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ABSTRACT

An avatar is one's figure of representation within the virtual world. The user-avatar bond is
suggested to carry information about who/how the person is in their real life. Discrepancies
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between an individual's self and avatar perceptions have been associated with disordered

gaming and reduced well-being, requiring assessment. Although several instruments purport to
measure UAB, there is no targeted user-avatar discrepancy scale. To address this gap, the user-
avatar views of 477 gamers aged between 11-21 years old (mean,q. = 16.39; SD=1.6) were
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assessed across 15 dimensions, each defined by a pair of bipolar adjectives (e.g. strong-weak)
rated on a seven-point scale. The optimum combination of scale items was concluded via a
three-step validation procedure including (i) exploratory factor analysis, (i) confirmatory factor
analysis, and (iii) item response theory analysis. Findings supported a unifactorial user-avatar
discrepancy measure composed of eight items, with social-desirability issues involving strength,
physical abilities, and emotionality underpinning participants’ responses.

1. Introduction

Avatars serve as the virtual embodiment of a player or the
‘alter-ego’ of the users within the online context. The
flexible customisation of avatars accommodates identity
expression in the online space and allows users to exper-
iment with the way they introduce themselves in these
contexts (Green, Delfabbro, and King 2021; Schrader
2019; Stavropoulos et al. 2019). The relationship between
one’s offline and online self, often referred to as the user-
avatar bond (UAB), not only carries information about
who the user is in offline spaces but has also been
found to alter one’s offline behaviour (typically referred
to as the ‘Proteus effect’; Green, Delfabbro, and King
2021; Rahill and Sebrechts 2021; Ratan et al. 2020; Schra-
der 2019; Stavropoulos, Ratan, and Lee 2022).

The term UAB denotes the psychological attachment
that a user forms with their avatar, encompassing dimen-
sions such as identification, where users see themselves in
their avatars; immersion, where users prioritise the avatar’s
virtual needs over their own; and idealization, where the
avatar represents an ideal self (Blinka 2008; Stavropoulos

et al. 2020). This bond involves a psychological trans-
mission from the gamer to the avatar, which may resemble
or differ from the gamer’s identity, allowing for the projec-
tion of unconscious psychological material (Blinka 2008).

While the extensive customisation of avatars enables
users to explore a wide range of identities within virtual
environments, it also gives rise to pronounced discre-
pancies between a user’s real-world self and their virtual
persona (Szolin et al. 2022). These discrepancies are
often shaped by the avatar’s ability to project idealised
traits that may not align with the user’s actual self-per-
ception (Sibilla and Mancini 2018). Rooted in psycho-
dynamic theory, the emotional bond between users
and their avatars - ranging from identification to com-
pensation - implicitly assumes that these relationships
can deeply influence self-concept and behaviour (Blinka
2008). However, rather than focusing solely on the
nature of this bond, there is a critical need to precisely
measure the extent of these discrepancies. This
approach acknowledges the established emotional
bonds and pushes further to quantify the differential
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aspects that traditional measures might overlook, thus
underscoring the need for a refined assessment tool tai-
lored to capture the nuanced differences between users
and their avatars.

1.1. Evaluating current user-Avatar research
approaches

Despite extensive research into the UAB, existing tools
often fall short of capturing the full spectrum of these
complex relationships. Current measures vary widely
in their approaches and tend to overlook the nuanced
discrepancies between users and their avatars. The
measures outlined in Table 1 present diverse measures
for evaluating UAB, capturing its multifaceted nature,
underlying theories, and the impact these relationships
have on gaming behaviours linked to avatar connection
and engagement.

Given the broad range of empirical and theoretical
perspectives on how players attach to or identify with
their avatars, it is natural to find a variety of assessment
tools, each supported by substantial empirical evidence.
For instance, research has characterised UAB through
the lens of deep emotional connections (Mancini,
Imperato, and Sibilla 2019), the integration of a player’s
identity with their avatar (Green, Delfabbro, and King
2020), and the experience of self-presence through the
avatar (Burleigh et al. 2018). A particularly revealing lit-
erature review by Sibilla and Mancini (2018) distin-
guished four unique user-avatar relationships, noting
that across all classifications, avatars often represent
an idealised or enhanced version of the player’s self.
This observation points to the use of avatars as a
means for individuals to address unmet needs or to
make up for perceived shortcomings in their offline
lives. Such findings underscore the psychological

complexities underpinning the player-avatar relation-
ship, suggesting that avatars serve not just as digital
stand-ins but as vehicles for psychological exploration
and compensation.

However, despite the rich conceptual framework sur-
rounding UAB, one area remains notably underex-
plored, measuring the discrepancy between the user
and their avatar. The examination of the gap between
the user and their avatar has been a recurring theme
in the literature (Sibilla and Mancini 2018). This notion
revolves around the disparities between individuals’
perceptions of themselves offline and the personas
they adopt through their avatars. Indeed, numerous
authors have delved into the user-avatar discrepancy,
drawing from Higgins’s (1987) self-discrepancy theory
(SDT). The SDT delineates three domains of the self
that coexist with the avatar: the actual self (i.e. the
user’s perception of themselves in the real world), the
ideal self (i.e. who they aspire to be), and the ought
self (i.e. how the user feels they should be). Through
this theory, SDT argues that users feel distress or dis-
comfort if there is a significant gap or discrepancy
between their actual and ideal self, and will be motivated
to reach a state where these two versions of the self are
aligned (Szolin et al. 2022).

When applied to the digital context, it has been pro-
posed that users with low self-esteem or other similar
psychosocial dysfunction (e.g. depression, poor social
skills, etc.) may attempt to create an avatar that aligns
with their ideal self to compensate for perceived deficits
presented outside of the game (Lemenager et al. 2020;
Sibilla and Mancini 2018; Szolin et al. 2022). In the con-
text of video games, the creation of an avatar as an ideal-
ised version of oneself is a widespread practice across
diverse gamer populations, not confined to those with
psychological vulnerabilities like depression or low

Table 1. Available measures accessing the connection between the user and their avatar.

Measure Author

Description

Player Identification Scale Van Looy et al.
(PIS) 2012

The PIS utilises 28 items to evaluate the connection players feel with their avatars, emphasising the shift
in players’ self-view through their interactions with their avatars. This instrument divides into three

components: similarity identification, wishful identification, and embodied presence. The scoring
ranges from 17 to 85, where higher scores demonstrate more stronger avatar identification.

User-Avatar Questionnaire Blinka 2008

The UAQ assess the UAB from a psychodynamic perspective, incorporating 12 items on a five-point Likert

(UAQ) scale. The scale items assess three dimensions: identification, immersion, and compensation. The
scores are calculated by adding the values for each item in each subscale, with higher scores reflecting
higher experience levels of each respective aspect.

Player-Avatar Identification Li, Liau, and Khoo
(PAI) Scale 2013

The PAI employs 15 questions to evaluate how players relate to their avatars. Responses to statements
like ‘It feels like I'm physically part of the game’s world when | play’ are captured on a five-point Likert

scale, ranging from 1 (strongly disagree) to 5 (strongly agree).

Self-Presence Questionnaire Ratan and Dawson
(SPQ) 2016

The SPQ evaluates self-presence (SP) across three areas: physical (PSP), emotional (CSP), and identity
(ESP), alongside an aggregate SP assessment. It includes 13 questions, such as ‘Do you feel your avatar

acts as an extension of your own body in the game?’ answered on a 5-point Likert scale from 0 (not at
all) to 4 (completely). Scores from these items are totalled to calculate the overall SP score, from 0 to
52, and scores for each SP area: PSP (from five questions, 0-20), CSP (from five questions, 0-20), and
ESP (from three questions, 0-12), where higher scores reflect more intense experiences of SP in each

category.




self-esteem (Sibilla and Mancini 2018). However, sig-
nificant risks emerge when deep identification and
attachment to an avatar occur, which studies have
shown to correlate positively with depression and nega-
tively with social skills and self-esteem (You, Kim, and
Lee 2017). For instance, the degree to which an individ-
ual portrays their avatar in a more favourable light com-
pared to their self-perception can signal problematic
media use and deteriorating mental health, as users
may be avoiding real-life challenges via their avatar
life (Mancini and Sibilla 2017; Morcos et al. 2021; Stav-
ropoulos et al. 2020; Szolin et al. 2022). Consequently, it
has been suggested that individuals who craft an ideal-
ised self-inspired avatar to compensate for a negative
real-life self may leverage video games as a means to
diminish the discrepancy between these two selves
(Lemenager et al. 2020).

The explanation of such self-avatar view discrepancy
risks is twofold: (a) one chooses for their avatar to have
socially desirable characteristics or those which reflect
their ideal self, thereby compensating or negating the
undesirable qualities attributed to their real-life selves
(Stavropoulos et al. 2020) and; (b) avatars provide a
sense of freedom as one can behave in ways that one
would not allow themselves in reality due to the absence
of real-life constraints (i.e. repression or socio-construc-
tionist approach; Green, Delfabbro, and King 2021;
Morcos et al. 2021; Sibilla and Mancini 2018). Interest-
ingly, aligning one’s avatar closely with their actual self
has been associated with high self-esteem (Sibilla and
Mancini 2018), robust online social interactions (Gab-
biadini et al. 2014), and a positive gaming experience
in terms of presence and flow (Jin 2012). Conversely,
having an avatar that is markedly idealised has been
linked to problematic gaming (Leménager et al. 2013;
Van Looy, Courtois, and De Vocht 2013). This suggests
that creating an avatar that significantly deviates from
one’s real self to mirror one’s aspirations represents an
attempt to achieve, within the virtual setting, what is
lacking offline. Although such an avatar can initially
provide immediate gratification, over time it may
exacerbate issues related to well-being through excessive
engagement or neglect of real-life responsibilities
(Green, Delfabbro, and King 2021; Liew et al. 2018;
Morcos et al. 2021). Indeed, research has shown that
physical activity, moral behaviours, and empathy can
correlate with the extent of user-avatar discrepancy
experienced (Stavropoulos, Ratan, and Lee 2022).

The current methods employed to assess such differ-
ences often rely heavily on SDT or exploring personality
traits (Green, Delfabbro, and King 2020; Sibilla and
Mancini 2018; Szolin et al. 2022). These approaches
commonly utilise questionnaires measured through
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continuous, self-reported ratings of statements relating
to the self, which include adjectives and self-descrip-
tions (Green, Delfabbro, and King 2020). Typically,
self-discrepancy scores are derived from comparing
evaluations of the actual-self (e.g. T am attractive’),
ideal-self (e.g. T want to be attractive’), and avatar-self
(e.g. ‘my avatar is attractive’). Notably, studies often
omit reporting cut-off scores or norms for self-discre-
pancies or self-concept evaluations (e.g. Kwon, Chung,
and Lee 2011; Li, Liau, and Khoo 2011; Mancini, Imper-
ato, and Sibilla 2019; Zhong and Yao 2013). While these
established methods have yielded significant findings
that contribute to our understanding of the impact of
the discrepancy between the user and the avatar, there
remains ample opportunity for further refinement and
improvement in measurement techniques.

First, there is not yet a standardised measure expli-
citly focusing on user-avatar discrepancies. Assessing
the rate and understanding the themes (i.e. main topics)
of an individual’s user-avatar discrepancy could be valu-
able for addressing problematic media use and guiding
mental health treatment when required (e.g. prioritising
and targeting identified areas of discrepancy to help the
person better adjust to their real lives). Beyond serving
as a proxy indicator for psychological well-being, such
knowledge could offer, otherwise hard to gain, insights
into the specific domains where an individual may be
encountering difficulties that push them to escape
online (e.g. social desirability concerns; Stavropoulos
et al. 2019; 2020; Stavropoulos, Ratan, and Lee 2022).
Indeed, studies suggest that compensatory behaviours,
associated with the user-avatar discrepancy and often
driving excessive gaming usage, can extend to areas
such as appearances, socialisation, group acceptance,
and personality traits (Clark et al. 2019; Stavropoulos
etal. 2019). Understanding what one aims to counterba-
lance/experience can later be used to inform more effec-
tive clinical case formulations and treatment planning
for screen addiction cases (i.e. by specifically targeting/
prioritising these areas).

Secondly, by creating such a measure, particularly
through utilising semantic differentials, it can address
the challenges associated with the absence of cut-off
scores. A semantic differential scale intends to assess
how strongly a person holds an attitude by rating
bipolar adjectives or phrases (e.g. easy to difficult).
Assessing user-avatar discrepancy via semantic analy-
sis may offer a more comprehensive understanding
of individuals’ perceptions of themselves and their
avatars within the digital environment. By examining
the key phrases identified within the literature to
assess how they describe their avatars compared to
themselves, researchers can discern subtle shifts in
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self-perception and identify areas of discrepancy.
Therefore, semantic differentials may provide insights
into the psychological processes underlying avatar cre-
ation and identification, capturing nuances that may
not be evident through traditional self-report measures
alone (e.g. Likert scales).

Furthermore, establishing clear benchmarks through
the development of a standardised measure enables
researchers to objectively determine whether an individ-
ual’s level of user-avatar discrepancy falls within a
normal or problematic range. Given that the literature
has described both positive and negative consequences
from one’s discrepancy between themselves and
one’s avatar, identifying clear cut-off scores through
advanced analyses, such as Item Response Theory,
would be beneficial. Additionally, this would facilitate
consistent interpretation of results across different set-
tings and practitioners, enhancing the reliability and val-
idity of assessments. With defined criteria for identifying
individuals at risk or in need of intervention, early detec-
tion of potential issues becomes possible, allowing for
timely support and treatment. Moreover, a standardised
measure based on semantic differences facilitates the
comparison of findings across studies and populations.
Researchers can draw meaningful conclusions and gener-
alise results more effectively, contributing to a deeper
understanding of the impacts of user-avatar discrepancy
on gaming behaviour and mental well-being.

Lastly, leveraging the user-avatar related behav-
ioural effects could inform the development of cost-
effective, gamified e-health applications, also known
as serious games (Stavropoulos, Ratan, and Lee
2022). In particular, the tendency to identify, embody,
and idealise one’s avatar has been suggested to
enhance the effectiveness of health and cyber-edu-
cation gamified applications and support physical
and mental health (Pefia, Li, and Ratan 2020; Pimentel
and Kalyanaraman 2020; Stavropoulos, Ratan, and Lee
2022). For instance, users have been demonstrated to
engage in more frequent exercise or develop more
favourable attitudes towards physical activity, when
they use avatars that portray a healthy weight in exer-
cise games, as opposed to avatars that depict over-
weight or unhealthy appearances (e.g. Pefia and Kim
2014; Pena, Khan, and Alexopoulos 2016; Rheu et al.
2022). Pimentel and Kalyanaraman (2020) also showed
how avatar related effects can reduce distress. They
instructed individuals to create an avatar representing
their internal experience of anxiety resulting in a
three-dimensional figure. They assumed that creating
a self-congruent avatar would lead to an increased
sense of control and subsequent positive outcomes
depending on how users would treat it. Indeed,

those who chose to destroy their avatar reported a sig-
nificant reduction in anxiety. Such effects are assumed
to derive from the fact that a proportion of users tend
to consciously or unconsciously generate avatars
representing, at least to an extent, healthy or
unhealthy versions/projections of themselves (Clark
et al. 2019; Kim and Sundar 2012). Thus, a measure
providing a better understanding of user-avatar differ-
ences related to distinct well-being issues (e.g. low self-
esteem due to unsatisfying appearance) could be used
to tailor serious games employing avatar customisation
to better address their recipients’ needs.

In summary, this study represents a significant
advancement in the field of user-avatar research by
introducing a standardised measure explicitly focusing
on user-avatar discrepancies. The User-Avatar Discre-
pancy Scale (UADS) includes detailed item formu-
lations that capture subtle differences in user-avatar
perceptions using a unique approach of semantic differ-
ences. This method offers valuable insights into the
psychological processes underlying avatar creation and
identification that may not be evident through tra-
ditional self-report measures alone.

Furthermore, the methodology employed in this study
lays a solid foundation for future research. Utilising
advanced statistical analyses, such as item response the-
ory, the study establishes cut-off scores, which allow for
a more precise and nuanced understanding of user-avatar
discrepancies. This approach enables the UADS to be
adapted for longitudinal studies or different demographic
groups, paving the way for more comprehensive and
inclusive research. Thus, the present study bridges a
gap between theoretical understanding and practical
application, ensuring that the complexities of user-avatar
relationships are thoroughly explored and understood.

1.2. The present study

Despite the advancements and the numerous instru-
ments developed to measure the UAB (e.g. Player-Ava-
tar Identification Scale [PAIS]; Li, Liau, and Khoo 2013;
Self-Presence Questionnaire [SPQ]; Ratan and Hasler
2009; Player Identification Scale [PIS]; Van Looy et al.
2012), there is not yet a standardised measure explicitly
focusing on user-avatar discrepancies.

To address this, the present study will concurrently
examine a large sample of Czech gamers regarding
their user-avatar views and will employ a sequence of
advanced exploratory, confirmatory, measurement
invariance in relation to gender, and item-response stat-
istical procedures to determine the optimum number
and content of items to inform a brief, valid, and easy
to use UADS.



2. Method
2.1. Participants

Archival Czech Republic data of 477 gamers were
employed’ (age ranging from 11 to 21 years old;
mean,,. = 16.39; SD =1.6; weekday(s)-average-daily-
gaming-time=3.84 h; SD=2.30; weekend-average-
daily-gaming-time =7.5 h; SD = 3.88; 41% battle arenas
gamers; 38.2% role-playing gamers; 8.2% first-person
shooter gamers; 438/91.8% males; see Table 2 for
detailed socio-demographics).

The maximum sampling error (N =477; 95% confi-
dence interval, Z=196) of 4.4% addresses rec-
ommended levels (+/ — 7.1%; Hill 1998). Considering
power, it also satisfies (a) factor analyses’ recommen-
dations of 10 participants per item (i.e. 15jms X 10 =
150 <477; Myers, Ahn, and Jin 2011) and (b) G-
Power analysis calculated Ny,;, = 199 for linear multiple
regression R* deviation from 0, modelling of 15 predic-
tors, an effect size of .15 and error probability (a) =.05
(Faul et al. 2007).

2.2. Material

2.2.1. User-Avatar discrepancy scale (UADS)
The scale was created based on the notion that an
emotional (psychodynamic) bond between a gamer

Table 2. Socio-Demographics of the sample.
Frequency (N =

Valid Percentage

Variables 477) (%)
Sex
Male 438 91.8
Female 39 8.2
Highest level of Education
Unfinished elementary school 88 18.8
Elementary school 350 734
Vocational Secondary 1 23
High school 18 24
Occupation
Student (Elementary) 136 29.3
Student (Secondary) 320 68.7
Student (University) 2 4
Employed 3 .6
Partially Employed 2 4
Unemployed 3 .6
Type of gaming
Online multiplayer 372 78
Browser multiplayer 24 5
Online singleplayer 68 14.3
Offline singleplayer 12 25
Game genre
Battle Royale (e.g. Fortnite) 195 40.9
Role-playing games (e.g. Elden 182 38.2
Ring)
First-person shooter (e.g. Apex 39 8.2
Legends)
Simulation (e.g. Railway Empire) 35 73
Strategy (e.g. Battlestar Galactica) 6 13
Other 19 4
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and their avatar can be made. Such a bond can vary
from identification to compensation (see Blinka 2008;
Li, Liau, and Khoo 2013). Instead of directly asking
about the bond, this scale measures the discrepancy
between the adjectives the participants see themselves
versus their avatars. A pool of 15, polar-paired, seven-
point Likert (e.g. strong=1 - weak =7), descriptive
items, informed by differential semantics (Osgood,
Suci, and Tannenbaum 1957), where higher values indi-
cate less commonly desirable characteristics, composed
of two identical subscales assessed one’s view of their
self (‘Using the pairs of adjectives, how do you see your-
self?’) and avatar respectively (‘Using the pairs of adjec-
tives, how do you see your gaming avatar?’ — this was
preceded by a question ‘In your most frequenty played
game, do you have an avatar? and only a response
‘yes’ led to the set of adjectives). The order of these
pairs was random and without any judging intentions.
Self-view item responses are subtracted from their cor-
responding avatar items, with higher positive values
indicating a higher magnitude of self-positive view
and higher negative values suggesting better views of
their avatar than themselves.

The development of the UADS involved a systematic
process to ensure its reliability and validity. The creation
of the measure can be summarised in the following
steps:

2.3. Step 1: item generation

Firstly, several polar terms were formulated for the
UADS, after the exploration of various semantic differ-
entials, drawing inspiration from Osgood et al.’s (1957)
theory of nature and measurement of meaning. This
approach has been successfully applied in diverse, rel-
evant, recent studies involving gaming, avatars and ado-
lescent behaviour (Stone 2021; Takashima et al. 2008;
Virti¢ & Sorgo 2022). The effective use of semantic
differentials in these contexts allowed for capturing
and leveraging meaningful discrepancies, underscoring
the suitability of this methodology for the UADS
(Stone 2021; Takashima et al. 2008; Virti¢ & Sorgo
2022).

2.4. Step 2: item formatting

Secondly, to enhance comprehensiveness and alignment
with the aim of measuring user-avatar discrepancy, ava-
tar appropriate adjustments were made to Osgood’s
original set of adjectives with the help of a focus
group of gamers (i.e. 7 gamers X 2 h ranking together
the items to be prioritised). These were tailored for
application to both the gamer and the avatar, ensuring
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that the items accurately captured a range of potential
areas of interest.

2.5, Step 3: expert comments

Prior to data collection, the scale underwent cognitive
testing involving volunteers representing diverse demo-
graphics. Furthermore, experts in the cyberpsychology
research domain meticulously reviewed the question-
naire to ensure its appropriateness and adherence to
established standards.

2.6. Step 4: data collection and refinement

Following the formulation of the UADS through the
outlined steps, data collection commenced. Participants’
responses to the questionnaire were gathered to assess
its performance and identify potential areas for refine-
ment. This iterative process ensured that the UADS
was not only theoretically grounded but also empirically
sound. Table 3 displays the original questionnaire, pro-
viding a comprehensive overview of the items before
conducting the analysis.

2.6.1. Addiction-Engagement questionnaire (AEQ;
Charlton and Danforth 2007, 2010)

The Addiction-Engagement Questionnaire (AEQ;
Charlton and Danforth 2007, 2010) is a 24-item
measure on a four-point Likert scale (e.g. 1 = ‘strongly
agree’ and 4 = ‘strongly disagree’). This measure was
selected due to its extensive use in the literature and
has been well-validated among gamer populations
(Blinka, T4pal, and Skafupovd 2021; Xu, Turel, and
Yuan 2012). Originally designed to assess gaming addic-
tion and high engagement in video games, the scale con-
sists of 12 items each for addiction and engagement.
Higher scores indicate higher levels of gaming addiction
or engagement. The Addiction subscale captures core
behavioural addiction criteria such as tolerance, sal-
ience, relapse, and withdrawal. On the other hand, the
Engagement subscale measures peripheral addiction cri-
teria like cognitive salience, euphoria, and tolerance.
While the original items referred to the game ‘Asheron’s
Call’, in our study, participants were asked about the
title they played most often in the three months prior
to data collection. In the current study, both the addic-
tion (a =.82; w =.83) and engagement (a=.73; w =.74)
subscales indicated acceptable reliability.

The relationship between high immersion, excessive
gaming engagement, and UAB is well documented in
existing literature (e.g. Mancini, Imperato, and Sibilla
2019; Morcos et al. 2021; Stavropoulos et al. 2019;
2020; Szolin et al. 2022). In the context of videogames,

Table 3. The User-Avatar Discrepancy Scale (UADS) with all
items, prior to the analyses conducted.

Using the pairs of adjectives, how do see yourself? Please try to assign a
suitable response for each item.

Item number
1 Strong OO0 0000 Weak
2 Fast O0OCOO0O00 Slow
3 Brave OOO0OO00O0O0 Cowardly
4 Loud OO0 0C0O000 Silent
5 Social OO000000 Solitary
6 Active OO0 0C000 Passive
7 Observant () (O (O (OO Oblivious
8 Important (3 () (O (O (O (D Unimportant
9 Good looking (3OO OO0 Ugly
10 Cheerful O OOOOOO0 Gloomy
11 Masculine (3OO OO O () Feminine
12 Honest ()OO Dishonest
13 Just OO0 0000 Unjust
14 Diffident OQOOQOOOO0O Bold
15 Helpless (3 (OO O OO () Dominant

Using the pairs of adjectives, how do see your gaming avatar? Please
try to assign a suitable response for each item

Item number
1 Strong OO0 0000 Weak
2 Fast O0OCOO0O00 Slow
3 Brave OOO0OO00O0O0 Cowardly
4 Loud O0OCO0O00 Silent
5 Social OO000000 Solitary
6 Active OO0 0C000 Passive
7 Observant () (O (O (OO Oblivious
8 Important (3 () (O (O (O (D Unimportant
9 Good looking (3OO OO0 Ugly
10 Cheerful O OOOOOO0 Gloomy
11 Masculine (3OO OO O () Feminine
12 Honest ()OO Dishonest
13 Just OO0 0000 Unjust
14 Diffident OQOOQOOOO0O Bold
15 Helpless (3 (OO O OO () Dominant

crafting an avatar to be an idealised self-representation
is not uncommon (Sibilla and Mancini 2018; Szolin
et al. 2022). However, problems can arise when there
are significant discrepancies between one’s online avatar
and offline self (Sibilla and Mancini 2018). Such discre-
pancies have been associated with depressive symptoms,
diminished well-being, and compromised mental health
and self-clarity (Stavropoulos et al. 2019; 2020; Szolin
et al. 2022; You, Kim, and Lee 2017). Thus, although
users may create idealised avatars as a means to counter-
balance perceived undesirable or negative aspects of
their real selves (i.e. a medium to bridge the gap between
their ideal and actual selves), this may eventually
result to the opposite, over-engaging them online (i.e.
disordered/problematic gaming; Stavropoulos et al.



2019; 2020; Szolin et al. 2022). Hence, it is assumed that
both addiction and engagement dimensions of the AEQ
could be operate as external validators of the UADS.

2.7. Procedure

In 2014, online data collection was carried out via the
LimeSurvey platform, targeting experienced and dedi-
cated gamers. A Lime survey link in the Czech language
was distributed across online platforms
intended for the gaming community (e.g. gaming
groups on various social networking sites like Facebook,
online forums, guild/gaming group websites) and game-
related magazines. The link firstly directed participants
to the plain language research information statement
addressing the study’s aims, approximate length of the
survey, data collection methods, data usage access, and
limitations, research team description, their contact
information and institutional background, as well as
one’s rights to participate anonymously and voluntarily,
and to interrupt their participation at any point and
without any penalties. Informed consent was then digi-
tally provided for one to address the survey. The partici-
pation was solicited by online advertisement and
parents of underage children could not be addressed
directly; therefore, minors were requested to confirm
that they would participate in the survey with parental
approval. The study did not require the approval of
the ethics committee. However, it was conducted in
line with the university’s ethical guidelines (CTT 2015).

various

2.8. Statistical analyses

To fulfil the study’s aim, participants were randomly
split into the calibration (N=239) and the validation
(N'=238) sub-samples. This was conducted using the
random split function in SPSS version 20. It is impor-
tant to note that this function does not necessarily
split the whole sample into two equal halves. Addition-
ally, this procedure has been validated in previous litera-
ture for similar analyses (Gomez et al. 2022). Firstly, a
sequence of exploratory factor analyses (EFA) deter-
mined the optimum latent factor structure and items
to be retained via the calibration sub-sample. Secondly,
confirmatory factor analysis (CFA) confirmed/tested
the EFA results via the validation sample. Last, the
item response theory (IRT) analysis of the whole sample
examined the psychometric properties of the optimum
EFA/CFA model at both the scale and item level.

In particular, EFA(s) with minimum residual extrac-
tion and oblique rotation were conducted on the cali-
bration sample (N =239) via the Jamovi 2.0 software
(Navarro and Foxcroft 2019). For model-evaluation,
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scree plot, model-fit indices, and Kaiser’s criteria (eigen-
value > 1 rule) were employed (Williams, Onsman, and
Brown 2010). To compare alternatively converging EFA
models, Gomez et al. (2022a) stepwise selection process
involving: (i) model fit (X2 closer to insignificant = bet-
ter fit, root mean square error of approximation
[RMSEA] <.06 = good model fit, between .06 - .08 =
adequate model fit, and > .10 = poor fit; Bayesian infor-
mation criterion [BIC] lower = better fit; Tucker-Lewis
Index [TLI] >.95=good fit; Hooper, Coughlan, and
Mullen 2008; Hu and Bentler 1999; Schwarz 1978; Xia
and Yang 2019); (ii) clarity (minimum three items per
factor; factor loadings and cross-loadings > .32 = salient;
item uniqueness >.06=1less factor relevant/item
omitted; Tabachnick and Fidell 2007); and (iii)
reliability (Cronbach’s alpha [a] and omega [w] were
examined if the item was deleted, such that items
which impacted reliability were omitted and 0.6 < con-
sidered adequate a and w; Nunnally and Bernstein
1994).

Successive CFA(s) were then conducted using the R
Studio Lavaan and semTools packages on the validation
sample (N =238; Jorgensen et al. 2021; Rosseel 2012).
All models assessed were replicated via the use of (i)
diagonally weighted least squares (DWLS), (ii) maxi-
mum likelihood (ML), and (iii) weighted least squares
(WLS) estimators. Model fit was assessed as per EFA(s).
The optimum CFA model was determined taking con-
currently into consideration model fit and latent factor
reliabilities.

Furthermore, to examine measurement invariance
across genders, a multi-group confirmatory factor
analysis was conducted using the R Studio Lavaan soft-
ware. This involved assessing configural (equality across
groups), metric (equality across factor loadings), and
scalar invariance (equality across item thresholds)
across gender groups. While the methodology for test-
ing measurement invariance is well-established (refer
to Cheung and Lau 2012; Gomez et al. 2023; Tsaousis
and Alghamdi 2022 for a detailed overview), specifics
regarding the syntax and outputs can be found in the
supplementary file (see Appendix C).

To evaluate the fit of nested models, the present study
used approximate fit indices (CFI and RMSEA). The
thresholds for rejecting invariance were set at ACFI
greater than 0.01, and ARMSEA greater than —0.015
(Chen 2007). In instances where full measurement
invariance isn’t established, we will resort to a partial
invariance model. This approach ensures meaningful
and valid comparisons across groups (Robitzsch and
Ludtke 2023). To solidify the findings, the study
employed bias-corrected bootstrapping confidence
intervals. This method is supported by previous
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research for its effectiveness in correcting biases in boot-
strapping sample distributions and providing more
accurate confidence intervals compared to other
methods like percentile approaches (Cheung and Lau
2012). It involves generating multiple bootstrap re-
samples, calculating parameters (factor loadings and
intercepts) for each gender group, and adjusting the
bootstrap distribution of these parameters. This process
allows for a more robust estimation of measurement
invariance across genders in the study.

Additionally, IRT modelling was conducted on the
total sample using the mirt, naniar, and Rcpp R Studio
packages (Chalmers 2012; Eddelbuettel and Frangois
2011; Tierney et al. 2021). The graded response
model fit (M, limited information goodness-of-fit,
insignificant = good fit and smaller values better fit;
RMSEA, SRMR, and CFI as per EFA/CFA), items’ fit
(S-x2 insignificant = good fit), discrimination (a; the
capacity of discriminating/differentiating various levels
of the latent trait), and difficulty (b; the amount of the
latent trait, one is assumed to have, to provide a certain
item response) parameters IRT
findings/parameters were also visualised via the item
characteristic curves (ICC; a; ) and the item infor-
mation function (IIF; item reliability per different levels
of the latent trait), the Test Information Function (TIF;
Test reliability per different levels of the latent trait)
and the Test Characteristic Curve (TCC; scale level).
As IRT enables the matching of raw-scale and trait
scores, cut-off points at 2 SDs above the latent mean
can be conditionally proposed (Embretson and Reise
2013).

To assess discriminant validity’, the study will exam-
ine the relationships between the optimum discrepancy
model and the AEQ factors (addiction and engagement)
using correlation analysis in the Jamovi software. Posi-
tive correlations between the optimum discrepancy
model and the AEQ factors will be taken as indicative
of significant relationships. The interpretation of the
effect sizes for these correlations will be based on
Cohen’s (1992) guidelines: 0.1 indicates a small effect
size, 0.3 represents a medium effect size, and 0.5 indi-
cates a large effect size.

were examined.

3. Results
3.1. EFA

3.1.1. Model fit

Alternative EFA(s) models (see Table 4) of the 15 items
supported a unifactorial solution, with the scree plot
and factor-eigenvalues reinforcing it. As shown, models
1 and 2 indicated adequate fit in terms of their RMSEA
values (Hu and Bentler 1999). In contrast, models 3 and
4 displayed a preferred good fit indicated by their
RMSEA, BIC, and TLI values, and insignificant chi-
square, thereby meeting our global fit criteria (Hu and
Bentler 1999).

3.1.2. Clarity

Considering model 1, items 4 (loud/silent), 11 (mascu-
line/feminine) and 14 (bold/different) did not load sali-
ently (> .32), whilst concurrently presented with high
uniqueness (< .06). Reliability also increased when
these items were removed, and thus they were not
included in model 2. Considering model 2, items 3
(brave/cowardly), 5 (social/solitary), 12 (honest/dishon-
est), and 13 (just/unjust) demonstrated low salience,
high uniqueness and increased reliability when
removed, therefore were not included in model 3. Con-
sidering model 3, item 7 (observant/oblivious) demon-
strated high uniqueness (.836), despite loading
appropriately to its allocated factor (.405) and not
impacting reliability. Finally, considering model 4 (i.e.
model 3 minus item 7) item 10 (cheerful/gloomy)
demonstrated concurrently low factor loading and
high uniqueness.

3.1.3. Reliability

Omega (w) values were .741, .76, .752, and .742 for
models 1, 2, 3, and 4, respectively. Thus, they consist-
ently exceeded the minimum .50 threshold (Reise, Boni-
fay, and Haviland 2013), deeming all models
interpretable.

3.1.4. Optimum model selection
EFA Model 3 was favoured based on its (i) fit (RMSEA
=.083; BIC =—57.5; TLI =.853); (ii) all items loading

Table 4. Fit Indices, Factor Loadings, and Reliabilities of the EFA in the Calibration Sample.

Model KMO Bartlett’s Test Chi-square () RMSEA BIC TLI Reliability

Model 1 0.73 p < 0.01 264 0.08 -222 0.59 a=0.72 o =074
Model 2 (Items 4, 11, 14 removed) 0.77 p < 0.01 173 0.09 -120 0.67 o =0.75 o =0.76
Model 3 (Items 3, 4, 5, 11, 12, 13, 14 removed) 0.79 p < 0.01 514 0.08 -57.5 0.85 a=0.75 o =074
Model 4 (Items 3, 4, 5, 7, 11, 12, 13, 14 removed) 0.78 p < 0.01 419 0.09 -34.4 0.84 o=0.74 o=074

Note. The Kaiser-Meyer-Olkin (KMO) is an assumption that measures sampling adequacy. Bartlett’s test for sphericity checks the overall significance of all cor-
relations within the matrix. Fit indices considered include chi-square, the root mean square error of approximation (RMSEA), the Bayesian information criteria
(BIC), and the Tucker-Lewis Index (TLI). Considering overall fit, it has been supported that if the RMSEA is less than 0.16, another incremental measure of fit,
such as TLI, may not be that informative, as it is in fact expected to be less than 0.90 (this applies for model 3 selected here; Harry et al., 2019).



Table 5. The factor loadings and reliabilities of the one-factor EFA in the calibration sample.
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Note. ®Reversed scaled item. "Loading on the primary factor.
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saliently on the designated factor; and (iii) factor
reliability for this model was moderate (w =.752).

3.2. CFA

CFA was then conducted on the validation sample for
model 3 (see Table 5) via the diagonally weighted least
squares (DWLS) estimator, due to being appropriate
for smaller samples and ordinal data and produced a
more parsimonious solution (DWLS X2 (df=20) =
30.368, p=.064; RMSEA =.064 (90% CI=0 - .081);
CFI1=.958; TLI=.941; and SRMR=.071; Mindrild
2010). The model was comparatively estimated via the
maximum likelihood (ML) and the weighted least
squares (WLS) estimators. CFA model 3 w reliability
was also acceptable (.73).

3.3. Measurement invariance

As seen in Table 6, configural and metric invariance
were achieved, indicating a similar factorial structure
and factor loadings across men and women. However,
given that scalar invariance was not achieved, a partial
invariance model demonstrated invariance (with item
10 intercept freely estimated across gender groups).
This indicates that women (0.126) score on average sig-
nificantly lower than men (0.955) in item 10. Moreover,
bootstrapping (i.e. 100 iterations) was used to address
potential limitations surrounding the limited number
of female participants included in this study (ie. N=
39). In addition, all bootstrapped confidence intervals
(95% CI) included the original standard estimated par-
ameters (see Appendix C), indicating that a relatively
small sample size sufficed to correctly estimate the
desired parameters.

3.4. IRT

3.4.1. IRT fit

The S-x° per item-fit statistics were satisfactory fit
p<.01), except item 7 (see Table 7). The overall
model M, was also satisfactory (M, [20] =94.53, p=
1.19) and the RMSEA and SRMR values moved
within the acceptable ranges (RMSEA =.09, 90% CI
=.07 - .108; SRMR =.07).

3.4.2. Item parameters

Considering discrimination (a), all items ranged in
the moderate to high range (0=non discriminative;
.01 - .34 =very low; .35 - .64 =low; .65-1.34 = moder-
ate; 1.35-1.69 = high; > 1.70 = very high; Baker 2001).
The descending order of the item’s a is item 15 (help-
less/dominant), item 8 (unimportant/important), item
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Table 6. Fit indices, factor loadings, and reliabilities of the one-factor CFA in the validation sample.

Fit indices * Reliability
Model Estimator df p-value x?) RMSEA CFI TLI SRMR o [0)
Model 1 DWLS ® 20 0.06 0.06 0.96 0.94 0.07 0.69 0.68
Model 2 ML € 20 0 0.1 0.81 0.73 0.07 0.69 0.68
Model 3 wLs ¢ 20 0.01 0.07 0.69 0.57 0.11 0.69 0.73

Note. °The fit indices provide a conventional cut-off criterion that evaluates the model’s fit. This includes the model chi-square (x?), the Root Mean square Error
of Approximation (RMSEA), the Comparative Fit Index (CFI), Tucker Lewis Index (TLI), and the Standardized Root Mean Square Residual (SRMR). ®Diagonally
weighted least squares (DWLS) is a robust WLS method that is based on the polychronic correlation matrix of the variables in the analysis. An estimated
polychoric correlation captures the linear relationship between two normal, latent response variables. It uses only the diagonal of weights in inversion,
and all weights in the estimation of fit and standard error (Mindrila, 2010). This method is preferable for smaller samples and ordinal data. “Maximum like-
lihood (ML) is the most used estimator in CFA due to its useful statistical properties (i.e., asymptotic unbiasedness, normality, consistency, and maximal
efficiency; Li, 2016). The use of ML requires the assumption that the observed variables follow a continuous and multivariate normal distribution given
the covariates in the population (Joreskog, 1969; Satorra, 1990). dWeighted least squares (WLS) is an asymptotically distribution-free estimator and is
suggested to be used when the data is continuous but non-normal and a consistent estimate of the asymptotic covariance matrix of sample-based variances

and covariances is used (Browne, 1984).

2 (fast/slow), item 1 (strong/weak), item 9 (good look-
ing/ugly), item 6 (active/passive), item 7 (observant/
oblivious), and item 10 (gloomy/cheerful). Similarly,
factor loadings ranged in the moderate range
between .43 (items 7 and 10) and .61 (items 15; see
Table 8).

Considering difficulty (B), fluctuations occurred
across  the  eight items’  thresholds  (see
Figures 1 and 2). Indicatively, the ascending item
sequence for [31 (Likert values of — 5 to — 4, where
more negative values suggest better avatar views com-
pared to one’s self) was items 10, 7, 1, 2, 8, 15, 9, and
6. While the ascending sequence in the B° threshold
(represents the range of Likert values from 3 to 4,
where more positive values suggest better views of
one’s self compared to their avatar) was items 9, 8,
6, 10, 1, 2, 7, and 15. Difficulty discrepancies appear
more elevated for item 7 (observant/oblivious) and
item 10 (cheerful/gloomy). Nonetheless, P values
gradually increased for all items as the ‘difficulty’ of
endorsing an item increased, indicating that all
items performed accordingly.

3.4.3. Psychometric properties at the scale level
Considering the performance of the scale as a whole, the
TCC demonstrates the latent trait (i.e. difficulty; b; the

Table 7. User Avatar Discrepancy questionnaire item fit data.

Item Number Item Content S df p RMSEA
1 Strong/Weak 90.3 9 77 0

2 Fast/Slow 94.43 95 49 0

6 Active/Passive 12389 118 34 .01
7 Observant/Oblivious 145.9 108 .009 03
8 Important/ Unimportant  115.82 101 .15 .02
9 Good looking/Ugly 12526 120 35 .01
10 Cheerful/Gloomy 12264 124 52 0

15 Helpless/Dominant 90.12 84 31 .01

Note. The S-y* describes the item-fit statistic for each item and behaves
similarly to X2 in CFA, with insignificant rates showing no deviation of
the item modelling from the data. RMSEA values here refer to per-item
fit.

rate one views themselves more favourably compared
to their avatar) increasing steeply, as the total score
increases (see Figure 3). Additionally, a score of - 19
(2 SDs below the mean) may apply as a conditional
cut-off point of high discrepancy in favour of one’s
avatar.

Considering the information provided by the scale,
improved information (TIF) scores apply for those
between the mean and approximately 2.5 SDs above
the mean (see Figure 4). These findings suggest that
the user-avatar discrepancy measure provides a
sufficient and reliable psychometric measure for
assessing individuals with low and high levels of dis-
crepancy. Interestingly, the scale may provide less
reliable information for those who see their avatar
as averagely better than themselves, although those
who view their avatar as significantly better or
worse than themselves are assessed more reliably.
Despite these, the overall scale reliability (w) was
.76 and acceptable.

3.5. Discriminant validity

Table 9 presents the correlations between the UADS
items and the Addiction and Engagement factors of
the AEQ scale. As demonstrated, the scale and all
items positively correlated with each other. The magni-
tude of all corrections was of a small effect size. Specifi-
cally, items 1 (strong/weak), 6 (active/passive), and 7
(observant/oblivious) are positively correlated with
both Addiction and Engagement. Item 2 (fast/slow) is
positively and significantly correlated with Engagement.
Furthermore, items 8 (important/unimportant), 9 (good
looking/ugly), 10 (cheerful/gloomy), and 15 (helpless/
dominant) are significantly and positively associated
with Addiction. Lastly, the overall scale was significantly
and positively correlated with both Engagement and
Addiction, as assessed via the AEQ (Charlton and Dan-
forth 2007).
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Table 8. User Avatar Discrepancy questionnaire item discrimination (o) and difficulty (3) parameters.

Item Number Item Content o i B2 i g* B i g7 p®  p>  pO BT B2 A
1 Strong/Weak 12 —575 484 -367 -—272 205 -64 45 167 262 453 579 58
2 Fast/Slow 123 566 —453 —348 348 -179  -35 65 168 287 427 5.1 59
6 Active/Passive 106 —481 —481 -328 -263 -1.86 -—044 47 146 242 329 436 53
7 Observant/Oblivious 8 —671 532 —458 -333 -—24 139 51 194 321 468 667 806 .43
8 Important/ Unimportant  1.28 —542 —455 —325 -266 —187 -5 39 146 233 296 421 56
9 Good looking/Ugly 116 —493 -385 -301 -219 -141 -32 49 126 236 318 386 6

10 Cheerful/Gloomy 79 723 —672 564 —349 219  -94 61 164 261 38 453 675 .43
15 Helpless/Dominant 131 —542 —431 -353 -235 -1.03 14 118 247 326 386 61

Note. a = discrimination parameter; p* = difficulty parameter. B’ represents the range of values of — 5 to — 4, with negative values suggesting better views of
their avatar than themselves. p? represents the range of values of — 4 to — 3. ° represents the range of values of - 3 to - 2. B* represents the range of values
of — 2 to — 1. B° represents the range of values of — 1-0. p® represents the range of values from 0 to 1, with positive values suggesting better views of
themselves than their avatar. p” represents the range of values from 1 to 2. 2 represents the range of values from 2 to 3. p° represents the range of values
from 3 to 4. B' represents the range of values from 4 to 5. B'' represents the range of values from 4 to 6. B'? represents the range of values from 6 to
7. Interestingly, the positive views of self seem to escalate for observant/oblivious (item 7) and cheerful/gloomy (item 10). The A defines the amount of

variance of an item explained by the latent factor.
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Figure 1. The user-avatar discrepancy category characteristic curve. The figure is expressed in a nonlinear regression line relating to
discrimination (a) and difficulty (B) parameters. Discrimination (o) describes how well an item can differentiate between participants
according to their latent trait levels. Thus, items more strongly related to the latent variable present steeper slopes. B reflects the level
of the latent trait, theta (8), at which a participant has an equal probability (50:50) of endorsing an item. For example, ‘easier’ items
have lower B values and are presented closer to the horizontal axis.

4. Discussion

The present study combined a sequence of EFA(s),
CFA(s), measurement invariance, and IRT analyses to
examine self/avatar views to inform the development
of a user-avatar discrepancy scale. A series of 15
polar-paired adjectives describing one’s view of one’s
self and avatar were concurrently assessed and evaluated
so that the central discrepancy areas could be identified.
Findings revealed a unifactorial latent structure of the
theorised user-avatar discrepancy experienced, with
social-desirability issues involving strength, physical
abilities (e.g. physical capability and appearance), and
emotionality underpinning participants’ responses.

Measurement invariance analysis, indicated additionally
that the scale’s factorial structure and item loadings do
not significantly differ across the two biological genders.
Nevertheless, responses on item 10 (Cheerful/Gloomy)
appear not to be comparable (i.e. lack of scalar invar-
iance), and thus may be unreliable for gender
comparisons.

Specifically, items reflecting strength/weakness, fast/
slow, active/passive, observant/oblivious, important/
unimportant, attractive/ugly, cheerful/gloomy, and
helpless/dominant aspects were shown to best capture
the discrepancy between one’s view of themselves
offline and their avatar online. These findings reinforce
evidence suggesting those portraying their avatar
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Figure 2. The user-avatar discrepancy item information curve. Information refers to the ability of an item to accurately estimate scores
on the theta (0). Item-level information demonstrates how well each item contributes to scoring estimation precision, with higher

levels of information indicating more accurate score estimates.

favourably to themselves, are likely to compensate for
real-life self-perceived deficits to experience gratifica-
tion (Blinka 2008; Kardefelt-Winther 2014a; Stavropou-
los, Ratan, and Lee 2022). Such interpretations align
with identified digital media use motivations related to
compensating for unmet real-life needs and avoiding
real-life problems (Blasi et al. 2019; Elhai, Levine, and
Hall 2019; Kardefelt-Winther 2014a; 2014b).
Nevertheless, our study’s findings highlight signifi-
cant discrepancies influenced by social desirability,
inviting comparison with similar themes in existing lit-
erature (e.g. Loewen, Burris, and Nacke 2021). This
body of research emphasises that the choices individuals
make in avatar design — opting for realistic, idealised, or
markedly different avatars — often reflect their aspira-
tions to align with socially desirable traits. Such design

T(8)

40 4 +

Figure 3. The Test Characteristic Curve (TCC) provides a visual
representation of expected discrepancy scores (blue line) as a
function of the latent trait. The figure demonstrates that the
latent trait (i.e. the discrepancy) increases steeply, as the total
score reported increases and becomes positive.
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Figure 4. The Test Information Function (TIF) curve demon-
strates the relationship between the stand errors (SE; dotted
line) and reliability indices. The blue line represents the level
of scale information for varying levels of the latent trait and
the red line is the level of error for similarly varying levels of
the latent trait.

Table 9. Correlation matrix of the UADS items with the AEQ
Addiction and Engagement factors.

Addiction-Engagement

UADS Items Questionnaire (AEQ)
Addiction Engagement
1 Strong/Weak 1471 122
2 Fast/Slow .055 165%*
6 Active/Passive 161** 217%**
7 Observant/Oblivious .105* .136*
8 Important/ Unimportant .159%* .05
9 Good looking/Ugly 153%* .047
10 Cheerful/Gloomy .165%* .017
15 Helpless/Dominant 3% 112
UADS scale 207%** .206***
**¥p <.001.
**p<.01.
*p<.05.



choices extend beyond mere aesthetic preferences, indi-
cating a deeper psychological drive for social acceptance
and identity exploration. This intricate relationship
between avatar design and the user’s quest for social
validation offers a compelling framework for developing
virtual and gaming environments that not only cater to
but also nurture users’ aspirational selves, thereby
enhancing engagement and interaction within these
spaces.

The findings concurrently expand the available litera-
ture by illustrating how user-avatar discrepancy areas
differ in their capacity to reliably detect those who
tend to experience the highest differences (see discrimi-
nation and item information function differences). In
that line, issues related to power and importance appear
to precede significance, compared to aspects related to
cheerfulness and/or gloominess. Thus, it may be
hypothesised, that low perceived power and importance
in relation to others are the real-life deficits mostly
informing the avatar’s perceived superiority, more so
than mood differences between the two (e.g. a cheerful
avatar compared to a gloomy person in real life). Inter-
estingly, one’s appearance seems to be less informative
of the user-avatar discrepancy compared to social fea-
tures of power and importance, despite popular beliefs
(Stavropoulos et al. 2020; Stavropoulos, Ratan, and
Lee 2022).

These insights have significant implications for the
development of novel mental health treatments that
leverage the UAB (see Tisseron 2009). Avatars facilitate
a mechanism through which individuals can explore
and reconcile socially desirable traits with their actual
selves, thus providing a unique approach to therapy.
This method proves particularly valuable in contexts
where individuals contend with social anxiety or self-
esteem issues (Loewen et al., 2021). Avatars create a
safe space for experimenting with self-presentation
and receiving feedback in a controlled, supportive
environment. This arrangement enables therapeutic
interactions that directly engage with an individual’s
social self-concept, allowing for the address and amend-
ment of self-beliefs concerning social positioning, rather
than focusing primarily on altering perceptions related
to physical appearance (Morcos et al. 2021).

Moreover, therapeutic interventions may need to
place greater emphasis on how the individual’s social
positioning is experienced. This could involve cognitive
restructuring - amending one’s self-beliefs to enhance
their perception of their social roles — and self-centered
cognitive processing, which involves re-thinking about
the way individuals view themselves (Morcos et al.
2021). These interventions suggest a shift in therapeutic
focus from mere appearance to more profound aspects
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of identity as influenced by social interactions and
perceptions.

The integration of avatars into mental health prac-
tices could enable therapists to harness these digital rep-
resentations to foster significant psychological change,
focusing on issues related to power and importance
rather than exclusively on physical attributes. Such stra-
tegic use of avatars could transform therapeutic prac-
tices, especially in digital settings where individuals
are increasingly seeking interventions.

Overall, the eight dimensions/items found to be
mostly informing the user-avatar discrepancy reported
in the current sample, relate more to the way an individ-
ual feels they are viewed by others (e.g. important,
powerful, and attractive) rather than how they view/
experience themselves (e.g. cheerful, brave, etc.), thus
implying that acceptance by others (i.e. social desirabil-
ity) could be the main drive of structuring an avatar in a
way that differs to the person in real life. These results
suggest general applicability across both biological gen-
ders, with a notable exception for item 10 (Cheerful/
Gloomy), which presents challenges in gender-based
comparisons. This distinction may be related to past lit-
erature suggesting that emotional expression can differ
between genders (Sanchis-Sanchis et al. 2020), poten-
tially influencing their connection with their avatar
(Miller and Bonnaire 2021). This notion is supported
by previous research indicating gender-specific vari-
ations in emotionality among gamers, particularly in
aspects of emotion regulation (Miiller and Bonnaire
2021). This insight could be useful for understanding
and interpreting gender-based responses in future ava-
tar-related studies.

4.1. Conclusion, limitations, implication, and
future research

Conclusively, the present findings could be summarised
in two main points; (a) user-avatar discrepancies
reported appear to relate to one latent factor, likely
underpinned by social desirability concerns (i.e. it is
improving how one is viewed by others that drives
self/avatar differences) and; (b) issues on power and
importance appear to be more significant regarding
the way self/avatar discrepancy is manifested compared
to the person’s external appearance. Future research
should consider the adoption of longitudinal study
designs to trace the evolution of user-avatar relation-
ships over time. Such studies would allow researchers
to assess how changes in UAB impact users’ psychologi-
cal well-being, including self-esteem and social anxiety.
Understanding the temporal dynamics of these relation-
ships could elucidate whether discrepancies between the
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real self and the avatar decrease or increase over time
and the subsequent effects on individual behaviour
and mental health.

Furthermore, as all items were positively correlated
with both engagement and addiction, which is consist-
ent with both the theory related to the UAB and past lit-
erature, these findings can be interpreted as providing
reasonable support for the external validity of the
UADS. From a practical aspect, a scale assessing user-
avatar discrepancy issues has been validated and can
likely be used in research, as well as for assessment
and intervention purposes in novel mental health treat-
ments and/or gamified e-health applications (i.e. serious
games) entailing avatars (Stavropoulos, Ratan, and Lee
2022).

These findings need to be considered in light of the
present study’s limitations. Firstly, the conclusions are
based on a single study and further research is required
in order to confirm these findings. While the steps out-
lined in the creation of the UADS were undertaken with
care, it is crucial to acknowledge the inherent limit-
ations of the present research. Various factors, such as
the choice of sample, language nuances, and the extent
of statistical analyses, could have influenced our
findings. A different sample composition, linguistic
variations (i.e. other than the Czech language), or
employing additional advanced analytical techniques
might have provided alternative insights (e.g. Al analy-
sis). Notably, the formulation of polar terms, inspired by
Osgood et al.’s (1957) theory of nature and measure-
ment of meaning, though conceptually meaningful, is
based on a very specific methodology. Future studies
may benefit from addressing this by incorporating
alternative methods (i.e. qualitative interviews) analysed
by more modern analysis techniques, such as latent
topic analysis (i.e. an algorithm that can identify latent
topics/areas best capturing the content of a text; Finch
et al. 2018), to further enhance the measure’s relevance
and effectiveness.

Another notable limitation is that the UADS was not
compared with other UAB measures, such as the SPQ
(Ratan and Hasler 2009). Since these two measures
explore UAB from different perspectives, a comparative
analysis could yield additional insights into the discre-
pancy between the user and their avatar and the suit-
ability of the UADS for gamers. Furthermore, this
study did not explicitly define what constitutes an ‘ava-
tar’, which could lead to variations in participant under-
standing and responses. A standardised definition could
have provided a clearer framework for participants,
ensuring uniformity in their responses. Future studies
should explicitly define key terms such as ‘avatar’ to
enhance the clarity and applicability of the research

findings. Additionally, this study did not account for
the possible effects of multiple avatars per user, which
may differ significantly in their representation and
use. This oversight may limit the understanding of the
diverse ways in which users engage with and perceive
their avatars, particularly in environments where mul-
tiple avatars are common. Acknowledging and explor-
ing this aspect could provide a more nuanced view of
user-avatar interactions and their psychological
impacts.

Moreover, it is important to consider the generalisa-
bility of the study’s findings, as the sample was specific
to the Czech Republic. It is worth noting that adjust-
ments were made to the questionnaire’s terminology
to ensure accurate translation to English, which may
not fully capture the original Czech meaning. For
instance, item 8 in English uses the term ‘important/
unimportant’, whereas in Czech, it corresponds more
closely to concepts related to self-esteem. Hence, to vali-
date and verify these results, it would be valuable to
replicate this study in other contexts or populations.

Additionally, the sample was predominantly male,
unavoidably constraining the generalisability across
genders. Lastly, findings are based on a community
sample and thus may not be applicable to clinical popu-
lations. Future research should therefore address these
limitations by incorporating clinical samples, ensuring
gender balance, and including culturally diverse popu-
lations. In particular, the inclusion of a larger and
more representative sample would not only serve to
validate the present findings but also provide a foun-
dation for further exploration and expansion of the con-
clusions. Moreover, exploring these dynamics across
diverse demographic groups would enrich our under-
standing of how different individuals perceive and
engage with their avatars. This could reveal significant
variations in how user-avatar discrepancies manifest
across various cultural, age, and gender spectrums,
offering insights that could be pivotal for designing
more effective digital interventions. Such research
initiatives are deemed of pivotal importance given the
rapid expansion of avatar-based applications in the
impending metaverse era (Szolin et al. 2022).
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Notes

1. Further information regarding the data cleaning pro-
cedure can be found in appendix A of the supplemen-
tary file.

2. The full list of the 15 polar-paired items is included in
the supplementary file (Appendix b).

3. In addition to the validity analysis presented in this
study, a comprehensive network analysis has been con-
ducted to further examine the operational dynamics of
the questionnaire items. This analysis, detailed in
Appendix D, provides additional insights into the
inter-item relationships and assesses whether the ques-
tionnaire functions under a formative model. Readers
are encouraged to refer to Appendix D for a more in-
depth understanding of the item interactions and the
structural composition of the questionnaire.
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