UTRECHT UNIVERSITY

Department of Information and Computing Sciences

Computing Science master thesis

Building Interpersonal Skill Profiles for Players in

Competitive Team-Based Online Games

First examiner:

Dr. Julian Frommel

Second examiner:

Dr. Johannes Pfau

September 10,

Candidate:

Jin Kai Huang

In cooperation with:

Patterns GG Limited

2024



Abstract

The world of esports has seen rapid growth in the past decade. Despite
this rapid growth, non-technical skills, such as communication, in a com-
petitive team-based environment are an understudied topic, even though
professional players, experts, and the esports community alike, do agree
that non-technical skills and team dynamics affect the performance and
potential of a professional esports team. Other research fields, where high-
pressure teams play a central role, have realised the importance of non-
technical skills, which led to the implementation of various methods to
measure these skills. These methods can be applied to the esports industry
as well due to the similarities between teams in competitive team-based
online games and high-pressure teams in sectors such as the military, avi-
ation, and emergency services. In this study, interpersonal skill profiles
were defined based on methods used in these other fields. Participants
were recruited whose data were collected. These data were then cleaned
and manually labelled. Afterwards, interpersonal skill profile scores were
defined based on literature from related fields and domain knowledge.
These scores were then calculated using quantitative measures derived
from the input data and visualised to allow the comparison of players’
non-technical skills. Lastly, an automatic labelling model was trained us-
ing the manually labelled data to automate the entire implementation. The
results showed that the profiles were able to differentiate between players
based on their non-technical skills, and that there is potential in applying
team dynamics related methods used in other research fields to the world

of esports.
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1. Introduction

The world of esports has seen rapid growth in the past decade, with in-
creasingly more game developers, potential sponsors and investors, and of
course fans and gamers becoming more interested [1]-[3]. Despite the in-
creasingly higher stakes and prize money professional esports teams com-
pete for at the highest level, team dynamics and non-technical skills in teams
in competitive team-based online games have been an understudied topic
[3], [4]. Even though there is a lack of documented research, professional
players, experts, and the esports community alike, do agree that having a
team that consists of the most technically capable players on paper does not
necessarily lead to success, with many notable examples across a wide va-
riety of esports titles in the past few years [5]-[14]. This suggests that team
dynamics and non-technical skills play a large role in competitive team-

based online games.

Meanwhile, non-technical skills have become increasingly more impor-
tant across various fields and industries where high-pressure teams play a
central role. For example, in the aviation community, considerable empha-
sis has been put on crew members’ non-technical skills as a crucial factor
for enhanced safety [15]. This development led to the introduction of be-
havioural marker systems in these fields to evaluate the non-technical skills
of the high-pressure team members, e.g., NOTECHS in the aviation sector
to evaluate non-technical skills of pilots [16]. Tan et al. showed that prin-
ciples and methods that are being applied in other fields can be applied to
esports as well due to the similarities between teams in competitive team-
based online games and high-pressure teams in sectors such as the military,
aviation, and emergency services [17]. This approach could solve the prob-
lem of building competitive teams that are bound to fail due to its members
having clashing interpersonal skills (meaning how they interact and com-

municate with others), and thus, will not get along.



This research project investigates team dynamics within teams that com-
pete at a high level in competitive team-based online games. It aims to de-
fine interpersonal skill profiles based on categories inspired by behavioural
marker systems used in other research fields, communication metrics, and
in-game data such as match metadata. Furthermore, it aims to solve the
largest downside of behavioural marker systems, which is the need for an
expert rater to manually evaluate the categories of these systems [15], [16].
After defining the interpersonal skill profiles, they can be automatically as-
signed to players by mapping communication data and other in-game data
to the interpersonal skill profile components. The entire process requires
a great deal of data and analysis. Therefore, the esports scene is a perfect
candidate for this study due to its size and growth, meaning there is a large
amount of potential data to be collected [1], [3]. There exists a wide vari-
ety of esports titles across various video game genres and platforms, with
the most popular titles of 2023 being League of Legends, Mobile Legends: Bang
Bang, Counter-Strike, VALORANT, and Dota 2 [18]. This research project will
focus on VALORANT, which is a 5-versus-5 character-based tactical first-
person shooter developed by Riot Games [19]. A more in-depth explanation

about the game will be given in Section 2.1.

In this study, interpersonal skill profiles were defined based on be-
havioural marker systems employed in other research fields and an auto-
matic approach was implemented to assign the profiles to players in teams
in competitive team-based online games. Firstly, participants were recruited
whose voice and in-game data were collected. The voice data were then
transcribed, cleaned, and manually labelled. The manually labelled data
were later used to train the automatic labelling model. The approach in this
study consisted of two parts. The first part consisted of the aforementioned
automatic labelling model that assigns labels to voice chat transcriptions.
These labels were defined based on research done in other fields and do-
main knowledge. The second part of the approach consisted of an algo-
rithm that calculates interpersonal skill profile scores based on quantitative
measures that include labels assigned in the first part. Four scores were de-

fined based on literature from other fields, domain knowledge, and qualita-
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tive observations made during the data collection and cleaning process. Af-
ter calculating the scores, the algorithm can visualise the interpersonal skill
profile of a player in various charts. The results showed that the automatic
labelling model had a validation accuracy of 82.1% and that the algorithm
was able to differentiate between players based on the four interpersonal

skill profile scores that make up their non-technical skills.

The main contributions of this study are: (1) defining interpersonal skill
profiles based on team dynamics research done in other fields, (2) imple-
menting an automated approach that assigns interpersonal skill profiles to
players in teams in competitive team-based online games, (3) showing that
the approach is able to differentiate between players based on their non-
technical skills, and (4) showing that there is potential in applying methods

used in related research fields to the world of esports.



2. Related Work

In order to properly motivate how this research project contributes to the
research areas it is related to, it is important to grasp the main concepts and
relevant recent advancements in these areas and identify where the gaps
lie. Section 2.1 will give an in-depth explanation about VALORANT and
explain why it is a good fit for the project. Sections 2.2, 2.3, and 2.4 will
touch upon the aforementioned research areas and show how this research

project differs and takes inspiration from previous literature.

21 VALORANT

VALORANT is a 5-versus-5 character-based tactical first-person shooter de-
veloped by Riot Games [19]. A match of VALORANT consists of two 5-
member teams: the attackers and defenders. The goal of the attackers is
to plant the spike and let it detonate, which happens after a set amount
of time, or to eliminate all the defenders. The goal of the defenders is to
stop the spike from being planted, defuse the spike before it detonates, or to
eliminate all the attackers (assuming the spike has not been planted yet, else
it must still be defused after eliminating all the attackers). Before the match
starts and every player enters the playable map, they must select an agent.
Every agent has different abilities and fulfil different roles, namely: Duelist,
Initiator, Sentinel, and Controller. The different abilities and roles impact
the team composition, which affects how a team plays. A round of VAL-
ORANT consists of three phases: Pre-round, round, and post-round. The
pre-round phase is a short phase where players can devise an approach to
the round and spend credits on weapons, armour, and abilities. The round
itself lasts 100 seconds and may be extended by 45 seconds by planting the
spike. Due to how short a round is, the game is very fast-paced. Every sec-

ond matters, and teamwork and communication are very important. The
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post-round phase is a very short phase where players that are still alive
may pick up weapons dropped by other players. Other factors and ele-
ments impact the dynamics of the game as well, such as ultimate, utility,
and economy management. A team has won the match if it is the first to
win 13 rounds (or the first to win both overtime rounds in case the match

goes into overtime) [20].

Due to how fast-paced and dynamic the game is, and how well-
established the esports scene of the game is, it is well-suited for this re-
search project [21]. At the highest competitive level of the game, where
every player possesses similar technical skills, team dynamics and commu-
nication make the difference [22], [23]. This makes it especially interest-
ing to investigate team dynamics within high-level competitive VALORANT

teams.

2.2 Analysing Data in Online Games

1) Analysing in-game data: In order to create interpersonal skill profiles for
every player, voice and in-game data, such as data about a match or the
rounds played within a match, are required. The former can be directly col-
lected from a video game if no third-party voice chat application is used,
but due to its personal nature, it might raise privacy concerns. The latter
can be obtained non-intrusively, as the data can often be directly collected
from a video game or its application public interface (API) [24]. Nascimento
Junior et al. solely used the API provided by game developer Riot Games to
identify and characterise team behaviour based on historical matches from
online game League of Legends [24]. The authors used K-means clustering
to cluster teams’ performance and investigated for each cluster how and to
what extent these features had an influence on the success and failure of the
teams [25]. A similar approach could potentially be used to cluster players,
i.e., create interpersonal skill profiles that are able to differentiate between
players. Tan et al. researched how short-lived ad hoc teams of strangers
communicate and investigated its effect on team performance using online

game Portal 2. In their research, they only analysed text messages extracted
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from the game but stated that the lack of in-game communications and voice
chat in their analysis is a limitation. By including this data, a more com-
prehensive understanding of the relationship between communication and
performance could be gained [26].

2) Analysing voice data: Voice chat is a feature that is incorporated in many
online games and is an integral part of competitive team-based online games
due to how important teamwork and communication are [27], [28]. Hence,
the inclusion of voice data is essential to create interpersonal skill profiles.
Reid et al. presented a modelling approach in their research that uses fea-
tures derived from verbal communication data and minimal game metadata
from the online game Overwatch to predict if a match was toxic or not. The
minimal game metadata they used consisted of three features which were
directly available in the game client. These features included the match out-
come, the match rank, and the number of players in the party of the player
whose data were collected. The authors evaluated three classification mod-
els, namely random forest (RF), support vector machine (SVM), and logistic
regression, but state that other approaches that work directly with audio
features, such as self-attentive convolutional neural networks (CNNs), may
be promising for future work [29]. Even in the case of a model that is al-
most fully reliant in voice data, minimal game metadata is still collected
and used. This points towards the usage of both voice and other in-game
data, such as match metadata and player performance data, for modelling
purposes. Other studies seem to have a similar approach, and some studies
even include self-report data such as data obtained via questionnaires. For
example, Tan et al. investigated team communication as a potential mea-
sure in a mixed methods study in the online game League of Legends. In
their study, they used a combination of behavioural (observable behaviours
via team communication) data, in-game data, and self-report data. They
conducted an in-depth exploratory qualitative analysis and found which
communication sequences low and high cohesion are associated with re-
spectively [17]. Players’ observable behaviours via team communication
and patterns in their communication sequences can contribute to how they

should be profiled. Another example is a study conducted by Frommel et
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al. In their study, they collected audio, video (webcam), in-game, and self-
report data, from which they extracted 75 features to use in their RF and
SVM models. With these models, they tried to predict affiliation between
dyadic strangers, facilitated through their social interactions in a collabora-
tive online game called Labyrinth. One of their findings is that a player’s
interpersonal affiliation towards a co-player in an online game setting can
be predicted from unobtrusively gathered behavioural data [30]. This in-
terpersonal affiliation towards a co-player could be an interesting feature to
look at for the interpersonal skill profiles. Furthermore, their findings show
that this could potentially be predicted by a model using data that is non-
intrusively collected from a game’s APIL This means that the assignment of

interpersonal skill profiles could perhaps be fully automated.

Based on previous research done in the field and recommendations from
other authors, a combination of voice and other in-game data, and maybe
even self-report data, should be collected to create interpersonal skill pro-
files. A model that might be suitable for handling this data is a (self-
attentive) CNN. It is also critical to know how these interpersonal skill pro-
files should be defined, e.g., what metrics and factors should be used or
considered. For that, it is important to look at team dynamics in teams
in competitive team-based online games but also team dynamics in real-
world high-pressure teams, such as military, aviation, emergency, and sur-

gical teams, due to the similarities these two share [17].

2.3 Team Dynamics in Online Games

1) Team dynamics: Team dynamics describe the interpersonal interactions,
communication patterns, and behaviours exhibited among members of a
team, and they are a key component of the interpersonal skill profiles. Fur-
thermore, they play an important role in the success of a team. At the high-
est competitive level, where competitors possess similar technical skills (of-
ten referred to as mechanics or micro gameplay), which encompass aim,
movement, and ability usage in VALORANT, achieving optimal performance

can potentially be attributed to team dynamics and communication [22],

10
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[23]. The latter plays a big role in the macro gameplay, which refers to higher
level elements such as strategic considerations, ultimate/utility /economy
management, and map awareness. It is important to communicate and
make correct decisions based on the available information [23]. Wanyi pro-
vided an overview of studies concerning the impact of team dynamics on
performance in the esports industry. In her paper, she identified the charac-
teristics of successful esports teams. These characteristics include the vari-
ability of the team composition, team communication, team cohesion, and
trust in other team members [31]-[33]. The characteristic that is the easiest
to measure, given the aforementioned types of in-game data, is team com-
munication. Therefore, the study will put more focus on this characteristic.
2) Non-verbal communication: Team communication in competitive team-

based online games consists of two types of communication: Non-verbal
communication and verbal communication. The former often consists of
text chat, pings (alerts that are easy to active and provide auditory and vi-
sual cues for team members), pre-defined messages and responses which a
player can easily select, and annotations [17], [34], [35]. Wuertz et al. found
that players of online game Dota 2 view pings an essential tool for planning
and coordination [35]. Unfortunately, the API provided by Riot Games for
VALORANT does not provide data regarding text messages, pings, and pre-
defined messages and responses [24]. Furthermore, at the time of writing,
unlike most other esports titles, VALORANT does not have an official match
demo or replay system implementation, which makes collecting non-verbal
communication data impossible [36]. Thus, a focus will be put on verbal
communication.

3) Verbal communication: The second type of team communication is ver-
bal communication. Several studies have shown that verbal communica-
tion has a positive impact on a team or online community [28], [31], [33].
Williams et al. performed a controlled field experiment where they intro-
duced verbal communication in an existing online community in online
game World of Warcraft. By comparing data collected from a community
that used both verbal and non-verbal communication to data collected from

a community that kept using non-verbal communication only, the authors

11
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found that liking and trust among the community members increased due
to the addition of voice chat [37]. These findings are in line with the find-
ings of De Jong et al. [33]. Overall, these studies put further emphasis on
the importance of verbal communication within a team environment. In a
game such as VALORANT, verbal communication can roughly be divided
into two main categories: Call-outs and strategies. Call-outs are short tacti-
cal phrases that occur during a round in the game. These phrases are brief,
highly spatially and temporally contextual, and encoded with game state
information. Furthermore, it is not uncommon to repeat call-outs to stress
the urgency of the information, as information is often outdated after a few
seconds due to the high-paced nature of the game. Call-outs are important
because every member in a team has their own view into a 3-dimensional
world. It is therefore important to convey information to team members
which they are not able to gather from their own point of view [38]. Strate-
gies are longer segments of verbal communication that can occur during
any game phase and encompass a tactic, game plan, or idea. Often, a cer-
tain tactic or game plan is devised during the pre-round phase based on
the available information, resources, and potentially even predictions (also
known as reads) based on how the enemy team has behaved in previous
rounds or even games. During the round, the team might adjust their tactic
or game plan based on events that have already occurred during the round,
newly obtained information, e.g., via call-outs, and potential reads. This is
also known as mid-rounding [39]. These strategic verbal communication
segments play a large role in the previously mentioned macro gameplay
[23].

In the context of this research paper, understanding the logic behind call-
outs and strategies, and how they impact team dynamics is essential. Every
player is different. One player might give numerous precise call-outs and
devise a game plan every round, but another player might give less call-
outs and use the verbal communications channel as a medium to vent their
frustration instead. The differences in how both verbal and non-verbal com-
munication channels are being used and how players react and reply to their

team members may help define part of the interpersonal skill profiles.

12
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24 Team Dynamics in High-Pressure Teams

1) Non-technical skills and behavioural marker systems: In other fields, such as
the aviation industry, emphasis on non-technical skills has increased over
the past few decades [15]. In the late 1990s, NOTECHS was introduced as a
behavioural marker system to evaluate the non-technical skills of pilots [16].
Over the next few years, the system, or a variety thereof, became widely
adapted by several airlines [15], [40]. The NOTECHS system consists of
four categories: Co-operation, Leadership and Managerial Skills, Situation
Awareness, and Decision Making. Every category is subdivided into ele-
ments and behavioural markers. The former are related to and derived from
the categories they are a part of. The latter are examples of good and poor
practice and belong to an element. Given these elements and behavioural
markers, a domain expert can assess the non-technical skills of a pilot [15].
It is worth mentioning that communication is not a separate category in the
NOTECHS system. According to Birch et al., this is because communica-
tion skills are inherent in all four categories and all the listed behaviours
in the system include communication [41]. Ceschi et al. presented a system
based on NOTECHS called NOTECHS+. It has two additional categories
(Resilience and Emotion Regulation) and was developed for a sector that
comprises both aviation and emergency personnel: the Helicopter Emer-
gency Medical Service (HEMS). The system offers a systematic approach
for the assessment of non-technical skills of professionals involved in the
aviation and emergency sectors. According to the authors, their system is
also applicable in other fields where unforeseen events might happen reg-
ularly and where it is important to be trained to cope effectively and main-
tain situational awareness under stressful conditions. Examples include the
military and healthcare [42]. To a lesser extent, this might be applicable to
teams in games such as VALORANT. Sometimes, despite playing perfectly
on the macro level, a team might still lose a round due to bad luck or other
factors outside its control. When such unfortunate events occur more fre-
quently, a player or team might experience tilt. This term is often used to

describe a phenomenon associated with frustration and a subsequent dete-
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rioration in performance [43]. In order to succeed at the highest competitive
level, it is important to stay strong mentally and overcome tilt [22]. There-
fore, the additional categories of NOTECHS+ might contribute to a compo-
nent in the interpersonal skill profiles. Neither NOTECHS nor NOTECHS+
have communication as a separate category; however, the same does not
hold for all behavioural marker systems. Hamlet ef al. constructed two be-
havioural marker systems: HeliNOTS (O) for offshore transport pilots and
HeliNOTS (SAR) for search and rescue crews; each with domain-specific
behavioural markers. All focus groups in the study reported a strong pref-
erence for a standalone communication category due to the importance of
this skill to helicopter crews. Similar findings were reported by Yule et al.
and Irwin et al. Yule et al. developed a behavioural marker system for sur-
geons called Non-Technical Skills for Surgeon (NOTSS) which includes four
categories: Situation Awareness, Decision Making, Communication, and
Teamwork and Leadership. Similar to NOTECHS, each category is subdi-
vided into elements [45], [47]. Irwin et al. developed a behavioural marker
system for farmers called FLINTS. Its prototype taxonomy consists of five
categories (Situation Awareness, Decision Making, Teamwork and Commu-
nication, Leadership, and Task Management) which are subdivided into el-
ements [46]. Overall, a large overlap in categories can be noticed between
the behavioural marker systems across different fields, with the main differ-
ence being the inclusion or exclusion of a separate communication category.
Since communication information gained from both verbal and non-verbal
communication channels is essential in this research project, it is important
to look at the role communication plays in the aforementioned behavioural
marker systems and how this can be properly modelled in the interpersonal
skill profiles.

2) Team cognition: Team cognition encompasses the organised structures that
support the members of a team to acquire, distribute, store, and retrieve
critical knowledge [48], [49]. It plays an important role in both esports and
real-world high-pressure teams. Cooke et al. analysed team cognition in
experienced versus inexperienced command-and-control teams and found

some key differences. When focusing on team communication and coordi-
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nation, which is more applicable to this research, they found that experi-
enced teams have a smaller coordination/communication ratio. This ratio
can be defined as the number of coordination events divided by the num-
ber of total communication events through voice chat. According to the
authors, a smaller ratio might suggest that experienced teams have more ef-
ficient communication, freeing up cognitive resources for off-task commu-
nication. Furthermore, it might suggest that experienced teams interact and
think about interactions differently [50]. Therefore, it is also worth consid-
ering the number of call-outs, the number of total voice chat messages sent,
and the ratio between these two as potential metrics in the interpersonal

skill profiles.

Research done in other areas that share similarities with the research area
of this work can give a large amount of insight and ideas about the direction
of this research project. behavioural marker systems such as NOTECHS re-
quire expert raters to manually evaluate the categories of the systems [15],
[16]. Furthermore, these experts have access to more data and resources
than just voice communication data and their equivalent of other in-game
data. In contrast to these systems, this research project aims to automate
the evaluation of the interpersonal skill profile categories. Due to the dif-
ferences in available data compared to the other fields, communication and
other in-game data will have to be mapped against categories and metrics
such as decision making, teamwork, and leadership. It will also be essential
to properly define the metrics and factors that will make up the interper-

sonal skill profiles.

2.5 Research Motivation

Based on the research gaps described in the previous sections, this research
project aims to define interpersonal skill profiles, which are inspired by be-
havioural marker systems employed in other research fields. Due to the
similarities between teams in competitive team-based online games and
real-world high-pressure teams, it is possible to apply some findings in this

research project [17]. As mentioned before, data availability might pose a
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problem, but solving this problem would mean that perhaps in the future,
assessment using behavioural marker systems in other fields could be au-
tomated as well, or the assignment of interpersonal skill profiles to high-
pressure team members might also become possible. Furthermore, due
to the abundance of potential data available to researchers in this field, it
makes for a great test bed to study team dynamics and team cognition. This

project aims to achieve the following research goals:

RG1: Define interpersonal skill profiles in competitive team-based online

games based on team dynamics research done in related fields.

RG2: Build and evaluate a model that takes voice and other in-game data,

such as game metadata, and constructs interpersonal skill profiles.

16



3. Methodology

Inspired by previous literature, voice and other in-game data had been col-
lected for this study. Firstly, participants were recruited whose voice and
in-game data were collected. Then, the interpersonal skill profiles were de-
fined based on categories used in behavioural marker systems employed in
other fields, communication metrics, and other in-game data (RG1). Lastly,
a mapping was created from the collected data to interpersonal skill profile
scores. This process was then automated using an approach that first labels
input data and then calculates the interpersonal skill profile scores. In order
to automate the first part of this approach, labels were defined, and input
data were manually labelled in order to train an automatic labelling model.
After the model had been fine-tuned and trained, the entire approach could
be automated. Lastly, the results of the model were evaluated to prove that
it works (RG2).

3.1 Data Collection

The data for this study were gathered through high-level VALORANT

matches recorded using a tool provided by Patterns GG. The tool collects
voice chat data, in-game data, and gameplay footage. Furthermore, it tran-
scribes the voice data to text and adds timestamps to the text segments. The
transcribed data and the in-game data are saved in JSON files, which allows
easy accessibility. The transcription is done by OpenAl’s Whisper model
[51]. A local instance of the Whisper model was run on Pattern GG’s servers
to ensure the input data would not get shared with external parties. This is

essential due to the privacy-sensitive nature of voice data.

The study had to pass the Ethics and Privacy scan of the institution first
before the participant recruitment phase could start. The approved appli-

cation can be viewed in Appendix A. Participants were recruited via var-
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ious means and were recruited in teams of five with optional substitute
slots. Participation requirements were as follows: participants should at
least be 18 years old and their VALORANT rank should be at least Dia-
mond 1. Furthermore, participating teams were required to communicate
in English. During the recruitment phase, two teams were recruited. One
team consisted of five high-ranked players and two substitutes. The other
team consisted of five high-ranked players, a coach, and two substitutes,
that compete together in the VALORANT Game Changers open circuit, which
is part of Riot Games’ esports circuit exclusively for marginalised genders
[52]. Both teams were asked to play a minimum of ten matches to collect
game and voice data for the study. Before all the participants confirmed
their participation, they had given their consent and knew that their data
would be used for a search project. Furthermore, they were made aware of

the fact that they could back out of the study at any time they wanted.

The first team played a total of fourteen matches and the second team
played a total of ten matches. After the voice data of these matches had
been transcribed, they were manually cleaned to assure correctness. Un-
fortunately, due to time constraints, errors encountered by the participants
while using the tool, and the low accuracy of the Whisper model, only five
matches per team were fully cleaned. Then, the cleaned data could be man-
ually labelled, after which a model would map the labelled data to interper-
sonal skill profile components, but first, the interpersonal skill profiles had
to be defined.

3.2 Interpersonal Skill Profiles

Interpersonal skill profiles take inspiration from behavioural marker sys-
tems such as NOTECHS, but it is not possible to fully copy the categories
used in those systems due to the differences in main objectives and how
the teams operate. Therefore, only two categories from NOTECHS were
adapted for the interpersonal skill profiles, namely Leadership and Managerial
Skills, and Situation Awareness [16]. These two categories contain elements

and behaviours that could be adapted into VALORANT equivalents and
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could also be measured given the available input data. Resilience and Emo-
tion Regulation, as introduced by Ceschi et al. in their system NOTECHS+,
also became a part of the interpersonal skill profiles due to the importance
of mental resilience at the highest level of VALORANT [22], [42]. Unfor-
tunately, the system lacks behavioural markers in the style of the original
NOTECHS. Therefore, the interpersonal skill profile components also took
inspiration from other literature [17], [53]. A more in-depth explanation will
be given in Section 3.3. Lastly, Communication was added as a category due
to its overall importance. To emphasise the focus on task-related commu-
nication, the category was renamed to Communication Utility. The commu-
nication metrics that were measured in this project are quantitative and are
based on the findings of Cooke et al. [50]. All the adapted components can
be viewed in Appendix B.

3.3 Mapping Data to Interpersonal Skill Profiles

After defining the interpersonal skill profiles, an approach that takes the in-
put data and generates an interpersonal skill profile could be defined. This

approach consisted of two parts:

1. A model that takes the input data and automatically labels the data
accordingly.

2. An algorithm that takes the labelled data and calculates the interper-

sonal skill profile scores.

In order to create a model that labels the input data correctly, the labels
have to be properly defined first. These labels are based on the components
shown in the previous section, definitions of game or domain-specific terms,
descriptors from the coding scheme of Zijlstra et al., and descriptors added
to the aforementioned coding scheme by Tan et al. [17], [38], [53]. The labels

can be seen in Table 3.1.
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Label

Description

Examples

Call-out: Directive

Telling the team or a spe-
cific team member to do

something.

"Peek him, peek him, peek
him."; "Watch out."

Call-out: About self

Notifying the team about

their own status.

n,on

"I smoke."; "Darting

backsite."

Call-out: About enemy

Notifying the team about

the enemy team’s status.

"There’s two site."; "Omen
vents."; "Guys, they have

"

€Co.

Call-out: Environment

Notifying the team about

"There’s a wall."; "Market

celebrate, or comfort the

team or a team member.

the environment. door shot."

Strategy One or multiple commu- "I think we play Cypher
nication segments that A maybe and we fight
encompass a tactic, plan, B main."
or idea.

Question/Inquiry Requesting for informa- "Do you want to fight
tion or asking for confir- them?"; "Where is Brim?";
mation. Questions do not "Was the spike mid or B?"
contain recommendations
and are game-related.

Answer/Confirmation Any response to a ques- "Okay, sure."; "Yep.";
tion. Includes "yes/no" "Okay."; "Yeah.", "No, I
responses as confirmation | couldn’t.”
to questions.

Encouragement Statements that encourage, | "Nice, nice shot."; "Nice

try."; "Nice, insane guys."

Anger and Frustration

Statements that exhibit

feelings of anger or frus-
tration. These can be di-
rected towards the team,

teammate, enemy, or self.

"Oh, are you kidding
me?"; "I can’t, this game
is so bad."; "What the hell."

Apologies and Remorse

A remark that expresses
sorrow or regret for prior

action.

"My bad, my bad."; "Wait,
I'm sorry."; "Sorry for the
flash."

Miscellaneous

All segments that do not
fall under the categories

listed above.

"Tum tum tum tum tum.";
"Whack-a-mole shit."

Table 3.1: Table containing the labels, their descriptions, and various examples
taken from the collected data. Game-specific terms such as agent names or
location names of areas in the playable maps are underlined.
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3.3 Mapping Data to Interpersonal Skill Profiles

3.3.1 Automatic Labelling Model

After the labels had been defined, they were manually assigned to every
text segment in the ten matches that were cleaned during the data collec-
tion part of the study. This process led to a grand total of 10,880 manu-
ally labelled text segments. After removing duplicates, 8,384 unique text
segments remained. Other than cleaning the data, common pre-processing
steps in natural language processing, such as lemmatisation and the con-
version of uppercase to lowercase, were not taken. This is due to the fact
that some important information might be lost in this process. For exam-
ple, "smoke B" and "smokes B" have very different meanings. Furthermore,
there is a large difference between ‘a” and "A” as the latter can refer to a site
in VALORANT.

Distribution of text segments per label
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Figure 3.1: Bar chart showing the distribution of text segments per label in the
data set. The data set consists of 8,384 unique text segments and 17 unique
labels.

Data set analysis showed that the data set was very imbalanced, as can
be seen in Figure 3.1. 2,468 text segments (29.44% of the data set) were
labelled 'co_enemy’, while only 9 text segments were labelled ’strat_en-
emy_econ’. Even though it makes sense that call-outs about the enemy

occur most frequently in VALORANT matches, it would pose a challenge
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for the automatic labelling model. To combat this imbalance, balanced class
weights were created using the scikit-learn library, which uses a heuristic

inspired by King and Zeng [54], [55].

The automatic labelling model is an implementation of the RoBERTz
model by Liu et al., which is a transformer-based language model built on
the BERT model by Devlin et al. [56], [57]. It is pre-trained on five large
English-language corpora, which significantly reduced the time and com-
putational power needed to train the automatic labelling model for the En-
glish text segments in the data set. The model was implemented in Python
using the Keras, scikit-learn, TensorFlow, and HuggingFace Transformers
libraries [55], [58]-[61]. Hyperparameter tuning was performed in order to
maximise the model’s performance. Several combinations of hyperparam-
eter values were tested, with the best combination leading to a validation
accuracy of 82.1%. The results of the hyperparameter tuning process are
shown in Table 3.2. Some hyperparameters remained unchanged through-
out the tuning process, namely the max token length (256), batch size (32),
loss function (sparse categorical cross-entropy loss), and optimiser (Adam)
[59], [62].

Test split | Epochs | Learning rate | Class weights | Accuracy
0.1 5 0.00001 Yes 77.8%
0.1 5 0.00001 No 80.2%
0.1 5 0.0001 Yes 30.6%
0.1 5 0.0001 No 82.1%
0.2 5 0.0001 Yes 70.0%
0.2 5 0.0001 No 77.6%
0.2 10 0.0001 Yes 30.1%
0.2 10 0.0001 No 79.3%
0.3 5 0.00001 Yes 74.8%
0.3 5 0.00001 No 78.5%
0.3 5 0.00005 Yes 69.3%
0.3 5 0.00005 No 78.1%
0.3 5 0.0001 Yes 63.1%
0.3 5 0.0001 No 79.4%
0.3 10 0.00001 Yes 77.3%
0.3 10 0.00001 No 79.1%

Table 3.2: Table containing the validation accuracy of the automatic labelling
model along with the tested hyperparameter values. The best combination of
hyperparameter values is highlighted in bold.
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3.3 Mapping Data to Interpersonal Skill Profiles

A wide variety of hyperparameter values were tested. During the tun-
ing process, certain hyperparameter values were adjusted based on obser-
vations made during the training phase. For example, it quickly became ap-
parent that training for 10 epochs was unnecessary considering how small
the data set is. Most of the time, the model converged after 4 to 5 epochs.
It also became apparent that the validation accuracy was higher on average
when the test split was smaller. This might be due to the size of the data
set. A 10-20% increase to the size of the training split could lead to a notice-
able improvement in the model’s performance. It is worth noting that the
accuracy values shown in Table 3.2 were achieved on validation sets of the
size indicated by the test split hyperparameter, e.g., a validation accuracy of
82.1% was achieved on a validation set of size 0.1 (839 text segments) after
being trained on a training set of size 0.9 (7,545 text segments). The mod-
els that utilised class weights always performed worse than its counterpart
with no class weights, which was unexpected. Perhaps, using balanced class
weights was not the most effective way to combat the imbalance in the data
set. An alternative approach, namely stratified K-Fold cross-validation, was
considered but not implemented due to computational limitations. Lastly,
two of the models had a validation accuracy of around 30%. This was due to
the models converging in a local maximum, where the models would sim-
ply label every text segment ‘co_enemy’, which is the label that occurs the

most in the data set.

3.3.2 Interpersonal Skill Profile Algorithm

The second part of the approach consists of an algorithm that takes the la-
belled data and creates the interpersonal skill profiles. In order to create
such an algorithm, a link had to be established between the interpersonal
skill profile components shown in Appendix B and the labelled data plus

game metadata. This connection can be seen in Table 3.3.
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Component

Metric

Number of first call-outs or
strategies of the round

Number of "Call-out’ (any type)
or ‘Strategy’ labelled text seg-
ments that occurred first in the
round (meaning that at most one
player on a team can get this in
each round)

Number of mid-round strategies
(mid-rounding)

Number of ‘Strategy’ labelled
text segments that occurred after
the buy phase of a round

Number of encouraging voice
segments

Number of "Encouragement’ la-
belled text segments

Number of overall strategies and
number of call-outs about them-
selves

Number of "Strategy” and "Call-
out: About self’ labelled text seg-
ments

Number of call-outs regarding
enemy team’s ultimate, utility,
and economy management

Number of ‘Call-out: About en-
emy’ labelled text segments that
also include terms such as "ult’,

‘eco’, and "low buy’

Number of strategies based on
enemy team’s ultimate, utility,
and economy management

Number of ‘Strategy’ labelled
text segments that also include
terms such as "ult’, "eco’, and "low
buy’

Number of voice segments indi-
cating anger and frustration

Number of "Anger and Frustra-
tion” labelled text segments

Number of voice segments indi-
cating remorse or an apology

Number of "Apologies and Re-
morse’ labelled text segments

Number of call-outs

Number of "Call-out’ (any type)
labelled text segments

Number of strategies

Number of "Strategy” labelled
text segments

Number of voice segments

Total number of labelled text seg-
ments

Table 3.3: Table containing the interpersonal skill profile components and their

corresponding metrics.
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3.3 Mapping Data to Interpersonal Skill Profiles

The algorithm imports transcript CSV and JSON game metadata files
and saves the metrics to a Python dictionary and the labels to a pandas
DataFrame [58], [63], [64]. In order to calculate the scores for the four adapted
categories using the saved metrics, they had to be defined first.

The Leadership and Managerial Skills score is defined as follows:

LMS = #tirst call-outs and strategies of the round+
#strategies mid-round + a X #encouraging voice segments+-

#overall strategies + #call-outs about themselves

where « is a weight value between 0 and 1. This weight value is assigned
to the number of encouraging voice segments due to its lower importance
and higher frequency compared to the other metrics. The score is clamped
between 0 and 100 and scales linearly.

The Situation Awareness score is defined as follows:

SIT = & x (#call-outs regarding enemy team’s ult/util/econ management+

#strategies based on enemy team’s ult/util/econ management)

where « is a weight value larger than 1. This weight value is assigned to
the score to scale it to a range between 0 and 100 due to the low occurrence
count of the metrics in the score. Similarly to the Leadership and Managerial
Skills score, the Situation Awareness score is clamped between 0 and 100 and
scales linearly.

The Resilience and Emotion Regulation score is defined as follows:

RES — #voice segments indicating remorse or an apology

#voice segments indicating anger and frustration

The score is log-normalised to a range of 0 to 100 and scales logarithmically.
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In the edge case where the number of voice segments indicating anger and
frustration is 0, a score of 100 is assigned. The score is calculated in this
manner because of some qualitative observations that were made during
the data collection and cleaning process. It became apparent that players

could roughly be assigned to three categories:

1. Players that get frustrated frequently and do not apologise (tilted play-

ers); these would score below 50.

2. Players that get frustrated but do apologise, maybe because they re-

alise they are started to become tilted; these would score close to 50.

3. Players that do not get frustrated (frequently) but still take the blame
if something goes wrong, even if they are not necessarily the culprit;

these would score above 50.

These three categories become easily distinguishable when the score is cal-
culated in this manner.

Lastly, the Communication Utility score is defined as follows:

#call-outs + #strategies + #questions + #answers

COM = :
#voice segments

Similarly to the first two scores, this score is also clamped between 0 and
100 and scales linearly. It shows what percentage of a player’s total commu-
nication was task-related.

All four scores are calculated by the algorithm, after which a visualisation
can be made, either in the form of a radar chart that shows a player’s inter-
personal skills over one or multiple matches, or in the form of a line chart
that shows how a player’s scores differ on a per-match basis. These visual-
isations give an overview of a player’s interpersonal skills and can be used

to quickly compare players.
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4. Results

In order to prove that the model works, the results of the model have to be
evaluated (RG2). The results of the study can be divided into two sections
corresponding with the two parts mentioned in the approach in Section 3.3.
Firstly, the results of the automatic labelling model will be shown. Then, the

results of the interpersonal skill profile algorithm will be shown.

4.1 Automatic Labelling Model

As briefly mentioned in Section 3.3.1, the automatic labelling model man-
aged to reach a validation accuracy of 82.1% using the hyperparameter val-
ues shown in Table 4.1, meaning that it achieved an accuracy of 82.1% on
a validation set containing 839 text segments after being trained on 7,545
text segments. The confusion matrix of the model can be observed in Figure
4.1. The confusion matrix shows the IDs of the 17 labels. The conversion
table can be found in Table 4.2. Lastly, the precision, recall, F1 scores, and
number of occurrences of each label in the validation set can be observed in
Table 4.3.

Hyperparameter | Value

Max token length | 256

Batch size 32

Epochs 5

Test split 0.1

Learning rate 0.0001

Loss function Sparse categorical cross-entropy loss
Optimiser Adam

Class weights No

Table 4.1: Table containing the hyperparameter values of the automatic la-
belling model.
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Label ID | Label name
question

co_self

misc

answer

strat

co_dir
co_enemy
co_env

encour

apology
co_enemy_util
anger
co_enemy_ult
co_enemy_econ
strat_enemy_util
strat_enemy_econ
strat_enemy_ult
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Table 4.2: Table containing the IDs of the labels in the confusion matrix (Figure
4.1) along with their corresponding names.
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Figure 4.1: Confusion matrix of the automatic labelling model.
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4.2 Interpersonal Skill Profiles Algorithm

Label Precision | Recall | F1 score | Occurrences
question 0.90 0.99 0.94 83
co_self 0.81 0.91 0.86 140
misc 0.81 0.49 0.62 89
answer 0.73 0.74 0.74 47
strat 0.74 0.56 0.64 50
co_dir 0.70 0.88 0.78 42
co_enemy 0.92 0.91 0.91 257
co_env 0.54 0.68 0.60 19
encour 0.90 0.95 0.92 37
apology 0.86 0.80 0.83 15
co_enemy_util 0.80 0.71 0.75 28
anger 0.40 091 0.56 11
co_enemy_ult 0.77 091 0.83 11
co_enemy_econ 0.75 0.60 0.67 5
strat_enemy_util 0.00 0.00 0.00 3
strat_enemy_econ | 0.00 0.00 0.00 1
strat_enemy_ult 0.00 0.00 0.00 1
Accuracy 0.82 839

Table 4.3: Table containing the precision, recall, F1 scores, and the number of
occurrences of each label in the validation set. At the bottom, the validation
accuracy and the total number of labels in the validation set are shown.

4.2 Interpersonal Skill Profiles Algorithm

As mentioned in Section 3.3.2, the algorithm is able to calculate the interper-
sonal skill profile scores of a player. As the approach taken in this study is
novel, there is a lack of relevant literature to compare it to. Therefore, a dif-
ferent approach was taken to show that the algorithm works. As mentioned
in Section 3.1, data was collected from two teams. Even though the players
and substitutes from both teams are of similar ranks, indicating that they
have similar technical skills, the first team consists of players that play the
game more casually while the second team is actively competing in the VAL-
ORANT Game Changers open circuit. The difference in mindsets between the
teams should lead to a clear difference in the interpersonal skill profiles as
well. Figures 4.2 and 4.3 show the interpersonal skill profiles of all the play-
ers and substitutes of both teams. For a clearer overview, the exact scores
can be found in Table 4.4 and the scores on a per-match basis per player can
be viewed in Appendix C. Furthermore, these per-match basis scores were

used to calculate the mean interpersonal skill profile scores of both teams,
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which can be observed in Figure 4.4.

Interpersonal Skill Profiles: Team 1

—— Player 1
—— Player 2
—— Player 3
—— Player 4 RES
—— Player 5

Figure 4.2: Radar chart showing the interpersonal skill profiles of the players
of team 1.

Interpersonal Skill Profiles: Team 2

—— Player 1
—— Player 2
—— Player 3
—— Player 4 RES
—— Substitute 1
—— Substitute 2

Figure 4.3: Radar chart showing the interpersonal skill profiles of the players
and substitutes of team 2.
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4.2 Interpersonal Skill Profiles Algorithm

Interpersonal Skill Profiles: Team Means

LMs

com

— Team 1

Figure 4.4: Radar chart showing the mean interpersonal skill profiles of both
teams.

Team | Player Matches played | LMS | SIT | RES COM
1 Player 1 5 19.35 | 1440 | 68.40 | 71.45
1 Player 2 5 36.80 | 19.20 | 53.11 | 61.46
1 Player 3 5 21.30 | 4.80 | 50.00 | 60.07
1 Player 4 5 66.05 | 24.00 | 92.25 | 75.26
1 Player 5 5 46.45 | 2240 | 12.15 | 73.34
2 Player 1 5 100.00 | 99.20 | 76.86 | 78.35
2 Player 2 5 7140 | 61.60 | 53.82 | 70.24
2 Player 3 5 83.90 | 69.60 | 63.49 | 67.39
2 Player 4 5 98.45 | 40.00 | 100.00 | 83.99
2 Substitute 1 | 3 63.33 | 57.33 | 78.70 | 80.57
2 Substitute 2 | 2 100.00 | 82.00 | 50.00 | 81.29

Table 4.4: Table containing all players and substitutes from both teams along
with the number of matches played and their interpersonal skill profile scores.

At a quick glance, there are notable differences between the interper-
sonal skill profiles of team 1 and 2, but it had to be proved formally as well.
This was done by conducting a statistical test on the four interpersonal skill
profile scores. In order to choose the correct statistical test to conduct, sev-

eral assumptions had to be checked first [65].
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Firstly, the observations must be independent of each other. This is the
case as the interpersonal skill profile scores of one player do not impact the
scores of another player, although some scores are calculated using various
labels which may have an impact on other labels, e.g., more "question” text
segments from fellow players will lead to more "answer’ text segments. The
impact of this is not very large though, as call-outs still take up most of
the communication within a team as can be observed in Figure 3.1, and
whether a player makes a call-out or not is not dependent on other players.
Secondly, the data were checked if they meet the assumption of normality.
The Shapiro-Wilk test showed that the distributions of LMS (W = 0.98,p =
45), SIT (W = 0.97,p = .28), and RES scores (W = 0.96,p = .06) met
the assumption of normality. On the other hand, the test showed that the
distribution of COM scores (W = 0.94, p = 0.02) did show evidence of non-
normality [66]. Lastly, the data were checked if they meet the assumption of
homogeneity of variance. Levene’s test showed that there was homogeneity
of variances between the LMS (F(1,48) = 1.00,p = .32), RES (F(1,48) =
1.36, p = .25), and COM scores (F(1,48) = 0.26, p = .61), but also indicated
unequal variances for the SIT scores (F(1,48) = 12.53, p < .001) [67].

Based on the results of the assumption tests, an analysis of variance
(ANOVA) was conducted for the LMS and RES scores, Welch’'s ANOVA
for the SIT scores, and the Kruskal-Wallis test for the COM scores [65], [68]—
[71]. An ANOVA showed that the differences in LMS (F(1,48) = 71.11,p <
001,72 = 0.60) and RES scores (F(1,48) = 8.95,p = .004,7> = 0.16)
between the two teams were significant. Welch’s ANOVA showed that
the difference in SIT scores between the two teams was significant as well
(F(1,48) = 91.96,p < .001,7>G = 0.66). Lastly, the Kruskal-Wallis test
showed that the difference in COM scores between the two teams was also
significant (H (1) = 13.38, p < .001,7? = 0.26). The results of all the statisti-
cal tests can be found in Tables 4.5, 4.6, and 4.7.
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4.2 Interpersonal Skill Profiles Algorithm

Score | Shapiro-Wilk test | Levene’s test ANOVA
LMS | W=098,p= 45 | F(1,48) = 1.00,p = .32 | F(1,48) = 71.11, p < .001, 7% = 0.60
RES | W=096,p =.06 | F(1,48) = 1.36,p = .25 | F(1,48) = 8.95,p = .004, > = 0.16

Table 4.5: Table containing the results of the statistical tests comparing the

LMS and RES scores between team 1 (LMS: M = 37.05,SD = 20.52; RES:
M = 38.45,5D = 27.62) and team 2 (LMS: M = 82.39,SD = 16.52; RES:
M = 60.52,SD = 23.30).

Score | Shapiro-Wilk test | Levene’s test Welch’s ANOVA

SIT | W=1097,p=.28 | F(1,48) = 12.53,p < .001 | F(1,48) = 91.96, p < .001,%°G = 0.66

Table 4.6: Table containing the results of the statistical tests comparing the SIT
scores between team 1 (M = 15.68,5D = 8.97) and team 2 (M = 62.24,5D =
22.03).

Score | Shapiro-Wilk test | Levene’s test Kruskal-Wallis test
COM | W=094,p=.02 | F(1,48) = 0.26,p = .61 | H(1) = 13.38, p < .001, 7% = 0.26

Table 4.7: Table containing the results of the statistical tests comparing the
COM scores between team 1 (M = 67.90,SD = 7.21)and team 2 (M =
76.23,SD = 7.03).
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5. Discussion

In this section, the results of the study will be discussed and analysed to
check if the research goals defined in Section 2.5 were achieved or not. Then,
the implications of this study will be discussed. Lastly, the limitations of the

study will be discussed.

5.1 Research Goals

RG1: Define interpersonal skill profiles in competitive team-based online

games based on team dynamics research done in related fields.

In Section 3.2, interpersonal skill profiles were defined based on

behavioural marker systems employed in other fields, such as NOTECHS
and NOTECHS+ [16], [42]. Then, in Section 3.3, this definition was further
refined by defining labels based on behavioural marker system metrics, def-
initions of game or domain-specific terms, and descriptors from Zijlstra et
al. and Tan et al. [17], [38], [53]. To complete the definition and to achieve the
research goal, a concrete approach was defined which describes the imple-
mentation and automation of the generation of interpersonal skill profiles.

Using the complete definition, the second research goal could be tackled.

RG2: Build and evaluate a model that takes voice and other in-game data,

such as game metadata, and constructs interpersonal skill profiles.

Based on the definition of interpersonal skill profiles defined in the first re-
search goal, an approach was implemented to automate the generation of
interpersonal skill profiles. An automatic labelling model was implemented
and scores were defined based on metrics and labels defined in the first re-
search goal. Now, the results of the model have to be evaluated to prove

that it works.
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5.1 Research Goals

The automatic labelling model achieved a validation accuracy of 82.1%
after the hyperparameters had been tuned as described in Section 3.3.1, but
this number alone does not tell much. A few observations can be made
when looking at the confusion matrix in Figure 4.1 and the classification re-
port in Table 4.3. The model has a high recall for the "question’, "co_self’,
‘encour’, ‘anger” and 'co_enemy_ult’ labels. The precision is relatively high
for these labels as well, except for ‘anger’, which is very low at 0.40. As
can be seen in the confusion matrix, a relatively large group of ‘misc’ text
segments (0.1) was incorrectly labelled as "anger’. The model might not be
able to tell these apart, as the ‘'misc” label is used for all text segments that
do not fit in any other category. Thus, the definition of the ‘'misc” label is
very broad and the model might not be able to pick that up considering the
small size of the data set as well.

Furthermore, 'strat_enemy_util” gets incorrectly labelled as ’strat’ and "co_-
enemy’. ’‘strat_enemy_econ’ also gets incorrectly labelled as ’strat” and
‘strat_enemy_ult’ gets incorrectly labelled as ‘co_enemy_ult’". This could be
due to the low number of occurrences of the more specific strategy labels
in the data set. The model might not be able to pick up the subtle differ-
ences between specific strategies and general strategies due to the lack of
data. The model also does not have access to domain-specific vocabulary.
The lack thereof in combination with the size of the data set might have led
to the model not being able to tell apart more game-specific terms, call-outs,
and strategies.

The recall of ’strat” is low (0.56) and a relatively large percentage of negative
‘strat” predictions are predicted as 'co_selt’ (27.27%). This might be due to
strategy text segments often containing a part where the person calling the
strategy explains what they are contributing to the strategy. Take the fol-
lowing example from the data set: "Yeah, um I'm gonna do two smokes, I'm
gonna flash this side when we push up." followed by "So then you can flash
like the other side.". A strategy involving smokes and flashes is being called
here, but as the caller is also telling the team what they are doing themselves
in this strategy, the model might pick it up as a call-out about themselves.

A few other labels, namely ‘answer’, “apology’, and ‘anger” also get mis-

35



Discussion

labelled as “co_self” relatively often. A possible explanation could be that
some text segments that are labelled as the former three also contain first-
person singular pronouns, such as "I'. Take these three examples from the
data set: "Yeah they will I think." (answer), "Oh my, he can’t see me, I'm
done." (anger), and "I'm done, I'm sorry." (apology). These types of text seg-
ments might be confusing the model, as it might just predict numerous text
segments containing these pronouns as 'co_self’. This would also explain
why the precision (0.81) is a bit lower than the recall (0.91).

Overall, the F1 scores of the labels are not bad, taking into account what is
discussed above. It shows that the model is decent at telling apart the vari-
ous labels, even though the data set is rather small and highly imbalanced.
Given more input data, one can only imagine how much better the model
would perform, which would benefit the automated process of generating

interpersonal skill profiles as a whole.

The second part of the approach consists of an algorithm that calculates
the interpersonal skill profile scores based on the labels assigned by the au-
tomatic labelling model. Figures 4.2 and 4.3 show the interpersonal skill
profiles of the players and substitutes of the two teams that were recruited
in the study. To prove that the interpersonal skill profiles actually hold any
meaning and are able to tell apart players, e.g., casual players from play-
ers competing in the competitive circuit, statistical tests were performed to
show that the differences in the interpersonal skill profiles of both teams
were significant. As can be observed in Tables 4.5, 4.6, and 4.7, the dif-
ferences in the four scores were statistically significant, showing that this
approach of measuring non-technical skills in the field of competitive team-
based online games has potential. This suggests that the second research

goal was achieved.
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5.2 Implications

5.2 Implications

All in all, the results of the novel approach taken in this study show that it
has potential and might be worth expanding upon. The study has shown
that approaches and frameworks commonly used in related fields can be
adapted and applied to the esports industry as well. The approach is able
to differentiate between players based on their non-technical skills, which
could be a key factor for esports organisations who are looking to trial new

players for their team, for example.

5.3 Limitations

It is also worth discussing the limitations of the study, which might also im-
pact the validity and quality of the results. Firstly, the Whisper model per-
formed very poorly. Some timestamps were off by up to roughly 30 seconds,
some transcriptions were of bad quality, and some voice segments did not
get transcribed at all. Although this issue was fixed by manually cleaning
the data afterwards, this time-consuming process did impact the amount of
data that could be cleaned for the study, which is the second limitation.

As can be observed in Appendix C, not all players had consistent interper-
sonal skill profile scores throughout the matches they played. Although
players behave differently on a per-game basis, fluctuations should not be
too large. These fluctuations are mostly noticeable in the Resilience and Emo-
tion Regulation scores, although this is partly due to its logarithmic scaling,
which is more sensitive to small changes in the measured metrics. If more
data could have been collected and cleaned, the data might have been more
consistent or might have shown underlying patterns that could be analysed.
Another limitation is the lack of variety in the data, as all the data were only
collected from two teams (twelve players). Unfortunately, the participant
recruitment process did not go as planned. At first, the goal was to recruit
eight teams total and have them face each other in a round-robin tourna-

ment. This would create a competitive environment and allow the collec-
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Discussion

tion of a wide variety of data from various teams. In the end, only two
teams signed up, which impacted how the approach would be evaluated.
The definitions of the interpersonal skill profiles, metrics, labels, and scores
are heavily based on literature research and domain knowledge. This the-
oretical approach might not be the most optimal. For example, another
approach would be to perform principal component analysis to define the
scores instead.

Another point worth noting is that there was no second rater for the man-
ual label assignment. Although the assignment of labels is based on domain
knowledge and is mostly objective, some subjective cases are inevitable. The
lack of inter-rater reliability tests affects the validity of the results.

The statistical tests comparing the scores of both teams were performed us-
ing an ANOVA, Welch’s ANOVA, and the Kruskal-Wallis test. One could
argue that the data were hierarchical due to occurrences of certain labels
having an impact on the number of occurrences of other labels. For exam-
ple, more ‘question” text segments will lead to more “answer” text segments,
which indirectly impacts some scores as these are calculated using the la-
bels. Furthermore, how the team around a player acts and communicates
might impact how a player communicates. Therefore, a model that is able
to deal with hierarchical data, such as a linear mixed model, would perhaps
lead to more valid results.

Lastly, as briefly mentioned before, the automatic labelling model did not
have access to a domain-specific dictionary, which might have negatively af-
fected the results of the model. Even if such a dictionary were to be added,
it would have to be updated over time as well as new agents, maps, and

weapons are added to the game.
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6. Conclusion

This study investigated team dynamics within teams that compete in com-
petitive team-based online games. Interpersonal skill profiles that aim to
differentiate between players based on their non-technical skills were de-
fined based on approaches and methods used in other research fields. The
profiles were implemented in two steps. The first step consisted of an auto-
matic labelling model that labels text transcribed voice chat text segments,
and the second step consisted of an algorithm that calculates the interper-
sonal skill profile scores. The results showed that the approach taken in the
study has potential and that approaches and methods related to team dy-
namics commonly used in related fields can potentially be applied to the

world of esports as well.

39



A. Ethics and Privacy Scan Application

A.1 Coordinator Approval

Archive | (3 Junk | T Delete | More ™

To ( ents.uu.nl> @ 5-4-2024 01:07

Re: Status update regarding Ethics and Privacy Quick Scan

Dear Jin Kai,
Thank you for your message.

| contacted the Data Stewart concerning the result of your scan and his opinion, as well as mine, is that your thesis can continue as-is, without the need for a fuller privacy
assessment.

Therefore | hereby approve your scan.
Good luck with your thesis. If you need any additional advice, please let us know.

Kind regards,
L

A.2 Submitted Application

Response Summary:

Section 1. Research projects involving human participants

P1. Does your project involve human participants? This includes for ex-
ample use of observation, (online) surveys, interviews, tests, focus groups,
and workshops where human participants provide information or data to
inform the research. If you are only using existing data sets or publicly
available data (e.g. from Twitter, Reddit) without directly recruiting par-
ticipants, please answer no.

Yes

Recruitment

P2. Does your project involve participants younger than 18 years of age?

No
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A.2 Submitted Application

P3. Does your project involve participants with learning or communi-
cation difficulties of a severity that may impact their ability to provide
informed consent?

No

P4. Is your project likely to involve participants engaging in illegal activ-
ities?
No

P5. Does your project involve patients?
No

P6. Does your project involve participants belonging to a vulnerable
group, other than those listed above?
No

P8. Does your project involve participants with whom you have, or are
likely to have, a working or professional relationship: for instance, staff
or students of the university, professional colleagues, or clients?

No

Informed consent

PC1. Do you have set procedures that you will use for obtaining informed
consent from all participants, including (where appropriate) parental con-
sent for children or consent from legally authorized representatives? (See

suggestions for information sheets and consent forms on the website.)
Yes

PC2. Will you tell participants that their participation is voluntary?
Yes

PC3. Will you obtain explicit consent for participation?

Yes

PC4. Will you obtain explicit consent for any sensor readings, eye track-
ing, photos, audio, and/or video recordings?
Yes

41


http://www.uu.nl/en/research/institute-of-information-and-computing-sciences/ethics-and-privacy

Ethics and Privacy Scan Application

PC5. Will you tell participants that they may withdraw from the research
at any time and for any reason?
Yes

PCe6. Will you give potential participants time to consider participation?
Yes

PC7. Will you provide participants with an opportunity to ask questions
about the research before consenting to take part (e.g. by providing your
contact details)?

Yes

PC8. Does your project involve concealment or deliberate misleading of
participants?
No

Section 2. Data protection, handling, and storage

The General Data Protection Regulation imposes several obligations for the
use of personal data (defined as any information relating to an identified or

identifiable living person) or including the use of personal data in research.

D1. Are you gathering or using personal data (defined as any information
relating to an identified or identifiable living person)?
Yes

High-risk data

DR1. Will you process personal data that would jeopardize the physical
health or safety of individuals in the event of a personal data breach?
No

DR2. Will you combine, compare, or match personal data obtained from
multiple sources, in a way that exceeds the reasonable expectations of the
people whose data it is?

No
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A.2 Submitted Application

DR3. Will you use any personal data of children or vulnerable individ-
uals for marketing, profiling, automated decision-making, or to offer on-
line services to them?

No

DR4. Will you profile individuals on a large scale?
No

DRS5. Will you systematically monitor individuals in a publicly accessible
area on a large scale (or use the data of such monitoring)?
No

DR6. Will you use special category personal data, criminal offense per-
sonal data, or other sensitive personal data on a large scale?

No

DR?7. Will you determine an individual’s access to a product, service, op-
portunity, or benefit based on an automated decision or special category
personal data?

No

DR8. Will you systematically and extensively monitor or profile individ-
uals, with significant effects on them?

No

DR9. Will you use innovative technology to process sensitive personal
data?

Yes

Privacy Warning. As high-risk data processing seems involved (yes to
any of DR1-DRY), a fuller privacy assessment is required. Please provide
more information on the DR1-DR9 questions with a yes here:

Voice data will be processed using OpenAl’s Whisper to transcribe speech
to text. To adhere to the university’s ethics & privacy policy, a local instance
of the model will be used so that none of the voice data, which is privacy

sensitive data, will be shared with external parties.
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Ethics and Privacy Scan Application

Data minimization

DM1. Will you collect only personal data that is strictly necessary for the
research?
Yes

DM4. Will you anonymize the data wherever possible?
Yes

DM5. Will you pseudonymize the data if you are not able to anonymize it,
replacing personal details with an identifier, and keeping the key separate
from the data set?

Yes

Using collaborators or contractors that process personal data securely

DC1. Will any organization external to Utrecht University be involved in
processing personal data (e.g. for transcription, data analysis, data stor-
age)?

Yes

DC2. Will this involve data that is not anonymized?
Yes

DC3. Are they capable of securely handling data?
Yes

DC4. Has been drawn up in a structured and generally agreed manner
who is responsible for what concerning data in the collaboration?
Yes

DC5. Is a written contract covering this data processing in place for any
organization which is not another university in a joint research project?
Yes

International personal data transfers

DI1. Will any personal data be transferred to another country (including
to research collaborators in a joint project)?
Yes

44



A.2 Submitted Application

DI2. Do all countries involved in this have an adequate data protection
regime?
Yes

Fair use of personal data to recruit participants

DF1. Is personal data used to recruit participants?
No

Participants’ data rights and privacy information

DP1. Will participants be provided with privacy information? (Recom-
mended is to use as part of the information sheet: For details of our le-
gal basis for using personal data and the rights you have over your data
please see the University’s privacy information at

www.uu.nl/en/organisation/privacy.)

Yes

DP2. Will participants be aware of what their data is used for?
Yes

DP3. Can participants request that their personal data be deleted?
Yes

DP4. Can participants request that their personal data be rectified (in case
it is incorrect)?
Yes

DP5. Can participants request access to their personal data?
Yes

DP6. Can participants request that personal data processing is restricted?
Yes

DP?7. Will participants be subjected to automated decision-making based
on their personal data with an impact on them beyond the research study
to which they consented?

No
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DP8. Will participants be aware of how long their data is being kept for,
who it is being shared with, and any safeguards that apply in case of
international sharing?

Yes

DP9. If data is provided by a third party, are people whose data is in the
data set provided with (1) the privacy information and (2) what categories
of data you will use?

Yes

Using data that you have not gathered directly from participants

DE1. Will you use any personal data that you have not gathered directly
from participants (such as data from an existing data set, data gathered
for you by a third party, data scraped from the internet)?

Yes

DE2. Will you use an existing dataset in your research?

Yes

DE3. Do you have permission to do so from the owners of the data set?
Yes

DE4. Have the people whose data is in the data set consented to their data
being used by other researchers and/or for purposes other than that for
which that data set was gathered?

Yes

DES5. Are there any contractual conditions attached to working with or
storing the data from DE2?
Yes: NDA and WPA are signed already.

DE6. Does your project require access to personal data about participants
from other parties (e.g., teachers, employers), databanks, or files?

No

DE9. Does the project involve collecting personal data from websites or
social media (e.g., Facebook, Twitter, Reddit)?
No
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A.2 Submitted Application

Secure data storage

DS1. Will any data be stored (temporarily or permanently) anywhere
other than on password-protected University authorized computers or
servers?

Yes

DS2. Does this only involve data stored temporarily during a session with
participants (e.g. data stored on a video/audio recorder/sensing device),
which is immediately transferred (directly or with the use of an encrypted
and password-protected data-carrier (such as a USB stick)) to a password-
protected University authorized computer or server, and deleted from the
data capture and data-carrier device immediately after transfer?

No

DS3. Does this only involve data stored with a collaborator or contractor?
Yes

DS4. Excluding (1) any international data transfers mentioned above and
(2) any sharing of data with collaborators and contractors, will any per-
sonal data be stored, collected, or accessed from outside the EU?

No

Section 3. Research that may cause harm

Research may cause harm to participants, researchers, the university, or so-
ciety. This includes when technology has dual-use, and you investigate an
innocent use, but your results could be used by others in a harmful way. If
you are unsure regarding possible harm to the university or society, please

discuss your concerns with the Research Support Office.

H1. Does your project give rise to a realistic risk to the national security
of any country?
No

H2. Does your project give rise to a realistic risk of aiding human rights
abuses in any country?
No
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Ethics and Privacy Scan Application

H3. Does your project (and its data) give rise to a realistic risk of damag-
ing the University’s reputation? (E.g., bad press coverage, public protest.)
No

H4. Does your project (and in particular its data) give rise to an increased
risk of attack (cyber- or otherwise) against the University? (E.g., from
pressure groups.)

No

H5. Is the data likely to contain material that is indecent, offensive,
defamatory, threatening, discriminatory, or extremist?

No

Hé6. Does your project give rise to a realistic risk of harm to the
researchers?
No

H7. Is there a realistic risk of any participant experiencing physical or
psychological harm or discomfort?
No

HS. Is there a realistic risk of any participant experiencing a detriment to
their interests as a result of participation?
No

H9. Is there a realistic risk of other types of negative externalities?

No

Section 4. Conflicts of interest

C1. Is there any potential conflict of interest (e.g. between research fun-
der and researchers or participants and researchers) that may potentially
affect the research outcome or the dissemination of research findings?

No

C2. Is there a direct hierarchical relationship between researchers and
participants?
No
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A.2 Submitted Application

Section 5. Your information.

This last section collects data about you and your project so that we can reg-
ister that you completed the Ethics and Privacy Quick Scan, sent you (and
your supervisor /course coordinator) a summary of what you filled out, and
follow up where a fuller ethics review and/or privacy assessment is needed.
For details of our legal basis for using personal data and the rights you have
over your data please see the University’s privacy information. Please see
the guidance on the ICS Ethics and Privacy website on what happens on

submission.

Z0. Which is your main department?

Information and Computing Science

Z1. Your full name:

Jin Kai Huang

Z2. Your email address:

j-k.huang@students.uu.nl

Z3. In what context will you conduct this research?

As a student for my master thesis, supervised by: Dr. Julian Frommel

Z5. Master programme for which you are doing the thesis

Computing Science

Z6. Email of the course coordinator or supervisor (so that we can inform
them that you filled this out and provide them with a summary):

j.frommel@uu.nl

Z7. Email of the moderator (as provided by the coordinator of your thesis
project):

coordinator.coscQuu.nl

Z8. Title of the research project/study for which you filled out this Quick
Scan:

Building Interpersonal Style Profiles for Players in Competitive Team-Based
Games Based on Interactions Between and Communication With Other Play-

ers
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Ethics and Privacy Scan Application

Z9. Summary of what you intend to investigate and how you will inves-
tigate this (200 words max):

The study project investigates team dynamics within teams in competitive
team-based online games. Due to the advancements regarding team dy-
namics and non-technical skills in other fields such as the military, aviation,
and emergency services and due to the similarities between teams in com-
petitive team-based online games and high-pressure teams in the aforemen-
tioned sectors, methods that are being used to evaluate non-technical skills
in those sectors can be applied to teams in competitive team-based online
games as well. This project aims to create so-called interpersonal skill pro-
tiles based on those methods and apply them to teams in esports. Further-
more, it aims to solve one of the biggest downsides of those methods in
other sectors, which is the need for an expert rate who manually evaluates
the non-technical skills. In order to achieve these goals, a large language
model such as OpenAl’s Whisper is needed to transcribe voice data. After-
wards, the data will be used to train a classification model to automate the

evaluation process of non-technical skills.

710. In case you encountered warnings in the survey, does supervisor
already have ethical approval for a research line that fully covers your
project?

No

Scoring
® Privacy: 1

e Ethics: 0
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B. Interpersonal Skill Profile Components

B.1 Table of Adapted Components (1/2)

ment and task
completion

Category Element Behaviour Component
Leadership and Use of Author- Takes initiative to Number of first
Managerial Skills ity / Assertiveness ensure involve- call-outs or strate-

gies of the round

Takes command if
situation requires

Number of mid-
round strategies
(mid-rounding)

Motivates crew
by appreciation
and coaches when
necessary

Number of en-
couraging voice
segments

Planning and Co-

Encourages crew

Number of en-

ble/future prob-
lems

ordination participation in couraging voice
planning and task | segments
completion
Clearly states in- Number of over-
tentions and goals | all strategies and
number of call-outs
about themselves
Situation Aware- Environmental Collects informa- Number of call-
ness Awareness tion about the envi- | outs regarding
ronment enemy team’s ul-
timate, utility, and
economy manage-
ment
Shares information | Number of call-
about the environ- | outs regarding
ment with others enemy team’s ul-
timate, utility, and
economy manage-
ment
Anticipation Identifies possi- Number of strate-

gies based on en-
emy team’s ulti-
mate, utility, and
economy manage-
ment

Table B.1: Table containing the first half of the adapted interpersonal skill pro-
file components. Where applicable, the elements and behaviours of NOTECHS
categories are also shown [16].
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Interpersonal Skill Profile Components

B.2 Table of Adapted Components (2/2)

Category

Element

Behaviour

Component

Resilience and
Emotion Regula-
tion

N/A

N/A

Number of voice
segments indi-
cating anger and
frustration

N/A

Number of voice
segments indicat-
ing remorse or an

apology

Communication
Utility

N/A

N/A

Number of call-
outs

N/A

Number of strate-
gies

N/A

Number of voice
segments

Table B.2: Table containing the second half of the adapted interpersonal
skill profile components. Where applicable, the elements and behaviours of
NOTECHS categories are also shown [16].
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C. Per-Match Basis Profile Scores

C.1 Per-Match Basis Profile Scores of Team 1
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Figure C.1: Line charts showing the interpersonal skill profile scores of the

players of team 1 on a per-match basis.
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Per-Match Basis Profile Scores

C.2 Per-Match Basis Profile Scores of Team 2

Interpersonal Skills Over Time: Player 1
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Figure C.2: Line charts showing the interpersonal skill profile scores of the

players and substitutes of team 2 on a per-match basis.
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