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Abstract

Social dynamics are based on human needs for trust, support, resource sharing, irrespective of
whether they operate in real life or in a virtual setting. Massively multiplayer online role-playing games
(MMORPGS) serve as enablers of leisurely social activity and are important tools for social interac-
tions. Past research has shown that socially dense gaming environments like MMORPGs can be used to
study important social phenomena, which may operate in real life, too. We describe the process of social
exploration to entail the following components 1) finding the balance between personal and social time;
2) making a choice between a large number of weak ties or few strong social ties; 3) finding a social
group. In general, these are the major determinants of an individuals social life. This research looks
into the phenomenon of social exploration in an activity-based online social environment. We study this
process through the lens of the following research questions, 1) What are the different social behavior
types? 2) Is there a change in a players social behavior over time? 3) Are certain social behaviors
more stable than others? 4) Can longitudinal research of player behavior help shed light on the social
dynamics and processes in the network? We use an unsupervised machine learning approach to come
up with 4 different social behavior types - Lone Wolf, Pack Wolf of Small Pack, Pack Wolf of a Large
Pack and Social Butterfly. The types represent the degree of socialization of players in the game. Our
research reveals that social behaviors change with time. While lone wolf and pack wolf of small pack
are more stable social behaviors, pack wolf of large pack and social butterflies are more transient. We
also observe that players progressively move from large groups with weak social ties to settle in small
groups with stronger ties.

In addition to the above, this research also analyzes the churn behavior of different social types.
Churn broadly refers to the loss of users from a system or network. The churn behavior of different social
behavior was analyzed to see if there is a link between social behavior and churn activity. the analysis
reveals that churn propensity of different social behavior types is different. Behaviors characterized by a
higher degree of socialization have a significantly lower propensity to churn than behavior characterized
by a lower degree of socialization. We study the social trends by looking at the data from a popular
MMORPG and aimed to look into the dynamics and social phenomena of the network through the lens
different social behaviors.
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Chapter 1

Introduction

1.1 Social Network Analysis

In social science, the approach to study the interaction and information exchange is called Social

Network Analysis (SNA). Social network analysis (SNA) is a growing �eld of research that aims to

study the structure, relationship, and evolution of social entities[11]. The study of social networks is not

entirely new, communities and societies have been instruments of individual and collective behavior for

centuries. Social network analysis is seen as a useful tool in understanding key concepts of psychology

and sociology. It aims to study important social processes and dynamics by making use of the vast

knowledge and information contained in networks in the form of human and social capital. Conventional

methods in social sciences focus more on the attitudes, qualities, and behavior of an individual. Social

network analysis, on the other hand, assumes that relationships between the acting nodes are vital [52]

but without discounting the role and importance of the individual in the social realm [35]. It aims to

study the relational ties that link acting nodes together, the ties themselves can be de�ned differently

to represent different kinds of relationships or links (such weak ties or strong ties, unidirectional or

directional, etc). The study of ties is important to understand the dissemination of information and

knowledge throughout the network. Furthermore, the techniques offered by SNA also helps researchers

to study the evolution in network and community structure and understanding the factors contributing

to the change. Wesserman in [67] describes several key concepts of analysis in social networks that are

essential to the study of social networks.

� Actor: These can be understood as the entities that the social network is composed of. They can

be individuals in the network or can be as social units.

� Relational. A relation establishes a link between actors and can be descriptive of various kinds of

interactions between a pair of actors, including behavioral, association, transactional (e.g. buying,

selling), etc. They can also be characterized by direction (e.g. undirected or directed) and strength

(weak or strong).

� Group: For social network analysis, a group is a collection of actors within the network linked to

each other by a relational tie.
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More recently, the emergence of online social networks (OSNs) has made a signi�cant impact on the

study of social networks. This is because social networks have made large scale organizational, be-

havioral and interaction data available on a large scale. Online social networks have millions of users,

ties and interactions between users which provide access to large amounts of social data to researchers.

Several disciplines like psychology, sociology, biology, and economics have bene�ted from the study of

Online Social Networks [31]. Although the phenomenon of social networks in fairly recent there is a

lot of research available on the subject covering a wide range of methodologies and applications. The

discipline of social science has bene�ted greatly from the recent advancements in computing techniques

and the availability of large quantities of empirical social data.

1.2 Computational Social Science

Computational social science in simple words can be understood as a discipline that aims to study

social dynamics and phenomena through methodologies of computation, data science, and statistics.

Lazer et al. [33] mentioned computational social science as an upcoming �eld that ”is emerging that

leverages the capacity to collect and analyze data with an unprecedented breadth and depth and scale.”

Traditionally, methods in social and behavioral science have relied on small-scale self-reported data that

lacked empirical evidence. With the internet and social networking sites offering new pathways to so-

cial data from conventional methods of gathering and studying data, it is no surprise that computational

social science has is an upcoming �eld. The multitude of powerful and sophisticated methods of compu-

tation coupled with the availability of social data on a massive scale has attributed to the advancements

in this discipline. This is also supported by the argument that social dynamics are based on human needs

for trust, support, resource sharing irrespective of whether they operate in real life or in a virtual setting

[32]. Many researchers have studied social ties in networks, their effects and in�uence on the social net-

work to better understand the structure and underlying dynamics of the network [28, 68, 27]. This can

potentially also help in understanding many real-world phenomena and events [15] like organizational

ef�ciency [36, 28], mental health in users [4], crime prevention [49], disaster management [30] etc.

1.3 Massively Multiplayer Online Role-Playing Games - MMORPG

1.3.1 What is a Massively Multiplayer Online Role-Playing Game - MMORPG

A massively multiplayer online role-playing game (MMORPG) is a popular genre of video games.

They are set in an imaginary virtual world with a multitude of characters in a role-playing battle setting.

Thousands of players can log on and play these types of games simultaneously on a single server.

MMORPGs enable and encourage socialization amongst the large volume of players who are playing

at the same time. Players are tasked to complete quests and battles in groups which, in size, can range

anywhere from 2-200. The social structure of the game With the inception of new hardware and software

technologies, the end of the 1990s saw a rapid rise in commercial gaming with games like Everquest,
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Ultima Online (UO) hitting the markets. The games included multiple models for revenue generation

like an initial installation fee and a monthly subscription system. The monthly subscription fee could

typically fall anywhere between $10 - $15.

The genre of the game allows players can create digital avatars and can choose characters belonging

to different races (e.g. elf, troll, giants, etc) and classes (e.g. priests, rogues, warriors, magicians, etc).

Different character races and classes add to the complexity and eustress of online role playing games.

Each combination of class and race imparts the customized character a set of skills or powers that a

player can use to his advantage in the game. Activities in MMORPGs involve several ventures for the

player like character upgrades, quests, loots, combats, etc. The main goal is to perform quests, battle

monsters or an opposing team and gain 'experience points'. Experience points enable players to upgrade

characters, level up in the game, purchase weapons or consumables (e.g grenades, spells, etc) to make

their gaming experience better.

1.3.2 MMORPGs as social environments and testbeds for social research

MMORPGs are social. A large number of players logged into the game environment and interacting

socially with other players thus facilitating rich social interactions [61]. While players can choose to

play by themselves, MMORPGs by design require certain parts or quests in the game to be completed

in groups. There are several These social activities are logged as player activities making them excellent

testbeds for social research and have indeed garnered a lot of attention from recent researchers. Several

studies support that the structure of MMORPGs enables human learning through character role-playing,

narrative structure [56]. Social elements in MMORPGs are an important aspect of the game that in�u-

ences engagement and enjoyment of the game. A high number of players also end up making real-life

friends with people they meet through the game [57]. Massively multiplayer online role-playing games

(MMORPGs) offer an activity-based environment facilitating a rich social setting. The main differ-

ence in experience for players in an MMORPG is the shared experience, collaboration for activities and

quests [25] and most importantly the community experience accompanied by social acceptance [72]. In

a social setting like MMORPGs, players feel the need to socialize and employ workarounds and external

help to ful�ll their socializing needs.[40] Past research has also shown that behavior patterns exhibited

in networks like an MMORPG are related to behavior patterns seen in real life [68].

1.4 Using SNA for Behavior Analysis: Importance from a Social Science

Perspective

In a Social setting, individuals often have to make several choices and trade-offs to balance social and

personal time and space. Studying group interactions using social network analysis can help us better

gauge individual behavior and individual behavior in the context of a social group. SNA techniques

also enable researchers to study the nature of the relationship and association between individuals in

a social setting. Using SNA techniques on large scale social data can help shed light on patterns and
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nature of associations formed at a macro or population level [63]. Conventional and mainstream social

science research for long has focused on self-reported data. This process focuses more on the individual

rather than the individual's interaction with the community that he is a part of. In 1968, Allen Barton,

a sociologist in the 1960s summarized the limitations of the then prevalent methods of social research

in [6]. He argues that current methods in social science research take an individual away from the

society and social structure that he is a part of. It neglects the social aspects of behavior research; in

a manner that individual interactions and in�uence on each other within the community or network is

largely missed. Barton argues that since the beginning of social research, the most common method of

inquiry has been surveys. He describes the problem with survey by calling it a ”social meat grinder”.

He explains that the problem with survey sampling is that it takes into consideration only the individual

and tears the individual apart from the social structure and context. He goes on to explain this with an

analogy which he writes as, ” It is a little like a biologist putting his experimental animals through a

hamburger machine and looking at every hundredth cell through a microscope; anatomy and physiology

get lost, structure and function disappear, and one is left with cell biology.” He strongly argues that in

order to understand the behavior of people, their social circles, communities and interaction with them

must also be taken into consideration.

SNA techniques have been employed in this research to investigate not only the social structure

of social space in an online setting but also to examine the relationships or ties between participating

individuals in the social network.

1.5 Understanding Individual and Social Behavior: Importance from a

Gaming Industry Perspective

The dataset used in this research is from a Massively Multiplayer Online Role-Playing Game

(MMORPG),Everquest II[1]. Although the methods proposed in this research can bene�t most social

networks, this section explores the impact of studying social behaviors in a typical online social gaming

environment.

Developments in the gaming industry have warranted a need to segment players based on play and

behavior styles. The goal of developing player typologies is to make interpretable chunks from complex

game data. These chunks can then inform various aspects of marketing strategies, inform in-game

economies [16, 38], monitoring player performance [57, 56] to informing game-design and also churn

prediction [9]. Not only does knowledge about player behavior and types can help game businesses to

serve its customers better and offer products and experiences that suit various player needs and wants

but also help in iterative developments of the game [16, 38].

The surge of socialization in most games in current times has warranted a need to study socialization

in games in more detail. This can help them make signi�cantly better strategies that affect user (UX) and

player experience (PX) and ultimately ensure longer engagement and retention. Socialization has also

been identi�ed as one of the major motivations of why people engage in multi-player games [73, 5].
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Understanding trends of socialization in the in-game communities is important for design and come

up with signi�cantly better strategies that affect user (UX) and player experience (PX) and ultimately

ensure longer engagement and retention. Based on our review, traditional models of player segmenta-

tion in literature, though, paving the path for player typologies [65, 73, 16] either empirical evidence

or deal with a high-level of abstraction. More recent data-driven approaches struggle with the high-

dimensionality of player data. This can possibly lead to uninterpretable or often overlapping clusters at

a high level of abstraction. In this study, we come up with interpretable clusters around in-game social

behaviors of players that can assist game teams and businesses to understand socializing patterns and

behaviors better in the game and cater to different socializing needs [18, 71]. Coming up with behavior

types might be more helpful in understanding player activity at a given time and such a model also

leaves room for behavior mutation over time. Understanding the evolution of social behaviors might be

helpful in uncovering different social dynamics and phenomena at play within the social network. This

might be also a useful exercise for understanding the types of social behaviors and how they evolve in

time in real life[68].
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Chapter 2

Contributions

An important theme within socialization literature is the formation of communities and groups [60,

50]. However, there is a step that precedes �nding a social group is the realization of ones own social

aspirations and expectations. Social exploration enables a player to answer key questions that will

dictate his social life in the future. The process of social exploration can be understood as self-discovery

to answer questions around the social needs of an individual [26], it includes the following components

1) �nding the balance between personal and social time; 2) making a choice between large but weak

social ties or few strong social ties; 3) �nding a social group as can be seen in Figure 2.1. The process of

social exploration has been studied in sociology and organizational behavior, which looks into patterns

of relationships, learning, integration into a social group of new comers in a work place [42] and when

an individual needs to change their social group [41].

We aim to study the process of social exploration of players in an MMORPG social setup through

the lens of the following research questions:

� What are the different types of social behaviors?We identify 4 intuitive social player types

based on the degree of socialization in the game, which are distinct from each other.

� Are certain social behavior types more stable compared to others?We observed in our anal-

ysis that certain behavior states do not change in the weeks following the week of preliminary

analysis and others exhibit more transient behavior states.

� Do social behaviors of players change over time and are there any discernible patterns of

how each of the behaviors evolves with time?The idea behind this is to identify patterns of

behavior change and note any generalizable patterns in behavior change. Experimental results

show that some behavior pathways are more traversed than the others for each behavior type.

� Can longitudinal research of in-game social behaviors shed light on the social dynamics that

exist in the network? The key idea behind this line of investigation is to analyze social behaviors

over time and note of any recurring or discernible patterns of changing behavior that might be

indicative of a social phenomenon in the game. Patterns of social behavior change suggest that

6



Figure 2.1: Process of social exploration: �nding out one's social aspirations.

players move from large, weak-tied groups to smaller and more cohesive groups with stronger

ties.

Although, player logs from an MMORPG has been used as a dataset in this research, the techniques

can be easily applied to study social behaviors in other networks. The feature set extracted to categorize

and study behaviors takes into account metrics commonly used in social network analysis. Metrics that

represent engagement, degree of socialization, tie strength and ratio of time spent in socialization to

time spent alone have been used in this research.
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Chapter 3

Related Work

Communities in social networks have garnered the attention of recent researchers to study various

social phenomena. They serve as great testbeds for research in social behavior as they have a huge

market, millions of users and provide various in-game opportunities for individual, group and global

activities[51]. Social interactions were found to be an important aspect for the enjoyment of MMORPGs

and added greatly to the appeal of this genre of games [13, 72]. The act of togetherness and performing

activities together is what contributes to immersion and engrossment in these games. [62] A large

number of studies have focused on virtual communities in an MMORPG setting - the evolution of

communities [64], community structure[60, 50] and different roles of players within a virtual community

[3, 20] from the perspective of social network analysis and shed light on different social phenomena. A

deeper knowledge of social behaviors of players and their in- game activities can also be used to throw

light on various real-life human activities that are similar to a lot of in-game activities (e.g economic

activities, socialization, networking, etc) [68, 73]. Florence Chee in her research [12] reveals that social

interactions provided by MMOs like Everquest that game communities and interactions are no more

addictive or disconnecting people from real life socialization, rather they are enmeshed with daily life

and also help in bringing about meaningful social and community experiences. Longitudinal research

can also help understand how behaviors evolve overtime [61, 23] and can bring forth the social dynamics

at play in the environment.

Social exploration has also been studied in literature in different contexts and networks like choosing

work group members, �nding a social expert in online social networks and settling into a group as a

newcomer or settling into a new group [42, 24, 10]. These studies reveal that subjects in the earlier

phases of exploration process interact with many people for information seeking, learning and then start

interacting with fewer people close to the culmination of the exploration process.

Tradition models of player and user segmentation have used a variety of methods to come up with

player segments [73, 5, 65, 74] like factor analyses, conceptual analysis and analyzing qualitative data.

Some of these models have served as industry standards for player segmentation for a long while but

such models lack empirical evidence. Furthermore, models like Bartle's, though, providing a basis for

game design are known to cover a very high level of abstraction, which also leaves room for overlap-

ping player types. Thus, a need for further measurements of player traits, attributes and motivations on a
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deeper abstraction level and dimensions of player behaviors arises. New models of game economies and

game design make understanding player behaviors and player segments essential. In literature, many

studies have proposed different methodologies and models for the segmentation of player types. These

models span across a diverse spectrum of categories based on geographics, demographics, psychograph-

ics, behavior, play styles [5], [44] , motivations [73, 65], in-game demographics [74, 55, 54], and more

recently game dynamic preference [66].

Data-driven approaches to behavioral categorization vary with examples including unsupervised

clustering algorithms (e.g. k-means, c- means, Ward's Linkage) and Non-negative Matrix Factorization

(NMF) [34], Self-Organizing Networks (SOM) [22, 16]. Archetypal Analysis (AA) [14] is a recently

developed technique used in data mining. It is used for various problems like pattern recognition, clus-

tering, classi�cation and dimensionality reduction. An important characteristic of AA is that it produces

distinct archetypes, which do not typically fall within dense clusters produced by centroid seeking al-

gorithms. It does well with feature sets that represent the 'corners' of the dataset in hand [43]. In

other words, AA produces clusters characterized by extreme behavior and outliers. Drachen et al. [17]

applied k- means clustering and SIVM(AA) to two datasets, combined with considerations of the de-

sign of the games and compared how the two algorithms worked on the data. Their analysis revealed

that centroid seeking k-means might be useful in gaining behavioral insights for the overall population,

but Archetypal Analysis (AA) is highly useful in detecting extreme behavior. In a separate paper[19],

Drachen also compares AA to k-means, PCA and NMF for unsupervised behavior categorization using

in game metrics. It was found that PCA and NMF generated player categorization that was not inter-

pretable within the rules of the game. Also, it was found that the AA basis vectors are comparatively

more varied, interpretable and can be similar to the k-means centroids to make interpretable clusters of

behavior pro�les.

In summary, literature suggests that even though a variety of factors have been used as the basis

for user segmentation and behavior categorization, the categorization happens at a very high level of

abstraction. There is scope for further measurements of player behavior by breaking it down into dif-

ferent dimensions. This can give us insights into different behaviors at a more granular level. Secondly,

a critique of traditional player segmentation models is based on the notion that peoples behavior and

motivations change overtime time and are based upon the context. Therefore, it can be dif�cult to pin-

point exactly which category a person belongs to [61]. There is not enough research studying evolving

social behaviors of individuals in a online social setting using longitudinal research. Social exploration

or settling into a social setup is also important to �elds like sociology and organizational behavior [42].

From a gaming perspective, it is essential for businesses, CTR, game designers, User Experience and

Player Experience specialists to be informed of changing player behaviors and tailor their strategies to

�t changing behaviors to ensure long term engagement and enjoyment of players [53].
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Chapter 4

Data

4.1 Dataset: Sony Everquest II

Everquest II [1] is a 3D fantasy game, belonging to the genre of Massively Multiplayer Online Role-

Playing Games (MMORPG). It was originally developed by Sony Online Entertainment. It was �rst

released in November 2004. The game has a huge online world, an array of features and characters

and enabled”thousands of players come together for adventure and community”. The game facilitated

a variety of social relationships and interactions among the players. They could form groups to play

together, these were known asguilds. It was originally based on a subscription model where active

users could pay to subscribe to play the game. Standard services included in the subscription package

were, basic character pro�les, class areas, hosting group (guild) websites etc.

A user could cancel their subscription or not renew their subscription from the previous month. Set

in a �ctional world, a player created a character to interact with the world. Character customization

allowed picking different races (e.g dwarfs, ogre, erudite, etc) and types (Fighter, Scout, Mage and

Priest) as can be seen in Figure 4.1. The abilities of the character depended upon the race and type

chosen. With the character, the player could complete quests, kill monsters, gain experience points and

collect treasures. Figure 4.2 shows an example of a quest. Characters performed different activities

to earn points. Character progression and leveling up was dependent upon the experience points and

equipment or weapons accrued. As a player leveled up within the game, the quests became progressively

more dif�cult.

Everquest II, like other MMORPGs enabled and encouraged social interaction. Player interactions

could take place through an integrated voice chatting system, a universal mailing system, text-based

chat system or a global market place. Figure 4.3 shows the in-build chat system in Everquest II where

players could interact with one another. Apart from theworld channelswhich were open for all players

to join, the game provided an option of a private chat channel where players of a group (or guilds) could

interact privately. Of�cial player groups in Everquest II were calledguilds. Guilds were different from

groups in a way that they required membership and had a set of rules. Like characters, guilds could also

have their experience points that players accrued for their groups. Figure 4.4 shows the social features

and activities that were available in a guild.A higher number of points give access to special rewards,
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houses, items for houses, etc. Players could be linked to one another by several in-game relationships

and interactions that were provided by the game. These include examples likementoring, where one

player could help another player to acquire skills and points so that they could level up in the game.

A player could also grant access to their in-gamehouseto another player. Other interactions included

activities like buying and selling of equipment, weapons and other in-game items.

Figure 4.1: Character creation in Sony Everquest II. Players can create characters belonging to different
races and types.

4.2 Data Description

Data from MMORPG -Sony Everquest II[1] was used for the study. The game data had four servers

namely,

� antoniabayle

� nagafen

� the bazaar

� guk
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Figure 4.2: Screenshot of a quest in Everquest II.

Each server could host thousands of players at the same time and kept track of the in-game activities.

The data is available in the form of player activity logs. These logs re�ect activities like kills, leveling up,

gaining experience points, etc. The logs also contain critical information like log date, time, character

used, player id, group size , etc. If a player plays alone then the group size logged in the data is 1. For

the purpose of our analysis, we used data from theguk server.
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Figure 4.3: An Example of the chat feature built within the interface of Everquest II to enable social
interactions among players.
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Figure 4.4: Social groups orGuilds in Everquest II. Guild members socialize with each other through
in-built text-based chat and voice chat features. Players can complete quests together in groups to gain
experience points for themselves and the group.
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Chapter 5

Methodology

5.1 Unsupervised Learning: K-means Clustering Algorithm

Clustering is a technique used for unsupervised machine learning. Simply put, it divides the given

sample space into groups orclustersthat groups similar objects together. These clusters can be used to

study the underlying patterns and phenomena existing in the dataset. Clustering is an important method

when analyzing social networks and studying behavior pro�les.

The K- means algorithm [37] is one of the most popular techniques for unsupervised learning because

it is easy to implement and is ef�cient in terms of computation time [59]. In literature, k-means has been

used in a multitude of disciplines and studies including behavior pro�ling [39, 47], anomaly detection [2,

45], document clustering etc. K-means is an extremely common clustering technique used in studying

behaviors and coming up with central behavior clusters [69, 7, 8, 39, 58]. It aims to partition the data

into k number of clusters. Let us suppose a sample spaceS, where the number of samples is given by

n. Each point in the sample space is denoted byx. K-means divides the sample spaceS into k disjoint

clustersC, where each cluster is associated with a� j .

C = f C1; C2; C3; Cj ; :::; Ckg and 1 < j < k

The centroids chosen by the algorithm aim to minimize the value of within-cluster sum of squares

which is de�ned by:
nX

i =0

min
� j 2 C

(jjx i � � j jj2)

Each pointx in sample spaceS is associated with a cluster that is represented by the k-means centroid.

The centroids output by the algorithm may or may not coincide with a point in the sample space.

The steps to describe K-means algorithm are as follows.

1. Initialization: This step randomly choosesk points as the initial centroids.

2. Cluster Assignment: Once the clusters are chosen, each point is assigned a centroid based on

the shortest euclidian distance from the centroid. This step is iterated for all the pointsx 2 S.
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3. Update Centroids: Next, the centroids are moved based on the points assigned to them. This is

done by updating the centroid to a value represented by calculating the mean of points associated

with the centroid. The algorithm is run till itconverges to a local optimumor values of centroids

do not change in the next iteration.

5.2 Elbow Method to Find Number of Clusters (k)

A requirement for clustering algorithms like k-means to work correctly is to determine the number

of clusters. Although it is hard to come up with the correct number of naturally occurring clusters

to partition the dataset, there are a few techniques that one may use to arrive at the optimal number

of clusters in the dataset. The elbow method is one of the commonly used methods to determine the

number of clusters to be used for a clustering algorithm. For a given number of clusters, the sum of

the distances of each point from the nearest centroid is calculated. This is known as thesum of squared

errors (SSE)or distortion, which is de�ned as:
X

x2 Ci

(jjx i � � j jj2)

As can be seen from Figure 5.1, the line output by the algorithm resembles an arm. Ask increases, SSE

decreases, this is because, with more number of clusters and consequently, more number of centroids,

each point will lie closer to its assigned centroid. The goal is to minimize the value of within cluster

SSE. Thus, the overall aim of the elbow method is given by

min
nX

i =0

X

x2 Ci

(jjx i � � j jj2)

5.3 The Importance of Intuitive and Interpretable Clusters in Behavior

Analysis

The goal of behavior analysis in a given dataset is to come up with intelligible and interpretable

behaviors in the context of the data. Clustering helps in coming up with a homogeneous representation

of an otherwise heterogeneous dataset. This assists in analyzing behavioral patterns and trends existing

within the dataset.

Computationally speaking, the aim of clustering is to reduce the dimensionality of the dataset. Clus-

tering as an approach to studying behavior is only useful if the results produce interpretable clusters.

A number of studies in literature stress on the importance of producing clusters or reducing the dimen-

sionality of the given dataset in a way that the results are easy and intuitive to interpret [19, 17, 70, 29],

especially when studying behavior. For example, [19] found that while techniques like PCA and NMF

produced methodologically sound and valid clusters and behavior pro�les, they are not intuitive and

interpretable in terms of the observed behavior in the dataset at hand. Thus, to study the social dynam-

ics at play in the dataset, the aim is to study social behavior types and their transformation. A similar
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