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ABSTRACT

In this paper, we study the effect of information com-
plexity on player in-game behaviour and physiological
responses during a dilemma-based crisis management
game. We run a user study, where players attempt to
solve a crisis scenario while their in-game and physiolog-
ical activity is being monitored through game logs and
wearable physiological sensors. Results show that in-
formation complexity has noticeable effects on players’
decision making and physiological responses, while mod-
erate correlation was found between specific in-game-
and physiology-based behavioural features. This study
is focused on exploring behavioural patterns correlated
to various levels of information complexity. Our findings
can be applied in future studies aiming at designing per-
sonalised crisis management training scenarios.

INTRODUCTION

The use of digital games as training tools has been
steadily increasing in popularity over the last decades.
Complex and highly stressful tasks such as crisis man-
agement, require a significant amount of resources for
the proper training and education of expert staff. Digi-
tal games enable the simulation of such tasks, providing
an alternative and cost-efficient solution.

Furthermore, the introduction of game-based training
techniques has enabled multiple data collection chan-
nels during gameplay. Such modalities include in-game
action logging (Bakkes et al., 2014), peripheral and
wearable sensor data (Healey and Picard, 2005), and
trainee- or trainer-generated feedback (Sabourin and
Lester, 2013). Several multi-modal approaches have
been presented in studies that involve player modelling
(Pedersen et al., 2010), affect recognition (Kapoor and
Picard, 2005) and crisis management training (Mackin-
non et al., 2013). It has been shown that multi-modality
increases the robustness of player behavioural monitor-
ing (Holmg̊ard et al., 2015).

We employ the Mayor’s Game (van de Ven et al., 2014),
which enables the simulation of text-based, dilemma
solving crisis management scenarios. We have designed
three variants of a crisis scenario, which involve low,
medium and high information complexity. We run a
user study, where participants attempt to “solve” a cri-
sis scenario which has a pre-defined information com-
plexity level. For the remainder of this paper, we define
information complexity as the total amount of informa-
tion that is made available to a player as in-game text,
through non-player characters (NPCs). In the Mayor’s
Game, information is presented to players through dis-
crete messages, each presenting a new perspective to an
already described problem which needs to be solved.

The main motivation behind this study is the detec-
tion of behavioural patterns, with respect to specific
information complexity levels. We expect information
complexity to have an observable impact on (1) play-
ers’ approach towards solving the crisis scenario, and
(2) players’ (perceived) stress levels during gameplay.
To that end, we track player in-game actions to analyse
their decision making processes, while we use physio-
logical sensors and post-game questionnaires to retrieve
objective and subjective measurements of player affect
respectively. In the long term, the results of this study
will be leveraged in order to implement personalised cri-
sis management scenarios.

RELATED WORK

The detection, modelling, prediction and expression
of human player characteristics which are manifested
through cognitive, affective and behavioural patterns
in games is often referred to as player modelling (Yan-
nakakis et al., 2013). Multi-modal player modelling in-
volves multiple sources, through which descriptive infor-
mation about player behaviour is extracted. Methods of
multi-modal player modelling have been applied in en-
tertainment games (Pedersen et al., 2010), detection of
player affect (Mart́ınez and Yannakakis, 2011) and even
diagnosis of PTSD symptoms (Holmg̊ard et al., 2015).
Yannakakis et. al. have conducted a thorough study on
the methods and principles of player modelling (Yan-
nakakis et al., 2013).

Any computing that relates to, arises from, or influ-
ences user emotions is called affective computing (Picard
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et al., 1995). Over the last decades, scientists have been
developing new methods and devices to monitor and in-
terpret humans’ affective state. Such devices include
wearable physiological sensors, which have been previ-
ously used for tasks such as user emotion recognition
(Haag et al., 2004), entertainment modelling (Mandryk
et al., 2006) and stress detection (Healey and Picard,
2005). Gaming and affective computing have also been
combined in recent studies (Toups et al., 2006), where
skin conductance and heart rate were used as descrip-
tors of player affective state during gameplay. In partic-
ular, player experience analysis through affective signals
has been conducted using shooter games (Nacke et al.,
2011). In similar fashion, we leverage wearable physio-
logical sensors in order to extract descriptive features of
the affect of information complexity in players’ physio-
logical responses.
Regarding crisis management training, several key cog-
nitive characteristics (also referred at as “soft skills”
(Di Loreto et al., 2012)) of crisis managers have been
identified, and require to be trained on in order to main-
tain experts’ preparedness at a sufficient level (Stolk
et al., 2001). Such soft skills have been investigated in
previous studies and include teamwork & collaboration
(Sagun et al., 2009), strategic planning (Turoff et al.,
2005), leadership (Wallace and Suedfeld, 1988), stress
resilience (Janka et al., 2015) and information complex-
ity processing (Svensson et al., 1997). Crisis manage-
ment training sessions have also been implemented in a
large-scale real-life exercise (Helsloot, 2005), where team
coordination played a major role in the effectiveness of
multi-level decision making.
We believe each of the aforementioned soft skills need to
be studied in isolation, in order to yield valid results. It
has been shown that the outcomes of crises are likely to
be linked to responders’ personality traits (Wallace and
Suedfeld, 1988). Recently, Steinrucke et al. (Steinrücke
et al., 2019) studied the effect of time pressure as a stres-
sor on players’ analytical skills using the Mayor’s Game.
Similarly, this study identifies information complexity as
a core characteristic of crises, and leverages the Mayor’s
Game to study player decision making under various
levels of it.
A review on collaborative management games has been
conducted by Di Loreto et. al. (Di Loreto et al.,
2012). The authors define crisis management as “the
anticipation of foreseeable events and minimisation of
unexpected events during a crisis”. Furthermore, they
point out the importance of the use of predictive models
within the context of crisis management games, in order
to implement realistic and effective training scenarios.
In the process of implementing such predictive models,
a key step is to analyse player behaviour and extract de-
scriptive features to interpret it. The current study fo-
cuses on the latter two topics, by collecting behavioural
data through multiple modalities and analysing its cor-
relation to training scenario-related variables.

Figure 1: A screenshot of the Mayor’s Game. In the
bottom half of the screen, players are provided with the
scenario’s texts, while in the top half, five advisors pro-
vide additional information when an information bubble
appears on top of their avatars.

A key contribution to the field of crisis management
training is Pandora (Bacon et al., 2013). It pro-
vides a complete training environment, which includes
multi-modal player modelling through physiological sen-
sors, trainee self-reports and expert observation of
trainee performance. Furthermore, training scenarios
are adaptable, based on trainees’ real-time affective
state assessment. In our study we aim to extract in-
formation on player affective state through physiological
sensors. Similarly to Pandora, we aim to employ the ex-
tracted data in order to interpret players’ in-game and
physiological behaviour, and ultimately provide crisis
management experts with personalised crisis manage-
ment training scenarios.

METHODOLOGY

In order to study patterns in player decision making
under various levels of information complexity in a cri-
sis management game, we ran a user study using the
Mayor’s Game (van de Ven et al., 2014).

Mayor’s Game

The Mayor’s Game is a text-based, dilemma-solving dig-
ital game, originally designed to assess leadership skills
of town mayors in the Netherlands. During a Mayor’s
Game scenario, players become the mayor of a fictional
town which is undergoing a crisis. The crisis is initially
described to the player by a short text, and unfolds
through a sequence of dilemmas which have to be ad-
dressed in order for the scenario to end. Regardless of
the players’ answers to the dilemmas, each scenario has a
pre-defined ending, meaning that every player will have
to answer the same questions and reach the exact same
outcome. Dilemmas are “yes or no” type of questions,
and are designed in such a way where there is no right
or wrong answer; each answer represents a different ap-



Table 1: Setup of our experiment’s crisis scenario. For
each of the eight dilemmas provided, additional informa-
tion were either neutral (=), suggesting a “yes” answer
(+), or suggesting a “no” answer (-). Advice was always
given in the form of a two to one majority suggesting a
“yes” or a “no” answer.

Information ID
Dilemma ID 1 2 3 4 5 Advice

1 = = = - + +
2 = = = + - -
3 = = = + - +
4 = = = + - +
5 = = = - + -
6 = = = + - +
7 = = = + - -
8 = = = - + -

proach towards solving the crisis.

During the game, players are also able to interact with
a number of advisors (see Figure 1). These advisors
represent various institutions such as the police and fire
department, and provide additional information on the
players’ demand. They can also provide advice in the
shape of a “thumbs up” or “thumbs down”, which in-
dicates what their suggested answer is for the current
dilemma. Both additional information and advice are
optional and require players to explicitly click on the
advisors to request them. Moreover, depending on the
crisis scenario’s design, additional information and ad-
vice may not always be available.

Crisis scenario

The crisis scenario used in this experiment, discusses a
train accident in the outskirts of a fictional town. A
tanker train carrying hazardous toxic chemicals collided
with a truck on a road crossing, which caused the de-
railing of a tanker car which is leaking toxic gasses. The
scenario consists of eight dilemmas and the player is ac-
companied by five advisors, namely the communication
& press advisor, the public health services advisor, the
fire dept. advisor, the legal advisor and the police dept.
advisor (see Figure 1).

The scenario starts with a short description of the cri-
sis, followed by the appearance of the first dilemma. A
total of eight dilemmas appear sequentially, in 15 sec-
ond intervals. Each dilemma is accompanied by a short
description, and five pieces of (optional) additional in-
formation. For each dilemma, all of the advisors are
visible to the player, but whether or not they provide
the additional information pieces depends on the exper-
imental condition. Additional pieces of information are
designed to arrive in 15 second intervals, and are indi-
cated by an “information” text box above the advisors’
avatars (see Figure 1). Incoming additional informa-
tion does not interrupt gameplay. The scenario has a

Table 2: First dilemma encountered in the current sce-
nario. Experimental conditions 0, 1 and 2 provide in-
formation pieces 1, 1–3 and 1–5 respectively.

Dilemma ques-
tion

Are you allowing civilians to assist with the
evacuation?

Dilemma de-
scription

Because of the potential explosion hazard,
the CoPI and ROT plan to evacuate the
surrounding area within a radius of 300
meters around the burning truck.

Information 1 A daycare centre lies within the evacuation
radius.

Information 2 It is expected that there will also be par-
ents who want to pick up the children
themselves.

Information 3 An emergency ordinance is being prepared.
The police are sent to the nursery to assist
with the evacuation, because every child
care provider is able to attend to at most
four children.

Information 4 Evacuating is our job. We cannot bear the
responsibility that parents must take risks
to help us with the evacuation.

Information 5 The parents might become emotional if we
try to stop them. It is better to let them
help with the evacuation. Many hands
make light work.

maximum playtime of 20 minutes, after which it auto-
matically ends. Participants were instructed to answer
each dilemma as soon as they believe they have read
enough information to make a confident decision.

Experimental conditions

Three experimental conditions were designed: Low,
medium and high information complexity. These ex-
perimental conditions will be referred to as condition 0
(low), condition 1 (medium) and condition 2 (high).

In condition 0, players were provided with only one piece
of additional information from the advisors. In similar
fashion, in conditions 1 and 2 players were provided with
three and five pieces of additional information respec-
tively. Table 1 illustrates the distribution of additional
information. For each dilemma, the first three pieces
of additional information were designed to be neutral,
meaning that the information did not bias the player
towards a positive or negative answer. However, the
fourth and fifth pieces of additional information would
suggest either a negative or a positive answer. Regard-
less of experimental condition, for each dilemma, only
three advisors would respond with advice in the shape
of a “thumbs up” or “thumbs down”. There was always
a two to one majority towards a positive or negative an-
swer to the specific dilemma (see last column of Table
1). An example dilemma is illustrated in Table 2.



Data collection

97 participants (29 male) were voluntarily recruited
from Tilburg University’s student participant pool, with
an average age of 21.55 years (sd = 3.37 years). Due to
sensor recording failure, 18 out of 97 participants were
excluded from the dataset. This resulted in 81 valid
participants (25 male), out of which 26 were allocated
to condition 0, 25 allocated to condition 1, and 30 allo-
cated to condition 2. Before playing the Mayor’s Game
crisis scenario, participants were given a presentation
describing the goals of the study and the mechanics of
the game.

In order to collect physiological sensor data, Shimmer3
GSR+ (Burns et al., 2010) sensors were used. These sen-
sors are equipped with a Photoplethysmography (PPG)
and Galvanic Skin Response (GSR) sensor to measure
heart rate (HR) and skin conductance (SC) respectively.
Sensor sampling rate was set at 20 Hz. For every partici-
pant, a two minute baseline measurement (resting state)
of physiological activity was collected. Baseline data
collection enables the comparison of physiological data
between participants. Along with physiological data,
in-game activity is logged by the game engine and pro-
vided in XML format. Lastly, post-game questionnaires
were submitted by the participants, providing scoring of
their experiences in the valence-arousal-dominance scale
(Russell, 1980).

From the collected in-game and physiological data, sev-
eral features were extracted. These features have been
described in detail previously in (Mavromoustakos-Blom
et al., 2018). The raw PPG signal has been processed us-
ing the Heartpy (van Gent et al., 2019) python library,
while the raw GSR signal has been processed using the
Biosppy (Carreiras et al., 2015) python library.

RESULTS

In this section, we present the results acquired from ex-
perimentation. We divide results in three categories;
in-game behaviour related, player affect related, and a
correlation test between the two modalities.

In-game behaviour

Regarding in-game behaviour, we explore how informa-
tion complexity affects participants’ interactions with
the Mayor’s Game in three major aspects of the game:

1. Participant answers:

Figure 2 illustrates the percentage of “yes” answers
given by all participants per dilemma, in each ex-
perimental condition. Our first observation is that
in four out of eight dilemmas, participants in dif-
ferent experimental conditions have shifted from a
majority in “yes” answers to a majority in “no”

Figure 2: Percentage of participants that gave “yes”
answers per dilemma, for each experimental condition.

answers and vice-versa. More specifically, in dilem-
mas 1,2,4 and 7 the majority of answers has shifted
along with the complexity of provided information.

Furthermore, looking at Table 3, we observe the
total number of participants (per dilemma) that
requested advice from the advisors, in each ex-
perimental condition. In parentheses we indicate
the number of participants that followed the ad-
vice (answered according to the advice majority).
A Kruskal-Wallis statistical test showed no statisti-
cal significance in the number of participants that
followed the given advice across experimental con-
ditions (s = 0.91, p = 0.63). In all conditions, most
participants tended to follow the majority of the
advisors’ suggestions.

2. Additional information read:

In conditions 0, 1 and 2 participants had (optional)
access to one, three and five pieces of additional
information from the advisors respectively. We ex-
pected participants in different conditions would in-
teract differently with the advisors’ additional in-
formation.

Indeed, looking at Figure 3, we observe that partic-
ipants in condition 1 read 100% of the provided ad-
ditional information by average, while in condition
2 they consulted less additional information than
in the other two conditions. A Kruskal-Wallis sig-
nificance test has shown a significant difference in
the number of additional information read in con-
dition 2. (s = 7.77, p < 0.05), . By average, par-
ticipants took 56.9, 97.0 and 92.4 seconds to answer
each dilemma in conditions 0, 1 and 2 respectively.
This means, that even though participants had ac-
cess to the fourth and fifth additional information
in condition 2, most of them chose to proceed to
the answer without consulting those.



Table 3: Total number of participants that requested advice (yes or no) per dilemma, for each experimental condition.
In paretheses, the total number of participants that followed the given advice.

Dilemma ID
1 2 3 4 5 6 7 8

Condition
0 13(11) 11(8) 14(8) 13(6) 14(10) 20(12) 16(9) 14(6)
1 9(5) 12(10) 11(10) 12(9) 10(9) 18(17) 12(5) 11(3)
2 9(4) 10(7) 9(6) 5(4) 11(9) 11(11) 13(7) 11(2)

Figure 3: Percentage (out of total number available) of
additional information read per dilemma, for each ex-
perimental condition. Values greater than 1 mean that
additional information pieces were re-visited and re-read
by participants.

3. Advice requested:

Given that participants in different conditions had
access to a different number of additional informa-
tion pieces, we expected information complexity to
affect the number of participants that requested ad-
vice from the advisors. Table 3 illustrates the total
number of participants that requested advice per
dilemma, in each experimental condition. We ob-
serve a tendency of participants in condition 0 to
ask for advice more often, given the low information
complexity. A Kruskal-Wallis significance test has
shown a significant difference in number of times
advice was requested across all experimental condi-
tions (s = 16.0, p < 0.001).

Player affect

Player affect was analysed through two separate modali-
ties, namely post-game questionnaires and physiological
sensor data. From post-game questionnaire answers, we
analyse participants’ scores on three variables: valence,
arousal, and dominance. Each variable was scored on a
scale from 1 (low) to 9 (high). Looking at Table 4, we
observe no statistical significance across experimental

Table 4: Player affect related features across conditions,
described by mean and standard deviation, and tested
for statistical significance through a Kruskal-Wallis test
(significant difference found in condition 1).

Feature Condition µ σ2 s p

valence
0 5.8 1.4

1.0 0.581 6.0 1.2
2 5.6 1.4

arousal
0 4.0 1.6

0.48 0.781 3.8 1.4
2 3.9 2.0

dominance
0 5.6 1.3

2.3 0.301 5.9 1.5
2 5.1 1.8

diffSC
0 2.7 2.3

11.4 < 0.011 9.1 7.8
2 3.5 3.5

shiftSC
0 1.2 2.4

16.3 < 0.0011 8.3 7.9
2 1.5 4.0

conditions for these three variables. They were simi-
larly scored by participants across the three experimen-
tal conditions.
Regarding physiological sensor features, we ran statis-
tical tests for avgHR & avgSC (average HR & SC),
diffHR & diffSC (subtraction of maximum minus
minimum HR & SC), shiftHR & shiftSC (subtraction
of last minus initial value of HR & SC) and tsMaxHR,
tsMinHR, tsMaxSC & tsMinSC (timestamps of max-
imum/minimum HR & SC). diffSC and shiftSC were
the only features that showed statistical significance
across different experimental conditions, and are in-
cluded in Table 4. While participants in conditions 0
(low information complexity) and 2 (high information
complexity) showed relatively stable physiological re-
sponses (low standard deviation), participants in condi-
tion 1 (medium information complexity) showed signif-
icantly more variation in their physiological responses,
as described by these two features.

Cross-modal correlation

We investigated correlation between features that be-
long to different modalities. Alongside looking for the
effect that information complexity has on each modality
separately, we would like to observe whether the effects



Figure 4: Correlation matrix of in-game, physiological
sensor and questionnaire-related features. Each mea-
surement is the average value across all dilemmas.

are shared across two or more modalities. We collected
in-game and physiological sensor features during each
dilemma answered by the participants along with their
questionnaire scores, and created a correlation matrix
of these features (see Figure 4).
Looking at Figure 4, we observe correlation between
various physiological sensor-related features. Moreover,
there is a moderate (coeff > 0.3 or < −0.3) linear cor-
relation between the in-game feature tToAns (time re-
quired to answer dilemma) with the physiological sensor
features minHR (minimum value of HR, coeff = 0.36),
diffHR (difference between minimum and maximum
value of HR, coeff = 0.37), diffSC (difference between
minimum and maximum value of SC, coeff = 0.40). It
is important to point out that time required to answer
dilemma was measured as a percentage of total game
time, to normalise measurements across participants.

DISCUSSION

In this section, we discuss the results obtained through
experimentation. We identify how information complex-
ity has affected both players’ in-game behaviour and af-
fective state, while indicating how these findings can
be employed to supplement crisis management training
through the Mayor’s Game.

In-game behaviour

Table 3 and Figure 3 illustrate how differences in in-
formation complexity cause a shift in players’ decision
making processes. As Table 3 shows, the lack of addi-
tional information during gameplay, encouraged players
to consult the advisors significantly more (condition 0)
than in the other two conditions.
One may argue that this is the expected behaviour, how-

ever, Figure 3 shows that an increase in information
complexity is not necessarily followed by an increase
in the amount of information read by the participants.
Participants in condition 2 read approximately 75% of
the additional information provided, showing that in
most cases, 75% of the information provided is enough
for them to reach a final decision with confidence. In
real-life crises, neglection of incoming information can
lead to communication gaps, which may harm the effi-
ciency of crisis management (Palttala et al., 2012). How-
ever, through a crisis simulation game, after identifying
the amount of information deemed necessary for effi-
cient decision making, the next step would be to indi-
cate how information could be structured and commu-
nicated so that all involved parties are equally regarded.
Towards that goal, we ultimately aim to design adaptive
crisis management training scenarios, where the struc-
ture and source of incoming information will be based
on the players’ current information processing perfor-
mance.
Moreover, Figure 2 illustrates how participants’ aver-
age answer to each dilemma may shift across the three
experimental conditions. Not only can information com-
plexity affect the dominant answer type (dilemmas 1,2,4
and 7), but the average participant answer in condition 1
tends to follow the condition with dominant majority in
each dilemma. This leads us to the conclusion that even
if there is no right or wrong answer to a dilemma, var-
ious levels of information complexity have a significant
effect on crisis responders’ approach towards answering
it. Such inconsistency in decision making can also be a
major cause of sub-optimal crisis management response.
From the above observations and in the context of this
study, we conclude that condition 1 incorporates a level
of information complexity that leads to confident de-
cision making; participants in condition 0 consult their
advisors to retrieve more information, while participants
in condition 2 avoid consulting them.

Player affect

Regarding participants’ affective state, no significant
difference was found in post-game questionnaire scores
regarding the valence-arousal-dominance model across
different experimental conditions. This finding can
be explained by the low-fidelity nature of the Mayor’s
Game. A text based game with a “static” non-playing
character (NPC) setup does not seem to have a strong
effect on player emotions, as would be expected in a
real-life crisis.
However, we expect physiological sensor measurements
to enable a more fine-grained analysis of player affect. In
fact, Table 4 indicates that two skin conductance-related
features, namely diffSC and shiftSC, differed signifi-
cantly across experimental conditions. More specifically,
participants in condition 1 have significantly higher av-
erage measurement in both variables, meaning that that



the difference between the minimum & maximum and
initial & final SC measurement was significantly higher.
From this observation, we may assume that the level
of information complexity in condition 1 caused a dis-
tinguishable, yet ubiquitus physiological response from
the players. While we cannot conclude whether this re-
sponse derives from experienced stress, excitement, un-
certainty or any other aspect of human cognition, we be-
lieve this result is worthy of further investigation. Iden-
tifying the source of this subtle effect, may be employed
towards increasing the fidelity of virtual crisis manage-
ment training scenarios. Moreover, the moderate corre-
lation between diffSC and the average time taken to
answer dilemmas (see Figure 4), indicates that there is
a relationship between players’ playstyle and their phys-
iological responses.

Condition 1

By assessing the aforementioned results and observa-
tions, we identify condition 1 as a salient condition. Par-
ticipants in condition 1 show a difference in playstyle,
which includes not only the patterns in which they pro-
cess information before answering dilemmas, but also
participants’ answers themselves. In condition 1, par-
ticipants consulted 100% of the additional information
provided by the involved advisors. This pattern was
not observed in condition 2, despite more information
pieces being available to the players. In a real-life crisis
scenario, uniform decision making and coordination of
communication are needed (Palttala et al., 2012). To
that end, we claim that participants in condition 1 were
the highest performing by average, in terms of additional
information processing. However, this does not mean
that participants in other groups underperformed; an
increase in information complexity (condition 2) may
cause higher uncertainty, which the participants seem
to avoid. Furthermore, physiological sensor data has
shown that condition 1 causes a significant increase in
skin conductance-related values, indicating that infor-
mation complexity can have an effect on player physiol-
ogy. Lastly, since a moderate linear correlation between
in-game and physiological behaviour was observed, we
believe that a multi-modal approach should be preferred
in the context of this study.

Limitations

As this study’s results show, information complexity has
affected players’ playstyle more than their physiolog-
ical responses. In an attempt to extract player sub-
jective scorings of affect through the valence-arousal-
dominance module, we observe no significant differences
across experimental conditions. The low fidelity nature
of the Mayor’s Game seems to have a mild impact on
player affective state, regardless of experimental condi-
tion. That being said, we acknowledge that crisis man-

agement training scenarios through the Mayor’s Game
should mostly focus on player decision making and in-
formation processing instead of providing a realistic, im-
mersive crisis management experience.
Lastly, with this study’s participant pool consisting of
university students, we recognise that results may vary
when actual crisis responders are put under experimen-
tation. We expect experienced experts to have devel-
oped specific decision making skills, probably decreas-
ing the observed variety across experimental conditions.
However, experts may relate to the scenario’s texts more
intimately, which could have noticeable effects on their
physiological & affective responses.

Conclusion

In this paper, we presented a multi-modal study of
player decision making under various levels of informa-
tion complexity. Our goal was to determine whether,
and to what extent information complexity can affect
not only player playstyle, but also their physiological
responses during gameplay.
Using the Mayor’s Game, we ran an experiment in three
separate conditions: low, medium and high informa-
tion complexity. During gameplay, we collected game-
generated logs to monitor player in-game behaviour,
while at the same time measured players’ physiolog-
ical responses through wearable physiological sensors.
Moreover, we requested players’ objective affect scoring
through post-game questionnaires, using the valence-
arousal-dominance model. We ran statistical analyses
on the collected dataset, to identify patterns of player
decision making that correlate to the level of informa-
tion complexity presented to them.
Results show that players did not perceive the three
conditions differently in terms of experienced affect, as
shown from the analysis of the questionnaires. However,
we have identified that under the medium information
complexity condition, participants’ in-game and phys-
iological behaviour significantly varies with respect to
the other two conditions. Players in the medium in-
formation complexity condition tend to read 100% of
the game’s provided information pieces, whereas partic-
ipants in the high information complexity condition tend
to read less information, albeit more is available to them.
Furthermore, participants in the medium information
complexity condition show significantly higher variance
in specific skin conductance-related features, indicating
a higher impact in player’s physiological responses, with
respect to the other two conditions. Lastly, moder-
ate correlation was found between heart rate- and skin
conductance-related features and players’ in-game ac-
tions.
Our long-term aim is to provide crisis management ex-
perts with an adaptive, personalised crisis management
training environment. Our main focus in future stud-
ies is to drive crisis responders towards uniformly dis-



tributed information processing, while maintaining con-
sistency in their decision making.
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