
The Use of Social Science Methods to Predict
Player Characteristics from Avatar Observations

Carl Symborski, Gary M. Jackson, Meg Barton, Geoffrey Cranmer,
Byron Raines and Mary Magee Quinn

Abstract The purpose of this study was to investigate the extent to which real world
characteristics of massively multiplayer online role-playing game (MMORPG) play-
ers can be predicted based on the characteristics and behavior of their avatars. Ground
truth on participants’ real world characteristics was obtained through the adminis-
tration of validated measures of personality and authoritarian ideology, as well as a
demographics form. A team of trained assessors used quantitative assessment instru-
ments to evaluate avatar characteristics, behavior, and personality from a recorded
session of the participant’s typical gameplay. The statistical technique of discriminant
analysis was then applied to create predictive models for players’ real world char-
acteristics such as gender, approximate age, and education level, using the variables
generated through observational assessment of the avatar.
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1 Introduction

The prediction of an individual’s real world (RW) characteristics, purely based
on observations of his or her avatar’s characteristics and behaviors in a massively
multiplayer online role-playing game (MMORPG), is a challenging yet fascinat-
ing proposition. The complex relationship between players and their avatars is not
yet fully understood. While some players prefer to approximate their RW personas
and appearances in virtual worlds (VWs), or even present more attractive, idealized
versions of themselves [1], [2], others might opt to present a role-playing identity
in-world [3]. This makes the determination of relationships between the avatar and
his/her operator a unique challenge. A player may be presenting physical or behav-
ioral characteristics consistent with his/her RW persona, or his/her avatar appearance
and behaviors may display characteristics entirely different from that persona.

With this in mind, a study was designed to investigate whether it is possible
to predict RW characteristics of MMORPG players from the characteristics and
behavior of their avatars. Other studies, such as [4], have sought to accomplish the
same end by parsing the massive amount of player data logs stored in MMORPG
databases and tying the results back to measured RW player characteristics. This
study sought to use more traditional modes of social science research and statistical
techniques to develop predictive models, with avatar characteristics and behavior as
the predictor variables and RW player characteristics as the criterion, or dependent,
variables. This facilitated the creation of relatively simple algebraic equations that
could be used by a trained observer to make predictions about an individual after a
period of observing his/her avatar.

Using quantitative predictor/independent variables (IVs) generated through the
observational collection of avatar data and criterion/dependent variables (DVs) col-
lected through the administration of several ground truth instruments filled out by
participants, the statistical technique of discriminant analysis (DA) was then em-
ployed to produce predictive models of RW characteristics using VW observations.
In this study, the quantitative variables gathered were used to generate statistical
models for the prediction of RW gender, age, education level, extraversion level, and
submissive ideology.

2 Method

2.1 Participants

Participants were recruited using online advertisements, flyers, and online game
forums. All participants were required to be at least 18 years of age and to have
a minimum of 50 h of experience with either Guild Wars® [5] or Aion® [6], two
popular MMORPGs. A total of 114 participants completed the study. Recruitment
occurred primarily within the Washington DC region, USA.
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Fig. 1 Sources of real world
dependent variables (DVs)
and virtual world independent
variables (IVs)

Real World 
(Dependent 
Variables)

Virtual World 
(Independent 
Variables)

•Demographics Form
•NEO-FFI Form-S
•ASC Scale

•NEO-FFI Form-R
•VW-BAF
•ACF
•Chat Logs

More GuildWars® (73, or 64 %) than Aion® players (41, or 36 %) and more males
(71, or 62 %) than females (43, or 38 %) participated in the study. The mean partici-
pant age was 31.7 years’old, with a standard deviation of 9.5 years. A slight majority
of participants had less than a 4-year degree (51, or 45 %), while 46 participants held
a Bachelor’s degree (40 %), and 17 participants (15 %) held a graduate degree.

2.2 Instruments

An important facet of the research design was the distinction between the DVs to
be predicted, or the selected RW characteristics—gender, age, education level, ex-
traversion level, and submissive ideology—and the IVs to be used as predictors for
the selected DVs, or the characteristics and behavior of the players’ avatars. Several
instruments were used to capture these data (see Fig. 1).

2.2.1 Data Collection Instruments—RW Characteristics

The RW characteristics of the participants, or the DVs to be predicted, were recorded
using three forms. The Demographics Form was used to collect basic demographic
information on the participants, such as gender, age, and highest education level
achieved. Each participant also completed the validated Aggression-Submission-
Conventionalism Scale (ASC scale), which has three subscales—submissive,
aggressive, and conventional—as a measure of ideology [7].

Finally, each participant completed the NEO Five-Factor Inventory (NEO-FFI),
a standardized and validated personality assessment instrument constructed from the
five-factor model of personality [8]. The instrument measures the “Big Five” traits
of neuroticism, extraversion, openness to experience, agreeableness, and conscien-
tiousness. The NEO-FFI was selected for use because it has two forms: the NEO-FFI
Form-S (NEO-S), a self-report form, and the NEO-FFI Form-R (NEO-R), an observer
rating form; the two forms are identical, except that the NEO-S is written from a first
person perspective and the NEO-R is written from a third person perspective [8].
This enabled the use of the NEO-S to gather ground truth data on the participants’
RW personalities, and the use of the NEO-R to gather objective assessments of the
avatar’s personality, made by an independent rater (see below).
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2.2.2 Data Processing Instruments—Avatar Characteristics and Behavior

Multiple mechanisms for collecting IV data on the characteristics and behaviors of
the participants’ avatars were employed. The NEO-R was used to gather information
on avatar personality, the Virtual Worlds Behavior Analysis Form (VW-BAF) and
Avatar Characteristics Form (ACF) were developed to collect data on avatar behaviors
and characteristics, and chat logs were analyzed for linguistic data.

While the NEO-S was completed by the participants, the NEO-R (observer
rating form) [8] was used to assess avatar personality. The NEO-R was completed
by trained assessors observing the participant’s avatar, facilitated by a “bridge”
developed to resolve inconsistencies or conflicts of any NEO-R item that caused
rating difficulty within the VW, considering that the original form had been
developed to rate humans in the RW.

The VW-BAF was created to measure avatar activities and behavior in
MMORPGs. The form has two pages. The first allows a rater to tally occurrences
of behaviors on a minute-by-minute basis (e.g., number of emotes, number of times
avatar dies, number of occasions avatar helps another avatar). The second page allows
a rater to record presence or absence of major activity categories (e.g., quest activity,
social activity) during the interval. The second page of the form also measures how
much time an avatar spends in a group versus solo, and whether the mode was Player
versus Player (PvP) or Player versus Environment (PvE).

The ACF was developed to capture the following general characteristics of
avatars in the VW: gender, physical characteristics, class/role, armor/weapons, style
of play (e.g., member of a guild), pets, and general play style (e.g., social player,
strategic player).

A central feature of the instrument development was that all forms—the NEO
Bridge, the VW-BAF, and the ACF—were designed to be generalizable across all
MMORPGs. This is important because MMORPGS have a wide variety of different
naming conventions for similar things (e.g., a healer class may be called a “monk” in
one game and a “chanter” in another). Thus, the adoption of a standard vernacular was
an essential component of the form development process. For example, regardless of
game nomenclature, all character classes were assigned to one of the following four
categories based on their primary characteristics: warrior, scout, priest, and mage.

Additionally, the research team transcribed participant chat logs. Care was taken
only to record chat by the target participant/avatar. These chat logs were run through
a parser, which extracted variables such as number of words and average word length.

2.3 Design and Procedure

The basic research design included three primary phases which will be described
here: the initial laboratory session with the participant to establish ground truth,
the gathering/processing of quantitative data, and the development of predictive
statistical models using DA.



The Use of Social Science Methods to Predict Player . . . 23

2.3.1 Laboratory/Home Session

Upon arriving at the laboratory, each participant viewed a standard introductory
video describing the study and completed the informed consent process, if he/she
desired to participate. The participant then completed the demographics form, the
NEO-S, and the ASC scale. These collected data formed the basis for ground truth
on the participant’s RW characteristics.

At the participant’s leisure after returning home, the participant recorded a 1-h
gameplay session of the selected game using a screen capture program. Participants
were requested to choose one avatar and to use only that avatar for the entire 1-h
home session, and to play the game just as they normally would.

Once the home session was completed, the participant saved the recorded session
on a USB flash drive and mailed it back to the laboratory. Participants were asked
to complete the home session within 2 weeks of the laboratory session. Once the
flash drive was received, participants were compensated for their contribution to the
study.

2.3.2 Quantitative Data Processing

Upon receipt of the flash drive by the laboratory, trained assessors rated that session
using the NEO-R, the VW-BAF, and the ACF. Separately, chat was transcribed. A
minimum of 80 % inter-rater agreement was obtained for all rating forms.

For completion of the NEO-R, raters observed the entire hour of the recorded ses-
sion and then provided avatar ratings using the NEO Bridge to help answer specific
items, such as “He often feels tense and jittery.”* For this item, the NEO Bridge
specified that, if the avatar exhibited spastic movement, swiveled the camera fre-
quently, ran in circles or rapidly manipulated the user interface, the item was coded
as “agree.” However, if the avatar typically appeared relaxed and calm, the item was
coded as “disagree.”

The VW-BAF rating occurred across three 10-min samples, which were standard-
ized in terms of start times across the full 1-h session to ensure a representative sample
of avatar behavior. Observations were recorded once a minute. As described previ-
ously, the VW-BAF has two pages: the first is a series of counts for how many times
particular behaviors occurred each minute, and the second recorded whether or not
certain behaviors occurred within each minute. Both kinds of variable were summed
over each 10-min sample, and then averaged across the three 10-min samples for
each participant before being used for analysis. Hence, each VW-BAF variable either
corresponds to how many times a behavior occurred in an average minute, or to how
many minutes out of 10 included that behavior on average.

At the same time that theVW-BAF ratings were recorded, theACF was completed.
The ACF items consist of presence or absence variables; for example, presence or
absence of a costume or of a ranged damage-per-second combat role.
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2.3.3 Statistical Technique: DA

DA was used to generate predictive models for participants’RW characteristics based
on their avatars’ characteristics and behavior. The purpose of DA is to predict group
membership, based on RW DVs such as gender or extraversion, from a linear com-
bination of VW IVs, such as avatar gender or type of armor worn. DA begins with
a data set containing many cases (participants), where both the values of the IVs
and the group membership (DVs) are known. The end result is an equation or set of
equations that predict(s) group membership for new cases where only the values of
the IVs are known [9].

Specifically, DA using backward stepwise reduction was conducted. This form
of stepwise reduction begins with a given set of variables and reduces the set by
eliminating the variables that are associated with the DV to a lesser degree than
remaining variables [10]. In this way, only the variables that are most predictive of
the DV remain as part of the predictive model when the analysis is complete. As an
additional quality control, leaving-one-out cross-validation was used for all stepwise
reduction DA runs. This form of validation accuracy is the process by which a model
is trained on all cases but one and tested on the one case that was withheld. The
process repeats until all cases have been withheld and tested blindly, eliminating any
chance of predicting a case based on extracted knowledge of that case [10].

3 Results and Discussion

3.1 The Discriminant Function

As described above, DA generates a predictive model in the form of a linear combi-
nation of independent, or predictor, variables. There is also a constant term for each
equation, which is used as the linear offset in the discriminant functions. The general
form of the discriminant function is as follows:

DV Group 0 = (b1 × x1) + (b2 × x2) + . . . + (bn × xn) + c,

DV Group 1 = (b1 × x1) + (b2 × x2) + . . . + (bn × xn) + c,

where,

bn = the Fisher coefficient for that variable,
xn = the value of the independent variable, and
c = the value of the constant.

Once the values of the variables are substituted in the above equations for the names
of the variables, whichever of the two equations evaluates to the greater number will
be the prediction for that participant. In other words, whichever of the two Fisher’s
discriminant functions produces a higher value “wins,” and the participant will be
predicted as a member of the corresponding category [11].
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Table 1 Overall accuracy for
predicting RW characteristics
from VW observations

RW characteristic Overall
accuracy (%)

Precision (%) Recall (%)

Gender 83 93 79
Age 70 80 56
Education Level 66 68 71
Extraversion Level 68 64 63
Submissive Ideology 65 66 66

RW real world, VW virtual world

3.2 Accuracy Metrics

Several accuracy metrics are reported for each of the predictive models. The first is
the leaving-one-out cross-validated overall accuracy for each model. It is the best
representation of the DA model because it captures information about how well
the model classifies cases into both the target and non-target groups. Precision,
representing the proportion of those cases predicted to be in the target group that
were actually in that group, and recall, denoting the proportion of cases in the target
group that were correctly predicted to be in the target group, are also presented to
provide information about the accuracy of the models.

3.3 Overall Results

Table 1 presents the accuracy results of the developed models. Individual results are
presented in the following sections. These sections explain each model along with a
description of how the DV was defined, an overview of the accuracy of the model,
and a brief discussion of the IVs relevant to the prediction of the target DV. Some
of these discussions of IVs have more obvious support in the literature and appear
to be more clear-cut than others. For the cases in which the relationship between the
predictor IV and the DV being predicted was not clear, the subject matter experts
of the research team developed potential explanations for the relationship based on
their knowledge of MMORPGs.

3.4 Gender

3.4.1 Definition of the DV

For the DV of gender, males were assigned as one group (71 participants) and females
were assigned as the other group (43 participants).
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Table 2 Accuracy
of gender model

Overall accuracy (%) Precision (%) Recall (%)

83 93 79

3.4.2 Accuracy of Gender Model

The gender model obtained 83 % overall accuracy (see Table 2). Precision was high
at 93 % and recall was 79 %.

3.4.3 Discriminant Function for Gender

In determining which group a new case should be classified into, the values for each
of the IVs were plugged into both of the following two equations. Whichever equation
yielded the largest value represents the group that the new case was classified into.
The following are the discriminant functions derived for gender:

Male = (4.800 × MaleAV ) + (4.924 × MajRoleSupport)

+ (2.429 × HairAccNA) − 2.646, (1)

Female = (0.578 × MaleAV ) + (0.695 × MajRoleSupport)

+ (0.081 × HairAccNA) − 0.721, (2)

Table 3 presents descriptions of the predictor, or independent, variables in the
discriminant functions.

Through interpretation of the discriminant functions above, the models can be
described loosely as follows:

If the avatar is male, and/or has a majority combat role of support, and/or has
covered hair, then it is likely that the player’s RW gender is male.

Otherwise, it is likely that the RW gender is female.
NOTE: These written descriptions are not to be substituted for the above equations

in making predictions; they are only intended to aid the reader in understanding the
statistical models.

3.4.4 Discussion of IVs Relevant to the Prediction of Gender

Avatar Gender (ACF)

It is well-known that avatar gender is closely related to RW gender [12]; therefore, it
is not surprising that avatar gender surfaced as a predictor variable in this analysis. In
our study worlds, the appearance of a male avatar strongly predicted a RW gender of
male. Female avatars required the support of additional IVs to distinguish between
female avatars operated by RW females and female avatars operated by RW males,
because “gender-bending” is more common among male players (who play female
avatars) than among female players [12].
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Table 3 Description of IVs relevant to prediction of gender

Variable Description of variable

MaleAV Avatar is male
MajRoleSupport Majority combat role is support (e.g., healing, buffing)
HairAccNA Hair accessories cannot be observed, likely because hair is covered (e.g., by

a helmet or costume)

IVs independent variables

Majority Role of Support (ACF)

This variable indicated whether or not an avatar’s majority combat role was “support,”
a combat style characterized by healing, providing enhancement buffs, or otherwise
supporting others in battle (50 % of the time or greater). It is commonly assumed that
females gravitate toward healing roles in MMORPGs, since women are considered to
be more nurturing and supportive by nature [13]. Our research suggests the opposite;
the presence of this theme was a predictor of RW male gender. Because male avatar
gender is such a strong predictor of RW male gender, the remaining variables in the
discriminant function above primarily indicate the remaining RW males who were
“gender-bending.” Yee et al. [14] conducted a study that offers an explanation as to
why the theme of healing others in combination with the presence of a female avatar
might predict RW males: they discovered that “[male] players enact this stereotype
[of women as healers] when gender-bending.” Hence, a male player creating an
avatar for a healing role might tend to choose a female.

Covered Hair (ACF)

The variable “Hair Accessories N/A” indicated if an avatar’s hair accessories could
not be observed because the avatar’s hair was covered, due to a helmet or costume
that occluded the hair (e.g., a hood). The model indicated that RW male players
playing female characters in the sample were less likely to expose their hair and hair
accessories than RW female players were. While there does not appear to be a ready
explanation for this phenomenon in the literature, the research team postulated that
RW male players operating female avatars might be less concerned with displaying
their hair than RW female players, instead being more focused on gameplay activities,
while RW female players may have more interest in ensuring that their avatars have
a feminine appearance, complete with displayed flowing locks.

3.5 Age

3.5.1 Definition of the DV

The DV of age was divided into two groups: under the age of 30 and 30 and over. This
is consistent with demographic research [15] and qualitative observations indicating
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Table 4 Accuracy of age
model

Overall accuracy (%) Precision (%) Recall (%)

70 80 56

that MMORPG players tend to be younger than social game players. Furthermore,
the age group of 18–29 years is one that is frequently cited in research studies,
particularly in voting-related and medical contexts, and thus seemed a logical break-
down to use. Using this division, 59 participants were age 30 years or over and 55
participants were under age 30.

3.5.2 Accuracy of Age Model

The age model achieved 70 % overall accuracy (see Table 4). Though precision was
high at 80 %, recall was low at 56 %, suggesting that this model may need to be
further refined.

3.5.3 Discriminant Function for Age

The following are the two equations derived for age:

30 or Older = (1.206 × BAF35) + (2.789 × UnconvHair)

+ (2.245 × NEOR21) − 2.814, (3)

Under 30 = (0.397 × BAF35) + (0.815 × UnconvHair)

+ (2.905 × NEOR21) − 3.008. (4)

Table 5 presents descriptions of the variables used.
Simply stated, this model becomes:
If the avatar spends more time stationary, and/or has unconventionally colored

hair, and/or does not appear tense and jittery, then it is likely that the player’s age
is 30 or over.

Otherwise, it is likely that the player’s age is under 30.

3.5.4 Discussion of IVs Relevant to the Prediction of Age

Avatar does not move for the full 60 s (VW-BAF)

This item measured how many full minutes an avatar spent stationary over the ob-
servation period. In the study sample, an avatar that spent more time stationary was
more likely to be older (age 30 or over). Younger people tend to be more active than
older people, and perhaps more prone to bouts of fidgeting and nervous activity. In
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