et al.'s (2003) social presence measure to a 1-to-7 scale, 
before calculating a composite score comprising the mean 
of participants’ scores on this questionnaire and the Temple 
Presence Inventory. Again, items relating to sound (Items 3, 
5, and 9) were excluded as they were not applicable to this 
paradigm. Based on these scores, the sample of participants 
was then divided into three groups, which reflected those 
who reported low (M = 2.96, SD = 0.20), medium (M = 
3.73, SD = 0.29), or high (M = 4.60, SD = 0.50) social 
presence of the avatars. For this analysis, participants who 
reported a social presence inferior to the 33rd (M = 3.29) or 
superior to the 67th percentile (M = 4.06) were assigned to 
the low and high social presence groups, respectively, while 
the remaining participants were assigned to the medium 
group. These data are shown in Fig. 15. A 3 (social presence: 
low, medium, high) × 6 (facial expression: angry, disgusted, 
fearful, happy, sad, surprised) mixed-factor ANOVA on the 
accuracy percentage for the avatar expressions revealed 
a main effect of expression, F(5, 125) = 17.00, p < .001, 
�
2

p
= .41 , but no main effect of social presence, F(2, 25) = 

0.73, p = .494, �2
p
= .06 , and no interaction between these 

factors, F(10, 125) = 0.94, p =. 504, �2
p
= .07.

Table 1   Mean (SD) accuracy per facial expression for each task

Angry Disgusted Fearful Happy Sad Surprised

VR 77.5 (19.1) 73.3 (22.1) 68.4 (17.1) 99.7 (0.8) 91.3 (12.3) 82.4 (8.8)
UKF 79.8 (15.9) 87.6 (9.8) 80.7 (19.2) 99.8 (0.7) 95.3 (5.7) 91.8 (7.1)
WFE 91.2 (8.2) 92.7 (6.2) 91.5 (10.1) 99.8 (0.7) 98.9 (2.5) 91.6 (9.8)
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Fig. 13   Response distribution per facial expression across tasks in Experiment 2. Note. An = angry, Di = disgust, Fe = fear, Ha = happy, Sa = 
sad, Su = surprise

Fig. 14   Response distribution per facial expression from 0 to 100% accuracy across tasks in Experiment 2. Note. * p < .05, ** p < .01, *** p < 
.001
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Similarly, to investigate the role of immersion on accu-
racy, an immersion score was obtained by calculating partic-
ipants’ mean scores across all scales of the UES-LF. Based 
on these scores, the sample of participants was then divided 
into three groups, which reflected those who reported low 
(M = 3.44, SD = 0.28), medium (M = 3.96, SD = 0.13), or 
high (M = 4.45, SD = 0.17) immersion in the environment 
(see Fig. 15). Participants who reported an immersion infe-
rior to the 33rd (M = 3.80) or superior to the 67th percentile 
(M = 4.10) were assigned to the low and high immersion 
groups, respectively, while the remaining participants were 
assigned to the medium group. A corresponding 3 (immer-
sion) × 6 (facial expression) mixed-factor ANOVA on the 
accuracy data in the virtual reality task revealed a main 
effect of expression, F(5, 125) = 18.61, p < .001, �2

p
= .43 , 

but no main effect of immersion, F(2, 25) = 0.33, p = .725, 
�
2

p
= .03 , and no interaction between immersion and expres-

sion, F(10, 125) = 1.53, p = .137, �2
p
= .11.

Discussion

This experiment investigated whether avatars created with 
our method can convey basic emotional expressions in a 
manner comparable to real human faces. All six expres-
sions were recognized above chance and followed recogni-
tion patterns established in the emotion literature (Ekman, 
1972; Elfenbein & Ambady, 2002; Izard, 1994). Specifi-
cally, angry, happy, and sad expressions were recognized 
with similar accuracy across avatars, UKF photographs, 
and the WFE. Disgusted expressions were classified 
equally well in avatars and UKF photographs, though less 
accurately than in the WFE. Surprise was recognized in 
avatars at levels comparable to the WFE but lower than 
UKF photographs. Fearful expressions, however, were 
consistently recognized less accurately in avatars com-
pared to photographs, replicating previous findings that 

fear is among the most challenging emotions to convey 
and identify (Elfenbein & Ambady, 2002).

We also examined confusions between expressions and 
showed that these exhibit a similar pattern across tests, 
whereby common confusions typically occurred between 
disgusted and angry faces, and between fearful and sur-
prised faces. This pattern matches those observed with 
images of faces (e.g.,Ekman, 1972; Izard, 1994). Finally, 
we also looked at correlations between tests in the clas-
sification of each expression. Most of these correlations 
failed to reach significance, likely due to ceiling effects in 
recognition performance and the small sample size. How-
ever, classification of fearful expressions was character-
ized by lower accuracy than the other expressions and by 
strong correlations between avatars and face photos. This 
points to a similar basis for classifying fearful expressions, 
despite the lower accuracy for this expression in avatars 
than in face photos.

Overall, these findings indicate that the avatars effec-
tively convey dynamic emotional expressions. Although 
recognition of fear remains less accurate, the overall pat-
tern of classification and confusions demonstrates that 
participants interpret the avatar expressions in a manner 
that is generally consistent with real human faces. This 
indicates that our method for equipping avatars with these 
expressions works well.

General discussion

The present study sought to develop avatars capable of 
producing naturalistic eye gaze and facial expressions 
using an accessible and adaptable pipeline, enabling other 
researchers to implement these methods in their own work. 
We then carried out two experiments to validate these ava-
tars as effective stimuli for behavioral research in virtual 

Fig. 15   Accuracy scores per facial expression from 0 to 100% accuracy across social presence and immersion groups in Experiment 2
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reality, by showing that the avatars elicit behavior con-
sistent with findings from studies using real human faces. 
Experiment 1 shows that participants are faster to detect 
targets appearing in the direction of avatar gaze than in 
the opposite direction (e.g., Driver et al., 1999; Friesen & 
Kingstone, 1998). This effect emerged even with targets 
that appeared just 100 ms after a shift in eye gaze, indicat-
ing rapid and potentially reflexive attentional orienting. 
Experiment 2 then showed that avatars created through 
our pipeline also convey emotional expressions that par-
ticipants can reliably recognize, with an overall pattern of 
classification and confusions that is highly consistent with 
the perception of emotional expressions from real human 
faces (Du & Martinez, 2013; Elfenbein & Ambady, 2002; 
Kohler et al., 2003; Thompson & Voyer, 2014).

These findings validate our avatar construction pipeline 
and highlight the utility of this method for researchers 
interested in conducting studies in virtual reality. Avatars 
offer significant advantages for such cognitive and behav-
ioral research by acting as proxies for humans due to their 
ability to display complex social behaviors (Etienne et al., 
2023; Garau et al., 2001; Geraets et al., 2021; Kimmel 
et al., 2023; Zheleva et al., 2023). Unlike human confeder-
ates, avatars can combine both experimental control and 
ecological validity by behaving in ways that are reproduc-
ible across trials and participants. Yet, avatars in prior 
studies have often lacked realism (e.g., Bülthoff et al., 
2019; Tummon et al., 2019, 2020), raising questions about 
whether results generalize to interactions with real peo-
ple. The realism of avatars may influence whether neural 
and behavioral responses align with those elicited by real 
humans (De Borst & De Gelder, 2015). Our construction 
pipeline makes progress on this issue by producing ava-
tars that more closely approximate human appearance and 
behavior, helping to bridge this gap.

The potential applications of these avatars extend across 
domains. For example, an observer’s ability to embody an 
avatar is influenced by their visual resemblance (Kilteni 
et al., 2012; Suk & Laine, 2023). Our pipeline allows the 
generation of avatars that closely resemble participants’ 
faces, creating opportunities to investigate how realism 
and similarity affect embodiment. Moreover, real-time rig-
ging enables user-controlled gaze and expression, opening 
avenues to study how agency over avatar facial movements 
modulates embodiment. Beyond embodiment, virtual ava-
tars can enrich domains such as social psychology, for 
example, by enabling studies of interpersonal distance 
and approach–avoidance behavior through position track-
ing (Blascovich et al., 2002; Yaremych & Persky, 2019). 
Avatars could also help researchers explore questions on 
the presence of trusted partners in novel scenarios (Kane 
et al., 2012) or factors affecting visual perspective-taking 

(Ferguson et al., 2018). Avatars may also serve clinical 
applications, from assessing social cognition to deliver-
ing mental health interventions in controlled environments 
(Bell et al., 2020).

While our avatar construction technique provides an 
accessible method for creating photorealistic avatars 
capable of facial movement, improvements can be made. 
Facial motion is generated through 52 blend shapes. This 
is standard for using accessible face capture software 
such as that in the iPhone’s ARKIT, but offers more lim-
ited control over more complex facial movements such 
as those involved in speech. The use of template-based 
meshes further restricts the capture of individual idiosyn-
crasies in facial dynamics, which are known to aid face 
recognition (Burton et al., 2015; Mileva & Burton, 2018). 
While editing blend shapes could introduce greater indi-
viduality, this process requires specialist expertise in 3D 
modeling. Future work should explore methods for more 
accurately representing idiosyncratic motion patterns and 
test their influence on recognition and realism.

Finally, while the current validation experiments 
establish that our avatars elicit gaze following and emo-
tion recognition, these behaviors were tested in rela-
tively simple, decontextualized tasks. Yet, social context 
strongly shapes gaze perception (Frischen et al., 2007; 
Pfeiffer et al., 2013) and emotion interpretation (Barrett 
et al., 2011; Milanak & Berenbaum, 2014). Virtual real-
ity provides the opportunity to embed avatars in rich, 
dynamic contexts to test how social and environmental 
factors interact with basic perceptual processes. The 
construction method described here offers a foundation 
for such work, equipping researchers with photorealis-
tic, behaviorally valid avatars that can help bridge the 
divide between controlled laboratory studies and real-
world social interactions.

Supplementary Information  The online version contains supplemen-
tary material available at https://​doi.​org/​10.​3758/​s13428-​026-​03139-1.

Funding  This work was funded by a research grant from the Eco-
nomic and Social Research Council (ESRC Grant no ES/X011208/1) 
to Markus Bindemann and Mike Burton.

Availability of data and materials  Experiments 1 and 2 were pre-regis-
tered on the Open Science Framework and can be accessed at https://​osf.​
io/​jn3ky/ and https://​osf.​io/​yjfzx/. The data for these experiments, the 
avatar construction pipeline and additional materials can be accessed at 
https://​osf.​io/​xapwj/

Code availability  Not applicable.

Declarations 

Conflicts of interest/Competing interests  Not applicable.

https://doi.org/10.3758/s13428-026-03139-1
https://osf.io/jn3ky/
https://osf.io/jn3ky/
https://osf.io/yjfzx/
https://osf.io/xapwj/


Behavior Research Methods (2026) 58:275 	 Page 17 of 19    275 

Ethics approval  This research was conducted in accordance with the 
Declaration of Helsinki and approved by the Ethics Committee of the 
School of Psychology at the University of Kent.

Consent to participate  All participants provided informed consent 
prior to taking part in the study.

Consent for publication  Participants provided informed consent for 
data publication in a format that preserves anonymity.

Open Access  This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article’s Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Adams, R. B., & Kleck, R. E. (2005). Effects of direct and averted gaze 
on the perception of facially communicated emotion. Emotion, 
5(1), 3–11. https://​doi.​org/​10.​1037/​1528-​3542.5.​1.3

Adams, R. B., Gordon, H. L., Baird, A. A., Ambady, N., & Kleck, R. 
E. (2003). Effects of gaze on amygdala sensitivity to anger and 
fear faces. Science, 300(5625), 1536. https://​doi.​org/​10.​1126/​scien​
ce.​10822​44

Artec 3D. (2020). Artec Studio 15. [Computer Software]. Artec 
Europe. https://​www.​artec​3d.​com/​3d-​softw​are/​artec-​studio

Autodesk Inc. (2022). Autodesk Maya (version 2022.5) [Computer 
Software]. Autodesk Inc. https://www.autodesk.com/uk/products/
maya/overview

Bailenson, J. N., Blascovich, J., Beall, A. C., & Loomis, J. M. (2003). 
Interpersonal distance in immersive virtual environments. Person-
ality and Social Psychology Bulletin, 29(7), 819–833. https://​doi.​
org/​10.​1177/​01461​67203​02900​7002

Bailenson, J. N., Beall, A. C., Blascovich, J., & Rex, C. (2004). Exam-
ining virtual busts: Are photogrammetrically generated head mod-
els effective for person identification? Presence, 13(4), 416–427. 
https://​doi.​org/​10.​1162/​10547​46041​944858

Bailenson, J. N., Davies, A., Blascovich, J., Beall, A. C., McCall, C., 
& Guadagno, R. E. (2008). The effects of witness viewpoint dis-
tance, angle, and choice on eyewitness accuracy in police lineups 
conducted in immersive virtual environments. Presence, 17(3), 
242–255. https://​doi.​org/​10.​1162/​pres.​17.3.​242

Barrett, L. F., Mesquita, B., & Gendron, M. (2011). Context in emotion 
perception. Current Directions in Psychological Science, 20(5), 
286–290. https://​doi.​org/​10.​1177/​09637​21411​422522

Bayliss, A. P., Di Pellegrino, G., & Tipper, S. P. (2004). Orienting of 
attention via observed eye gaze is head-centred. Cognition, 94(1), 
B1–B10. https://​doi.​org/​10.​1016/j.​cogni​tion.​2004.​05.​002

Bell, I. H., Nicholas, J., Alvarez-Jimenez, M., Thompson, A., & Val-
maggia, L. (2020). Virtual reality as a clinical tool in mental health 
research and practice. Dialogues in Clinical Neuroscience, 22(2), 
169–177. https://​doi.​org/​10.​31887/​dcns.​2020.​22.2/​lvalm​aggia

Bindemann, M., Burton, A. M., & Langton, S. R. H. (2008). How do 
eye gaze and facial expression interact? Visual Cognition, 16(6), 
708–733. https://​doi.​org/​10.​1080/​13506​28070​12693​18

Blascovich, J., Loomis, J., Beall, A. C., Swinth, K. R., Hoyt, C. L., & 
Bailenson, J. N. (2002). Immersive virtual environment technol-
ogy as a methodological tool for social psychology. Psychologi-
cal Inquiry, 13(2), 103–124. https://​doi.​org/​10.​1207/​s1532​7965p​
li1302_​01

Bülthoff, I., Mohler, B. J., & Thornton, I. M. (2019). Face recognition 
of full-bodied avatars by active observers in a virtual environ-
ment. Vision Research, 157, 242–251. https://doi.org/10.1016/j.
visres.2017.12.001

Burton, A. M., Jenkins, R., Hancock, P. J., & White, D. (2005). Robust 
representations for face recognition: The power of averages. Cog-
nitive Psychology, 51(3), 256–284. https://​doi.​org/​10.​1016/j.​cogps​
ych.​2005.​06.​003

Burton, A. M., Kramer, R. S. S., Ritchie, K. L., & Jenkins, R. (2015). 
Identity from variation: Representations of faces derived from 
multiple instances. Cognitive Science, 40(1), 202–223. https://​
doi.​org/​10.​1111/​cogs.​12231

Caharel, S., Jiang, F., Blanz, V., & Rossion, B. (2009). Recognizing 
an individual face: 3D shape contributes earlier than 2D surface 
reflectance information. NeuroImage, 47(4), 1809–1818. https://​
doi.​org/​10.​1016/j.​neuro​image.​2009.​05.​065

Calder, A. J., Burton, A. M., Miller, P., Young, A. W., & Akamatsu, 
S. (2001). A principal component analysis of facial expressions. 
Vision Research, 41(9), 1179–1208. https://​doi.​org/​10.​1016/​
s0042-​6989(01)​00002-5

Calder, A. J., Young, A. W., Perrett, D. I., Etcoff, N. L., & Rowland, D. 
(1996). Categorical perception of morphed facial expressions. Vis-
ual Cognition, 3(2), 81–118. https://​doi.​org/​10.​1080/​71375​6735

Camilo, A. (2024). Animbot (version 2.6.1) [Computer software] ANIM-
BOT INC. https://animbot.ca/home/

Chamberland, J., Roy-Charland, A., Perron, M., & Dickinson, J. 
(2017). Distinction between fear and surprise: An interpretation-
independent test of the perceptual-attentional limitation hypothe-
sis. Social Neuroscience, 12(6), 751–768. https://​doi.​org/​10.​1080/​
17470​919.​2016.​12519​64

De Borst, A. W., & De Gelder, B. (2015). Is it the real deal? Percep-
tion of virtual characters versus humans: An affective cognitive 
neuroscience perspective. Frontiers in Psychology, 6. https://​doi.​
org/​10.​3389/​fpsyg.​2015.​00576

Driver, J., Davis, G., Ricciardelli, P., Kidd, P., Maxwell, E., & Baron-
Cohen, S. (1999). Gaze perception triggers reflexive visuospatial 
orienting. Visual Cognition, 6(5), 509–540. https://​doi.​org/​10.​
1080/​13506​28993​94920

Du, S., & Martinez, A. M. (2013). Wait, are you sad or angry? Large 
exposure time differences required for the categorization of facial 
expressions of emotion. Journal of Vision, 13(4), 13. https://​doi.​
org/​10.​1167/​13.4.​13

Ekman, P. (1972). Universals and cultural differences in facial expres-
sions of emotion. In J. Cole (Ed.), Nebraska symposium on moti-
vation (vol. 19, pp. 207–282). University of Nebraska Press.

Ekman, P., Friesen, W. V., O’Sullivan, M., Chan, A., Diacoyanni-
Tarlatzis, I., Heider, K., Krause, R., LeCompte, W. A., Pitcairn, 
T., Ricci-Bitti, P. E., Scherer, K., Tomita, M., & Tzavaras, A. 
(1987). Universals and cultural differences in the judgments of 
facial expressions of emotion. Journal of Personality and Social 
Psychology, 53(4), 712–717. https://​doi.​org/​10.​1037/​0022-​3514.​
53.4.​712

Elfenbein, H. A., & Ambady, N. (2002). On the universality and cul-
tural specificity of emotion recognition: A meta-analysis. Psy-
chological Bulletin, 128(2), 203–235. https://​doi.​org/​10.​1037/​
0033-​2909.​128.2.​203

Etienne, E., Leclercq, A., Remacle, A., Dessart, L., & Schyns, M. 
(2023). Perception of avatars nonverbal behaviors in virtual real-
ity. Psychology & Marketing, 40(11), 2464–2481. https://​doi.​org/​
10.​1002/​mar.​21871

http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1037/1528-3542.5.1.3
https://doi.org/10.1126/science.1082244
https://doi.org/10.1126/science.1082244
https://www.artec3d.com/3d-software/artec-studio
https://doi.org/10.1177/0146167203029007002
https://doi.org/10.1177/0146167203029007002
https://doi.org/10.1162/1054746041944858
https://doi.org/10.1162/pres.17.3.242
https://doi.org/10.1177/0963721411422522
https://doi.org/10.1016/j.cognition.2004.05.002
https://doi.org/10.31887/dcns.2020.22.2/lvalmaggia
https://doi.org/10.1080/13506280701269318
https://doi.org/10.1207/s15327965pli1302_01
https://doi.org/10.1207/s15327965pli1302_01
https://doi.org/10.1016/j.cogpsych.2005.06.003
https://doi.org/10.1016/j.cogpsych.2005.06.003
https://doi.org/10.1111/cogs.12231
https://doi.org/10.1111/cogs.12231
https://doi.org/10.1016/j.neuroimage.2009.05.065
https://doi.org/10.1016/j.neuroimage.2009.05.065
https://doi.org/10.1016/s0042-6989(01)00002-5
https://doi.org/10.1016/s0042-6989(01)00002-5
https://doi.org/10.1080/713756735
https://doi.org/10.1080/17470919.2016.1251964
https://doi.org/10.1080/17470919.2016.1251964
https://doi.org/10.3389/fpsyg.2015.00576
https://doi.org/10.3389/fpsyg.2015.00576
https://doi.org/10.1080/135062899394920
https://doi.org/10.1080/135062899394920
https://doi.org/10.1167/13.4.13
https://doi.org/10.1167/13.4.13
https://doi.org/10.1037/0022-3514.53.4.712
https://doi.org/10.1037/0022-3514.53.4.712
https://doi.org/10.1037/0033-2909.128.2.203
https://doi.org/10.1037/0033-2909.128.2.203
https://doi.org/10.1002/mar.21871
https://doi.org/10.1002/mar.21871


	 Behavior Research Methods (2026) 58:275  275   Page 18 of 19

Faceform LLC. (2023). Faceform Wrap (version 2023.11.4) [Computer 
Software] Faceform LLC. https://faceform.com/

FaceGood. (2023). Avatary (version 1.16.0) [Computer Software]. 
FACEGOOD CO., Ltd. https://www.avatary.com/download-app

Ferguson, H. J., Brunsdon, V. E. A., & Bradford, E. E. F. (2018). Age 
of avatar modulates the altercentric bias in a visual perspective-
taking task: ERP and behavioral evidence. Cognitive, Affec-
tive, & Behavioral Neuroscience, 18(6), 1298–1319. https://doi.
org/10.3758/s13415-018-0641-1

Friesen, C. K., & Kingstone, A. (1998). The eyes have it! Reflexive 
orienting is triggered by nonpredictive gaze. Psychonomic Bulle-
tin & Review, 5(3), 490–495. https://​doi.​org/​10.​3758/​bf032​08827

Frischen, A., Bayliss, A. P., & Tipper, S. P. (2007). Gaze cueing of 
attention: Visual attention, social cognition, and individual dif-
ferences. Psychological Bulletin, 133(4), 694–724. https://​doi.​org/​
10.​1037/​0033-​2909.​133.4.​694

Fysh, M. C., Trifonova, I. V., Allen, J., McCall, C., Burton, A. M., 
& Bindemann, M. (2022). Avatars with faces of real people: A 
construction method for scientific experiments in virtual reality. 
Behavior Research Methods, 54(3), 1461–1475. https://​doi.​org/​
10.​3758/​s13428-​021-​01676-5

Garau, M., Slater, M., Bee, S., & Sasse, M. A. (2001). The impact of 
eye gaze on communication using humanoid avatars. Proceed-
ings of the SIGCHI Conference on Human Factors in Computing 
Systems. https://​doi.​org/​10.​1145/​365024.​365121

Garau, M., Slater, M., Vinayagamoorthy, V., Brogni, A., Steed, A., & 
Sasse, M. A. (2003). The impact of avatar realism and eye gaze 
control on perceived quality of communication in a shared immer-
sive virtual environment. Proceedings of the SIGCHI Conference 
on Human Factors in Computing Systems, 529–536. https://​doi.​
org/​10.​1145/​642611.​642703

Geraets, C., Tuente, S. K., Lestestuiver, B., Van Beilen, M., Nijman, S., 
Marsman, J., & Veling, W. (2021). Virtual reality facial emotion 
recognition in social environments: An eye-tracking study. Inter-
net Interventions, 25, 100432. https://​doi.​org/​10.​1016/j.​invent.​
2021.​100432

GIMP Development Team. (2023). GIMP (version 2.10.36) [Computer 
Software]. GIMP Development Team. https://www.gimp.org/

Gregory, S. E. A., & Jackson, M. C. (2021). Increased perceptual dis-
traction and task demand enhances gaze and non-biological cuing 
effects. Quarterly Journal of Experimental Psychology, 74(2), 
221–240. https://​doi.​org/​10.​1177/​17470​21820​959633

Grewe, C. M., Liu, T., Kahl, C., Hildebrandt, A., & Zachow, S. (2021). 
Statistical learning of facial expressions improves realism of ani-
mated avatar faces. Frontiers in Virtual Reality, 2. https://​doi.​org/​
10.​3389/​frvir.​2021.​619811

Hole, G. J., George, P. A., Eaves, K., & Rasek, A. (2002). Effects of 
geometric distortions on face-recognition performance. Percep-
tion, 31(10), 1221–1240. https://​doi.​org/​10.​1068/​p3252

Izard, C. E. (1971). The face of emotion. Appleton-Century-Crofts.
Izard, C. E. (1994). Innate and universal facial expressions: Evidence 

from developmental and cross-cultural research. Psychological 
Bulletin, 115(2), 288–299. https://​doi.​org/​10.​1037/​0033-​2909.​
115.2.​288

Kane, H. S., McCall, C., Collins, N. L., & Blascovich, J. (2012). Mere 
presence is not enough: Responsive support in a virtual world. 
Journal of Experimental Social Psychology, 48(1), 37–44. https://
doi.org/10.1016/j.jesp.2011.07.001

Kilteni, K., Groten, R., & Slater, M. (2012). The sense of embodiment 
in virtual reality. Presence: Teleoperators and Virtual Environ-
ments, 21(4), 373–387. https://doi.org/10.1162/pres_a_00124

Kimmel, S., Jung, F., Matviienko, A., Heuten, W., & Boll, S. (2023). 
Let’s face it: Influence of facial expressions on social presence in 
collaborative virtual reality. CHI ’23: Proceedings of the 2023 

CHI Conference on Human Factors in Computing Systems, 1–16. 
https://​doi.​org/​10.​1145/​35445​48.​35807​07

Kohler, C. G., Turner, T. H., Bilker, W. B., Brensinger, C. M., Siegel, 
S. J., Kanes, S. J., Gur, R. E., & Gur, R. C. (2003). Facial emotion 
recognition in schizophrenia: Intensity effects and error pattern. 
American Journal of Psychiatry, 160(10), 1768–1774. https://​doi.​
org/​10.​1176/​appi.​ajp.​160.​10.​1768

Lachat, F., Conty, L., Hugueville, L., & George, N. (2012). Gaze cueing 
effect in a face-to-face situation. Journal of Nonverbal Behavior, 
36(3), 177–190. https://​doi.​org/​10.​1007/​s10919-​012-​0133-x

Lawrence, K., Campbell, R., & Skuse, D. (2015). Age, gender, and 
puberty influence the development of facial emotion recognition. 
Frontiers in Psychology, 6. https://​doi.​org/​10.​3389/​fpsyg.​2015.​
00761

Lombard, M., Ditton, T. B., & Weinstein, L. (2009). Measuring presence: 
The temple presence inventory. In: Proceeding of Presence 2009: 
The 12th International Workshop on Presence, USA. https://​ispr.​info/​
prese​nce-​confe​rences/​previ​ous-​confe​rences/​prese​nce-​2009/

Loomis, J. M., Blascovich, J. J., & Beall, A. C. (1999). Immersive vir-
tual environment technology as a basic research tool in psychol-
ogy. Behavior Research Methods, Instruments, & Computers, 31, 
557–564. https://​doi.​org/​10.​3758/​BF032​00735

McKay, K. T., Grainger, S. A., Coundouris, S. P., Skorich, D. P., Phil-
lips, L. H., & Henry, J. D. (2021). Visual attentional orienting 
by eye gaze: A meta-analytic review of the gaze-cueing effect. 
Psychological Bulletin, 147(12), 1269–1289. https://​doi.​org/​10.​
1037/​bul00​00353

Milanak, M. E., & Berenbaum, H. (2014). The effects of context on 
facial affect recognition. Motivation and Emotion, 38(4), 560–
568. https://doi.org/10.1007/s11031-014-9401-x

Mileva, M., & Burton, A. M. (2018). Smiles in face matching: Idi-
osyncratic information revealed through a smile improves unfa-
miliar face matching performance. British Journal of Psychology, 
109(4), 799–811. https://​doi.​org/​10.​1111/​bjop.​12318

Mixamo, Inc. (2013). Fuse. [Computer Software]. Adobe Systems 
Incorporated. https://store.steampowered.com/app/257400/Fuse/

O’Brien, H. L., Cairns, P., & Hall, M. (2018). A practical approach 
to measuring user engagement with the refined user engagement 
scale (UES) and new UES short form. International Journal of 
Human-Computer Studies, 112, 28–39. https://​doi.​org/​10.​1016/j.​
ijhcs.​2018.​01.​004

O’Toole, A. J., Vetter, T., & Blanz, V. (1999). Three-dimensional 
shape and two-dimensional surface reflectance contributions to 
face recognition: An application of three-dimensional morphing. 
Vision Research, 39(18), 3145–3155. https://doi.org/10.1016/
s0042-6989(99)00034-6

Olszanowski, M., Pochwatko, G., Kuklinski, K., Scibor-Rylski, M., 
Lewinski, P., & Ohme, R. K. (2015). Warsaw set of emotional 
facial expression pictures: A validation study of facial display 
photographs. Frontiers in Psychology, 5, 1516. https://​doi.​org/​
10.​3389/​fpsyg.​2014.​01516

Pfeiffer, U. J., Vogeley, K., & Schilbach, L. (2013). From gaze cueing 
to dual eye-tracking: Novel approaches to investigate the neural 
correlates of gaze in social interaction. Neuroscience & Biobe-
havioral Reviews, 37(10), 2516–2528. https://​doi.​org/​10.​1016/j.​
neubi​orev.​2013.​07.​017

Riddell, C., Nikolić, M., Dusseldorp, E., & Kret, M. E. (2024). Age-
related changes in emotion recognition across childhood: A 
meta-analytic review. Psychological Bulletin, 150(9), 1094–1117. 
https://​doi.​org/​10.​1037/​bul00​00442

Rogers, D., Baseler, H., Young, A. W., Jenkins, R., & Andrews, T. 
J. (2022). The roles of shape and texture in the recognition of 
familiar faces. Vision Research, 194, 108013. https://​doi.​org/​10.​
1016/j.​visres.​2022.​108013

https://doi.org/10.3758/bf03208827
https://doi.org/10.1037/0033-2909.133.4.694
https://doi.org/10.1037/0033-2909.133.4.694
https://doi.org/10.3758/s13428-021-01676-5
https://doi.org/10.3758/s13428-021-01676-5
https://doi.org/10.1145/365024.365121
https://doi.org/10.1145/642611.642703
https://doi.org/10.1145/642611.642703
https://doi.org/10.1016/j.invent.2021.100432
https://doi.org/10.1016/j.invent.2021.100432
https://doi.org/10.1177/1747021820959633
https://doi.org/10.3389/frvir.2021.619811
https://doi.org/10.3389/frvir.2021.619811
https://doi.org/10.1068/p3252
https://doi.org/10.1037/0033-2909.115.2.288
https://doi.org/10.1037/0033-2909.115.2.288
https://doi.org/10.1145/3544548.3580707
https://doi.org/10.1176/appi.ajp.160.10.1768
https://doi.org/10.1176/appi.ajp.160.10.1768
https://doi.org/10.1007/s10919-012-0133-x
https://doi.org/10.3389/fpsyg.2015.00761
https://doi.org/10.3389/fpsyg.2015.00761
https://ispr.info/presence-conferences/previous-conferences/presence-2009/
https://ispr.info/presence-conferences/previous-conferences/presence-2009/
https://doi.org/10.3758/BF03200735
https://doi.org/10.1037/bul0000353
https://doi.org/10.1037/bul0000353
https://doi.org/10.1111/bjop.12318
https://doi.org/10.1016/j.ijhcs.2018.01.004
https://doi.org/10.1016/j.ijhcs.2018.01.004
https://doi.org/10.3389/fpsyg.2014.01516
https://doi.org/10.3389/fpsyg.2014.01516
https://doi.org/10.1016/j.neubiorev.2013.07.017
https://doi.org/10.1016/j.neubiorev.2013.07.017
https://doi.org/10.1037/bul0000442
https://doi.org/10.1016/j.visres.2022.108013
https://doi.org/10.1016/j.visres.2022.108013


Behavior Research Methods (2026) 58:275 	 Page 19 of 19    275 

Rokoko Electronics ApS. (2024). Rokoko Studio (version 2.5.0.3) 
[Computer software] Rokoko Electronics ApS. https://www.
rokoko.com/

Spring, A. (2020). FACS Rigging & Texture Blending | Digital Humans. 
Adam Spring. https://​adams​pring.​co.​uk/​2020/​05/​25/​facs-​riggi​ng-​
textu​re-​blend​ing-​digit​al-​human​s/#:​~:​text=​Facial%​20Act​ion%​
20Cod​ing%​20Sys​tem's%​20(FACS,defor​mation%​20on%​20the%​
20sha​der%​20lev​el.

Suk, H., & Laine, T. H. (2023). Influence of avatar facial appearance 
on users’ perceived embodiment and presence in immersive vir-
tual reality. Electronics, 12(3), 583. https://​doi.​org/​10.​3390/​elect​
ronic​s1203​0583

Technologies, Unity. (2020). The Heretic: Digital Human. Unity Asset 
Store.

Technologies, Unity. (2023). Enemies. Unity Asset Store.
Thompson, A. E., & Voyer, D. (2014). Sex differences in the ability to 

recognise non-verbal displays of emotion: A meta-analysis. Cogni-
tion & Emotion, 28(7), 1164–1195. https://​doi.​org/​10.​1080/​02699​
931.​2013.​875889

Tummon, H. M., Allen, J., & Bindemann, M. (2019). Facial identi-
fication at a virtual reality airport. i-Perception, 10(4), Article 
204166951986307. https://​doi.​org/​10.​1177/​20416​69519​863077

Tummon, H. M., Allen, J., & Bindemann, M. (2020). Body language 
influences on facial identification at passport control: An explo-
ration in virtual reality. i-Perception, 11(5), 204166952095803. 
https://doi.org/10.1177/2041669520958033

Vasser, M., & Aru, J. (2020). Guidelines for immersive virtual reality 
in psychological research. Current Opinion in Psychology, 36, 
71–76. https://​doi.​org/​10.​1016/j.​copsyc.​2020.​04.​010

Wilson, C. J., & Soranzo, A. (2015). The use of virtual reality in psy-
chology: A case study in visual perception. Computational and 
Mathematical Methods in Medicine, 2015, 1–7. https://​doi.​org/​
10.​1155/​2015/​151702

Yaremych, H. E., & Persky, S. (2019). Tracing physical behavior in 
virtual reality: A narrative review of applications to social psy-
chology. Journal of Experimental Social Psychology, 85, 103845. 
https://​doi.​org/​10.​1016/j.​jesp.​2019.​103845

Zheleva, A., Hardeman, J., Durnez, W., Vanroelen, C., De Bruyne, J., 
Tutu, D. O., Morton, J., Joundi, J., Saldien, J., & Bombeke, K. 
(2023). The impact of eye gaze on social interactions of females 
in virtual reality: The mediating role of the uncanniness of avatars 
and the moderating role of task type. Heliyon, 9(10), e20165. 
https://​doi.​org/​10.​1016/j.​heliy​on.​2023.​e20165

Zhou, X., & Jenkins, R. (2020). Dunning-Kruger effects in face per-
ception. Cognition, 203, 104345. https://​doi.​org/​10.​1016/j.​cogni​
tion.​2020.​104345

Publisher's Note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

https://adamspring.co.uk/2020/05/25/facs-rigging-texture-blending-digital-humans/#:~:text=Facial%20Action%20Coding%20System's%20(FACS,deformation%20on%20the%20shader%20level
https://adamspring.co.uk/2020/05/25/facs-rigging-texture-blending-digital-humans/#:~:text=Facial%20Action%20Coding%20System's%20(FACS,deformation%20on%20the%20shader%20level
https://adamspring.co.uk/2020/05/25/facs-rigging-texture-blending-digital-humans/#:~:text=Facial%20Action%20Coding%20System's%20(FACS,deformation%20on%20the%20shader%20level
https://adamspring.co.uk/2020/05/25/facs-rigging-texture-blending-digital-humans/#:~:text=Facial%20Action%20Coding%20System's%20(FACS,deformation%20on%20the%20shader%20level
https://doi.org/10.3390/electronics12030583
https://doi.org/10.3390/electronics12030583
https://doi.org/10.1080/02699931.2013.875889
https://doi.org/10.1080/02699931.2013.875889
https://doi.org/10.1177/2041669519863077
https://doi.org/10.1016/j.copsyc.2020.04.010
https://doi.org/10.1155/2015/151702
https://doi.org/10.1155/2015/151702
https://doi.org/10.1016/j.jesp.2019.103845
https://doi.org/10.1016/j.heliyon.2023.e20165
https://doi.org/10.1016/j.cognition.2020.104345
https://doi.org/10.1016/j.cognition.2020.104345

