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Abstract—This work assesses the feasibility of predicting
emotional intensities for a given player in a testbed multiplayer
game, using facial expression data collected from other players
in the multiplayer group. Whilst there is significant literature
on the utilisation of affect detection to build models of player
experience, little research considers the additional data provided
from other players in a multiplayer setting, despite the inherently
shared experiences that they provide. A dataset describing 24
participants is collected, detailing ten levels of a testbed game,
Colour Rush, with data collected describing facial expression
activity and responses to the Discrete Emotions Questionnaire.
The viability of modelling uncaptured player experiences is tested
using artificial neural networks trained on facial expression data
from target players, non-target players and a combination of
both. Findings indicate that multiplayer data can be beneficial in
the prediction of a target player’s emotional responses, although
this holds true only in a minority of cases, and for specific groups
of players.

Index Terms—Emotion, multiplayer games, player experience
modelling

I. INTRODUCTION

Player modelling describes the creation of an abstract rep-
resentation of a player, from which preferences, behaviour, or
experience can be predicted [1]. Using a player model, content
can be adapted, selected, or generated, creating level layouts
[2], soundscapes [3], or narratives [4], or can be used to control
non-player characters [5], better fitting the targeted aspects of
an individual player. Research into multiplayer games then
shows promise for experience modelling, with previous work
by Tan et al., describing a greater level of expressivity shown
by players in multiplayer settings [6]. Predicting player expe-
riences utilising data leveraged specifically from a multiplayer
setting is however largely under-researched, despite the vast
quantity of multiplayer games available in the market [7].

Previous work describes the creation of player experience
models based on various modalities of data, often tied to game-
play itself [2, 5, 8], emotion recognition via affect detection
[9, 10], or tied directly to self-report [11, 12]. Combinations

of these modalities has been shown to create models more
accurately describing player experience [13], with fusion of
methods of affect detection [14, 15], or gameplay events and
physiological signals [16, 17], being common avenues for
investigation. Exploration into use of the additional modali-
ties provided by multiplayer settings is therefore of interest,
whether to optimise models of individual or group experiences.

Modalities of data collected in parallel to a target player
may also present benefits for player modelling, with one aim
being that of modelling ‘uncaptured’ experiences, in which
the experience of a target player is not captured using any
form of physiological measurement. Under various conditions,
a game seeking to capture player experience data may be
unable to do so, whether due to a player’s lack of hardware,
technical problems, or the player’s unwillingness to be directly
monitored. In these situations, it may be of use to model a
player’s experience based on other methods, should they show
approval of this.

This work first attempts to predict players’ responses as a
validated measure of discrete emotional experience, using data
collected from other players in a multiplayer scenario, emulat-
ing a situation in which the target player’s data is uncaptured.
This is compared with attempts to predict a player’s responses
using their own data. Further to this, predictive models are
built using data from both the target and ancillary players, to
understand the effect of combining these modalities.

It should be noted that the authors expect the genre of
a game, and each group of players’ background to have
a great impact on the relationship between player’s experi-
ences. A cooperative game for example may create similar
experiences between players, whilst a competitive game may
create polarising experiences. This work therefore seeks to
provide initial exploration into the feasibility of modelling
uncaptured experiences through inter-player data, as opposed
to highlighting relationships expected across all multiplayer
games. With this in mind, this work poses an initial response
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to two research questions:
RQ1 To what extent can self-report measures of affect for one

player be predicted using measures of affect collected
from other players during a shared gaming experience?

RQ2 To what extent can predictions of self-reported experi-
ence using one player’s data be improved through the
addition of data collected from others who shared the
gaming experience?

For this, participants were tasked with playing through a
series of levels in a testbed multiplayer game, with emotional
response collected in the form of facial expression activity,
and self-report, captured for post-hoc analysis.

II. RELATED WORK

Work by Mavromoustakos-Blom et al., [18] presents one
example of experience modelling using data collected from
a player other than the one targeted. In their study, players
competed in pairs, with models built using random forests to
classify escalating and de-escalating levels of tension between
frames of facial expression data from a target player, their
opponent, and both players together. Across all tests, small but
consistent improvements to model accuracy were made using
input describing both players’ facial expressions, despite no
correlation being found between the tension observed for each.
In response to these findings, this work seeks to utilise similar
input data to estimate player experience over the course of
entire game levels, as measured using self-report, following
methods similar to previous work [10], whilst investigating
this approach in a larger group setting.

Similar to the work of Mavromoustakos-Blom et al., [18],
various studies find relation between the emotions of individ-
uals in dyads [19, 20], although these often focus on commu-
nication and generalised applications, rather than feasibility
in gaming contexts. Of this, much work relates to the effect
of emotion contagion (the effect by which an individual’s
emotional expression will affect the experience of others
[21]), which has been shown to result in increased emotional
responses between participants with closer relationships [22].
Game related works considering emotion contagion often re-
late to its simulation in virtual systems [23], whilst work con-
sidering the effect in further fields of research often describe its
use in tasks such as crowd control [24], overall group emotion
recognition [25], or prediction using physiological modalities
inappropriate for active deployment in contemporary game
design efforts [26] (focusing on physiological synchronicity).

Unbounded by the logistical complexity of studying mul-
tiplayer games, many approaches to experience modelling
in singleplayer games make use of physiological indicators
of affect, such as facial expression, skin conductance, heart
rate and brain activity [27], relating these readings to self-
report measures of experience, such as the Game Experience
Questionnaire [28]. The comparative lack of studies taking
advantage of the additional data provided by a multiplayer
setting however, leaves open questions related to its use.

Of the modalities discussed, facial expression recognition
(FER) is selected due to its ready deployment, and the com-
parative unobtrusiveness and feasibility of its use discussed

in previous work [6, 29]. FER also aligns well with an
understanding that facial expression is a key factor in emotion
contagion and synchronicity [30], although further insight is
expected of similarly applicable work using audio data to
consider conversation tone and content.

The Discrete Emotions Questionnaire (DEQ) [31] is se-
lected as a measure of discrete emotional intensity, expected to
be directly applicable to the data collected via facial expression
analysis, and having previously been shown to adequately
describe gameplay experiences [32]. This also follows ex-
ploratory work utilising facial expression data to predict the
emotional intensity of individual players, as measured by the
DEQ [33].

III. METHOD

In response to the posed research questions, a study was
designed in which data collected from players of an original
testbed game was used to predict emotional response in other
players. This section describes the participant sample, the
emotional stimulus used, and the feature groups compiled for
further study. This is followed by an overview of the analysis
conducted.

A. Participants

Following institutional ethical approval, forty participants
were recruited to provide data for this and further studies, each
taking part in a randomly allocated group of four (allowing
for availability). Participants were recruited using convenience
sampling, with the study being advertised on social media and
in university shared areas. Demographic information collected
ahead of the study describe a predominantly white British
group aged between 18 and 34 (35 aged 18-24 and 5 aged
25-34). The majority of participants were male (27 male,
10 female, 2 other, 1 preferred not to say) and all bar two
reported playing video games for three or more hours per
week. An information sheet and consent form were provided
ahead of the study, with eligible respondents (aged 18 or over
with a Windows machine, webcam and microphone) being
selected for participation. All participants took part in the
study remotely from one another, playing the game online on
their own hardware.

B. Colour Rush

The emotional stimulus used for the study was original
testbed game Colour Rush.

Colour Rush is a four player semi-cooperative top-down
2D game, developed in the Unity game engine [34], in which
players are tasked with collecting coins in a series of ten
procedurally generated levels. Coins are scattered throughout
each level, but can also be obtained through the completion
of colour mixing tasks, which are more easily completed by
working as part of a team, promoting cooperation. Players
are also provided with a flamethrower than can be used
to further exploration or engage other players in combat,
promoting competition. A section of a level from Colour Rush
is displayed in Figure 1.

Further description of the gameplay in Colour Rush is given
in previous work [33].



Fig. 1. The starting area in a level of Colour Rush. Pictured are: a player, the
level’s drop-off point for colour mixing and splitting tasks, barrels containing
coins, paint blobs, and environmental tools for mixing and splitting the paint
blobs.

Ahead of starting the game, participants were asked to rate
how well they knew the other participants in their group, rating
this on a five-point Likert scale, from “Not at all” to “Very
well”. After each level played, participants then completed
the DEQ, responding to 32 emotional descriptors on a seven-
point Likert scale. Responses to each descriptor were totalled
into the DEQ’s eight subscales of anger, anxiety, desire,
disgust, fear, happiness, relaxation and sadness, resulting in 0-
24 ratings for each emotion. Low variability in responses for
all emotions but desire (SD=5.015), happiness (SD = 5.278)
and relaxation (SD = 5.290) led to them being removed from
analysis. The remaining three emotions were normalised to a
0-1 scale using min-max normalisation, and form the focus of
this study, with meaningful insights for the removed emotions
expected to be drawn more clearly from data collected in other
genres of games and multiplayer settings.

C. Feature Groups

During each level, visual data was collected from partici-
pants’ webcams. Footage was processed using OpenFace 2.2
[35], creating 17 facial Action Unit (AU) intensities per frame.
Reported confidence for each frame was used to remove 0.59%
of the data collected, using a threshold of 0.75, as in work by
Mavromoustakos-Blom et al., [18]. Remaining intensities were
smoothed in a 0.5 second window using median filtering [36],
with any remaining gaps caused by confidence culling filled
using linear interpolation, as in Doyran et al., [37].

AU intensities were transformed into intensities for the basic
emotions proposed by Ekman [38], averaging the intensity of
prototypical AUs [39] for each, as in previous work [10].

Of the sessions recorded, incomplete data for four partici-
pants led to their respective groups being removed from the
study. Data is therefore present for a total of 240 player-levels
collected from the remaining six groups, each with complete
DEQ responses and facial expression recognition data.

Mean intensity and interquartile range (IQR) for each basic
emotion over the course of each level was calculated for
each player, creating twelve facial expression metrics per
player-level. This was then used to form three distinct feature

groups, each with target data describing the three target DEQ
emotions.

1) Self: 240 sets of facial expression metrics paired with
each series of DEQ results from the same player.

2) Group: The 240 sets of DEQ results, paired with the
mean of each facial expression metric from all non-target
players in the same group.

3) Paired: The 240 sets of DEQ results, paired with the
facial expression metrics for each other player in the same
group, creating a total of 720 pairs of input and output data.

D. Correlation Analysis and Predictive Modelling
Response to RQ1 was provided through correlation analysis

of each feature group, and predictive modelling using feed-
forward artificial neural networks (ANNs) seeking to test the
predictive power of the data collected.

Expanding on the methodology applied by Pedersen, To-
gelius and Yannakakis [2], we utilise a nested cross validation
approach. For this, the dataset was separated into six folds in
a leave-one-group-out (LOGO) approach, ensuring each fold
contained all of the data for a single group to ensure no data
leakage from the same participant or group between folds.

Sequential Forward Selection (SFS) was chosen as an effi-
cient algorithm to select features at each outer fold, allowing
for consideration of each feature group at varying subset sizes.
The SFS algorithm incrementally built feature sets by testing
all combinations of a retained feature subset and each remain-
ing available feature, retaining features at each iteration that
maximised overall performance using a selected performance
metric. For this, we use the performance of single and multi-
layer perceptrons (SLPs and MLPs), emulating the approach
seen in work by Pedersen et al., [2] to determine the utility of
each feature subset. Performance estimations for each subset at
each stage of the SFS algorithm were calculated as the average
performance of the most successful models seen across each
fold of an inner LOGO cross validation approach (utilising
the five test groups from each outer fold). Performance for
each model was calculated as the mean squared error (MSE)
between predictions and their true values.

Feature subsets were built at all sizes, ranging from the
single most successful predictor of affect, up to all 12 features
per feature group to allow for comparison between each at
each subset size. Additionally, we include models trained
using singular zero values as input data, thereby utilising zero
features from each feature group, and providing a baseline
at which only the distribution of results from each fold was
used to train the resulting models. Through this, SFS was used
to create a total of 65 feature subsets per feature group, per
emotion, per outer fold, and across five independent repetitions
of the entire experiment.

The optimal network topology for each feature subset was
then determined through grid search of hidden layer neuron
counts from 1-30 and 1-10 for each of the two hidden layers
provided to each MLP, further following the methodology
applied in Pedersen et al., [2], and again training and testing
using LOGO cross validation internal to each outer fold.
Final performance values for each feature subset were then
calculated as the MSE of predictions made by models trained



on each outer fold’s entire test set (data from five groups) and
tested on data from the left out group. Final performance val-
ues for each feature subset therefore describe the performance
of a model tested on completely unseen data.

IV. RESULTS AND DISCUSSION

This section describes results from initial correlation analy-
sis of the collected data, and predictive modelling of players’
emotional intensity as measured using the DEQ.

A. Correlation Analysis
Correlation analysis was conducted for each feature group,

testing for linear relationships between each player’s DEQ re-
sponses for target emotions of desire, happiness and relaxation,
and their own facial expression statistics, or those of the other
players. Results of this analysis are summarised in Table I, in
which all correlation coefficients significant at p < 0.05 are
given for each feature group and target emotion.

TABLE I
FEATURES SIGNIFICANTLY CORRELATED WITH TARGETED DEQ

EMOTIONS AT α = 0.05
Features n Desire (r) Happiness (r) Relaxation (r)

Self 240 -

Happiness IQR (0.275) Disgust Mean (-0.205)
Disgust Mean (-0.202) Sadness IQR (-0.173)
Sadness Mean (-0.160) Surprise Mean (-0.171)

Fear Mean (-0.156) Fear IQR (-0.156)

Group
(Other

Players)
240 -

Disgust Mean (0.381)

-

Sadness IQR (0.246)
Sadness Mean (0.246)

Fear IQR (0.246)
Surprise Mean (0.243)

Fear Mean (0.239)
Surprise IQR (0.231)

Happiness IQR (0.188)
Happiness Mean (0.179)

Disgust IQR (0.170)
Anger Mean (0.130)
Anger IQR (0.129)

Paired
(Other
Player)

720
Happiness

IQR
(0.084)

Disgust Mean (0.248)

-

Sadness IQR (0.157)
Fear IQR (0.154)

Surprise Mean (0.145)
Surprise IQR (0.139)

Happiness IQR (0.136)
Sadness Mean (0.136)

Fear Mean (0.130)
Disgust IQR (0.109)

Happiness Mean (0.103)

Correlations are generally weak, although clearly describe a
relationship between player’s facial activity and responses to
the DEQ items contributing to the happiness subscale, even
between players. The strongest correlation, for example, is
found between felt happiness according to the DEQ, and the
mean intensity of disgust seen across all other players. Consid-
eration of these results prompted further manual inspection of
the collected footage, breaking each emotion back down to its
prototypical AUs [39]. Whilst other emotions were considered
well represented, high intensity moments of disgust were often
observed in situations where all of the requisite AUs (9, 10
and 17) were activated during moments of intense laughter. In
contrast, few moments of true disgust were observed by the
authors, with the aesthetic of the game not conforming to its
elicitation. Expressions of disgust as observed whilst playing
Colour Rush are therefore expected to more closely align to
moments of malicious laughter as described by Nikopoulos
[40], which both fits with the apparent relationship between

disgust and the happiness of others, and the competitive
aspects of the game. This also aligns with the negative
correlation seen between AU10 (and therefore Disgust) and
DEQ relaxation, with relaxation expected to relate to less
competitive moments.

The relationship between metrics describing each basic
emotion expression for other players and the target player’s
DEQ responses for the happiness subscale suggest a relation-
ship between happiness and any facial movement in players
from the group, with all significant relationships between DEQ
happiness and inter-player data being positive. In contrast,
player’s own facial expressions are more specifically related
to their emotional experience, with the positive and negative
linear relationships found aligning with expectations. This is
seen also in relationships between relaxation and the self data,
with the mean of further semantically negative expressions
of sadness and fear also relating negatively to the emotion
of relaxation. The lack of significantly related features from
each feature group and the emotion of desire is unexpected,
although consideration that the desire subscale may have been
the most ambiguous in a gaming scenario may explain noise
in the data collected. This suggests a potential limitation in
the use of the DEQ in gaming contexts, although validation
of the DEQ-VG in later work may suggest opportunities for
the tool’s adaptation to gaming scenarios [32].

B. Predicting Uncaptured Experience
Following the predictive modelling described in section III,

performance results were analysed for statistical differences.
Figure 2 describes the MSE of predictive models predicting
desire, for each feature count and feature group, with metrics
from the five independent tests and six groups aggregated for
clarity. From this, a clear underperformance of models trained
using paired data can be seen, with closer similarity observed
between the self and group models. Despite this similarity,
models using group data only outperformed models using each
player’s own data at the one and two feature count level,
suggesting promising initial improvement in the use of group
data, but overall better performance when using a player’s
own facial expressions. The group models’ improvement over
predictions utilising zero features, or those using paired data
does however suggest that utilisation of facial expressions from
the remaining players in a group does indeed provide usable
information around which to predict the intensity of emotion
felt by a player for which no data was captured. Across
models using each feature group, improvement is generally
seen with the addition of each new feature, although this
benefit depreciates, as would be expected, given that each
additional feature was deemed less useful by SFS.

A similar trend is observed in Figure 3, in which the
performance of models predicting player’s responses to the
DEQ Happiness subscale are described. Paired data models
again underperform in comparison to both the group and
self models. In the prediction of happiness, against what
linear relationships would suggest, group models routinely
perform more poorly than self models, with the relationship
between even single features, such as the previously discussed
mean of disgust expressions across the group, providing less
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Fig. 2. The average performance (MSE) of models predicting DEQ desire,
when using 0-12 features selected using sequential forward selection on data
from a player’s own facial expression data (Self), the average of other players
in the group’s facial expressions (Group) and the facial expressions of other
players in the group individually (Paired).

useable data in the general prediction of the subscale. This
suggests a disparity in the relationships seen, when considered
between each group of participants, and therefore folds of data
used in cross validation. This disparity is however lessened
when considering each participant’s own data, leading to
more consistently improved models, despite fewer significantly
correlated features.
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Fig. 3. The average performance (MSE) of models predicting DEQ happiness,
when using 0-12 features selected using sequential forward selection on data
from a player’s own facial expression data (Self), the average of other players
in the group’s facial expressions (Group) and the facial expressions of other
players in the group individually (Paired).

The same pattern is again seen in prediction of relaxation,
as described by Figure 4. Here, group models performs more
similarly to paired models, again suggesting incomparability
between the relationships seen across groups.

The general underperformance of models using paired data
across each emotion is expected, with the difference in feature-
to-output relationships suggested between groups expected
to be further prevalent in the paired dataset. A difference
in group dynamics is expected to have impacted this, with
difference in how players cooperated and competed across
levels expected to impact the relationship between expressions
seen in individual pairings of players. One player may have
worked cooperatively with the target player for example,
whilst another may have worked against them, resulting in
an overall difference in the relationships seen, and leading
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Fig. 4. The average performance (MSE) of models predicting DEQ relaxation,
when using 0-12 features selected using sequential forward selection on data
from a player’s own facial expression data (Self), the average of other players
in the group’s facial expressions (Group) and the facial expressions of other
players in the group individually (Paired).

to noise in the dataset. Further work considering inter-player
data may therefore consider differences between different
multiplayer game modes, to understand whether differences
in how players compete and cooperate impact results.

C. Combining Inter-Player Data

Given the relative success of models using group data over
paired data, we focus further work utilising inter-player data in
response to RQ2 on the group dataset. Regarding this, further
tests were conducted using the same methodology, selecting
features using SFS internally to an outer cross validation loop,
this time from a dataset combining the self and group average
feature groups, for a total of 24 features, that we hereby
refer to as the combined dataset for brevity. From this, we
collect model performances for models using between 0 and
12 features, for comparability with models trained on the self
data alone. Figure 5 describes the MSE achieved by models
using features from the combined dataset for the prediction of
each target emotion, as well as the MSE of models using self
data for comparative purposes.

In multiple cases, the incomparability between folds ex-
pected to contribute to poor performance with the group
dataset appears to also impact models using the combined
dataset, with features selected for high performance on each
fold’s training data performing more poorly than self models
when tested on the fold’s unseen data. Generally, however,
these models perform similarly, suggesting little benefit in
the use of inter-player group data in addition to target player
affect.

D. Statistical Analysis

Responses to both RQ1 and RQ2 are given following sub-
stantiation of the observed trends through statistical analysis.
For this, we apply various non-parametric statistical tests, con-
sistent with previous work [18], and the violated assumptions
necessary for parametric testing (with Shapiro Wilk tests on
various subsets of the data suggesting significant deviation
from a normal distribution). All statistical results are deemed
significant at p < 0.05. We first consider the difference
between each feature group (self, group, paired and combined)
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Fig. 5. The average performance (MSE) of models utilising facial expression features from the targeted player, with (Combined) and without (Self) features
describing mean expression features for the other players.

in terms of averages across the five independent tests, and
six folds of cross validation, using a Friedman test for each
target emotion. Results indicate that the MSE of models
trained on the four series of data do deviate significantly
from one another for each emotion, with follow-up pairwise
testing using Wilcoxon signed-rank tests showing significant
difference between all pairs of groups, other than self and
combined models in prediction of desire and happiness, as
can be seen in Table II.

TABLE II
PAIRWISE WILCOXON SIGNED-RANK TEST RESULTS (p) FOR EACH PAIR

OF MODEL GROUPS

Feature Feature DEQ Emotion
Group 1 Group 2 Desire Happiness Relaxation

Self Group 0.0009* 0.0005* 0.0005*
Self Paired 0.0002* 0.0005* 0.0002*
Self Combined 0.8501 0.6221 0.0005*

Group Paired 0.0002* 0.0005* 0.0002*
Group Combined 0.0015* 0.0005* 0.0005*
Paired Combined 0.0002* 0.0005* 0.0002*

* Significant at α = 0.05

Further following the methodology applied by
Mavromoustakos-Blom et al., [18], we consider the difference
between models trained and tested on the same series of
data, conducting further pairwise Wilcoxon signed-rank tests
between the four feature groups at the per-fold level. For this
we describe only general trends in results for brevity. Results
again describe various significant differences between the
four feature groups, but as expected, show some inconsistency
between folds. Interestingly, model performances for the
second and third folds of data more commonly show the
combined dataset outperforming models trained on self data
alone. The best example of this comes from pairwise testing
for the third fold of predictors of desire, which describes
similarity between the self and paired data (which otherwise
under-performs at all other folds), and similarity between
the group and combined models, both of which significantly
outperform models using the self feature group, averaging
greater performances across the five independent tests at every
feature count. This is seen again in prediction of happiness, in
which predictors for the second and third group’s responses

again show the greatest accuracy when utilising the group and
combined feature groups, over the target player’s own data.
This is described in Figure 6, in which model performances
for each fold of the data are shown, averaging across the five
independent tests predicting happiness.

Figure 6 also describes improvement over self models using
the combined dataset for the sixth group, again suggesting
some benefit in the use of inter-player data in a minority
of cases. The difference between predictive performance at
each fold however highlights the greater impact of target data
distribution on prediction accuracy, over the use of each feature
group. Predictors for the third fold of DEQ happiness for
example, routinely attained lower MSE than those predicting
responses in fold five, no matter the training group.

Confirmation of the observed trends is further pro-
vided following the analytical methodology described by
Mavromoustakos-Blom et al., [18], considering the five in-
dependent tests’ performance data from models using each
feature group at the per-fold per-feature count level, via two-
tailed Mann Whitney-U tests. Results from these tests again
show difference in the direction of effect in significantly
different model performances when considering fold three and
the other folds in various cases. In almost all instances, when
predicting desire, group and combined models significantly
outperform paired data models, with this being true for models
trained on self data in almost all cases other than those from
fold three. Similarly, in a smaller series of cases, self models
significantly outperform group models when predicting desire,
although this is inverted consistently for fold three, as it is
when also comparing the self and combined models.

Considering the differences shown between the third group
of participants and the rest of the groups, further exploration
of the entire dataset collected suggests that the utility of group
data is greatly impacted by how well participants knew each
other. Whilst the majority of participants responded to how
well they knew the other members of their group with “Not
at all”, every participant in group three responded with “Very
well”. Implication that how well participants knew each other
effected the utility of inter-player data is not unexpected, with
previous work suggesting this may be the case [22]. Further
work is required to substantiate this further, allowing for a
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Fig. 6. The average performance (MSE) of models utilising facial expression features from the targeted player, with (Combined) and without (Self) features
describing mean expression features for the other players, in the prediction of DEQ Happiness, at each fold (group of players).

greater sample of participants that know each other, for direct
comparison to those who do not.

V. CONCLUSIONS

In response to RQ1 (To what extent can self-report measures
of affect for one player be predicted using measures of affect
collected from other players during a shared gaming experi-
ence?), this study has shown that inter-player facial expression
data used in the prediction of uncaptured emotional intensities
for desire, happiness and relaxation (as measured using the
DEQ) does not adequately do so, to the same extent to which
a player’s own facial expression data can. Of the two inter-
player feature groups tested, facial expression metrics averaged
across all ancillary players significantly outperforms those
collected individually, with dynamics between individually
paired players expected to add noise to this dataset. Predictive
power seen in models using group data does outperform
baseline predictions and those using data from the paired
dataset however, suggesting that this method does provide
some potential in the prediction of uncaptured experience.

In response to RQ2 (To what extent can predictions of
self-reported experience using one player’s data be improved
through the addition of data collected from others who shared
the gaming experience?), this study has then shown that the
consideration of both a player’s own and the average of other
players’ facial expression metrics during feature selection
often has little effect on the performance of models predicting
the intensity of the target emotions of desire, happiness and
relaxation. Comparison between the performances of models
using these feature groups, averaged across independent tests,

per fold, or per feature count, resulted in few significant
differences being found, with those found often suggesting that
the additional group data was detrimental to the generalisabil-
ity of models. Inverted direction of effect seen in significant
differences for the third fold of cross validation suggest that
the third group of participants differed significantly from the
other groups, in that models making use of inter-player data
significantly outperformed those using even the participant’s
own facial expressions. Consideration of further data collected
from participants suggests that this may be due to the greater
pre-existing relationship between participants from this group,
whilst further work is required to confirm this hypothesis.

Limitations of the study relate to sample size, and use of a
single form of emotional stimulus and detection. It is expected
that game genre and multiplayer setup play large roles in
the findings of this study. With this in-mind, we suggest
various avenues for future work, such as the use of individual
facial AUs and their relatedness to other players’ experiences;
research into team-based games and the relationship between
specifically cooperative and competitive player experiences;
and further work making use of any of the many methods
previously shown capable of capturing measures of affect and
gameplay experience, such as wearable technology or audio
capture, in a multiplayer setting. Further work exploring the
use of different genres and multiplayer settings may also show
more promise for the elicitation of emotions that were not
explored as a part of this study, whilst a greater focus on the
use of laboratory testing conditions may alleviate noise created
through use of participants’ own hardware.

A greater sample of participants, or samples from varying



demographics may also highlight cultural differences in the
applicability of the methods utilised, with previous work on
the universality of facial expressions suggesting this may be
the case [41].

Further work may also wish to consider the ethical implica-
tions of inter-player data. This study has shown that modelling
player responses using inter-player data may have merit in
some cases, but implementation in a real-world setting should
ensure that players being profiled through the interpretation of
inter-player data based models, are still able to withdraw from
profiling, as they would under conventional means.
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