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A true master is an eternal student.

— Master Yi, League of Legends Champion

“Explain to him that we don’t do things, Stibbons,” said the

Lecturer in Recent Runes. “We are academics.”

— Lecturer in Recent Runes, in A Collegiate Casting-Out of

Devilish Devices, a Discworld short story by Terry Pratchett






ABSTRACT

In spite of the popularity of Multiplayer Online Battle Arena
(MOBA) games such as League of Legends (LoL), both the Player
Experience (PE) and the structure of the social networks that
arise in this relatively new genre remain largely unexplored. As
players spend increasingly more time playing online competi-
tive games, the positive and negative impacts of doing so be-
come relevant; it is, therefore, important to understand how PE
is structured to systematically address mechanisms that elicit
a response from the players. This work begins by obtaining
and characterizing a sample of League of Legends players and
proceeds to use the resulting variables and structural social
relationships as inputs to explore their links to PE. In the end,
PE is pivotal to engage players and, therefore, it is key to the
success of any digital game. Our results show, among other
findings, how League of Legends players perceive the game as
“fair” for their competence level for all ranks, while their re-
latedness towards teammates is affected by their social struc-
ture. Empathy and negative feelings, however, seem to be un-
affected by team composition. Knowledge about PE in League
of Legends can not only be employed to improve LoL or MOBA
games, but also to develop better and more engaging games
while improving their quality. As online competitive gaming is
quickly becoming one of the largest collective human activities

globally, PE research also becomes crucial.



RESUMEN

A pesar de la popularidad de los juegos de arena de com-
bate multijugador en linea (MOBA en inglés) como League of
Legends (LoL), tanto la experiencia de jugador (PE) que pro-
porciona este género relativamente reciente como las redes
sociales que se generan a su alrededor siguen, en gran medida,
inexplorados. Con el incremento del tiempo que los jugadores
dedican a este tipo de juegos competitivos en linea, los im-
pactos positivos y negativos de hacerlo cobran relevancia; es,
por lo tanto, importante entender como se estructura dicha ex-
periencia para abordar de forma sistematica los mecanismos
que desencadenan respuestas de los jugadores. El presente
trabajo empieza obteniendo y caracterizando una muestra de
jugadores de League of Legends y sigue con el uso de las va-
riables resultantesy de la estructura de las relaciones sociales
como entradas para explorar su relacion con la experiencia de
los jugadores. Al fin y al cabo, la PE es basica para involucrar
al jugador vy, por lo tanto, es clave para el éxito de cualquier
juego digital. Los resultados muestran, entre otros, como los
jugadores de League of Legends perciben el juego como “jus-
to”para su nivel de competencia en cualquier rango, mientras
que su afinidad respecto a los companeros se ve afectada por
la estructura social. La empatia y los sentimientos negativos,
no obstante, no parecen verse afectados por la composicion
del equipo. Entender la experiencia del jugador en League of
Legends puede no tan solo ser Gtil para mejorar el propio LoL o

los juegos de tipo MOBA, sino también para desarrollar juegos



mas inmersivos a la vez que se mejora su calidad. A medida que
los juegos competitivos online se convierten rapidamente en
una de las mayores actividades colectivas humanas a nivel glo-
bal, la investigacion sobre la experiencia del jugador adquiere

también una importancia crucial.
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We have seen that computer programming is an art,
because it applies accumulated knowledge to the world,
because it requires skill and ingenuity, and especially

because it produces objects of beauty.

— Donald E. Knuth (Knuth, 1974)
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CONTEXT






INTRODUCTION

Over the last few decades, video games have grown until be-
coming one of the main entertainment mediums in our soci-
ety. Video games are becoming progressively more engrained
into individuals’ everyday life “due to the fact that they are
pleasurable, social, pastime activity” (Walker, 2017). As Kuss
and Griffiths (2012, p.279) explain, electronic games connect
likeminded people, thereby fostering sociocultural protocols
and behaviours that are associated with gameplay. These psy-
chological impacts on behaviour are the ones that brought the
most interest around video games within the scientific commu-
nity (Lemmens, Valkenburg, & Peter, 2009).

To date, however, competitive gaming (and, specifically, on-
line competitive gaming) “has not been widely researched or
recognised in the scientificand professional literature on video
games” (Griffiths, 2017). Online competitive gaming comprises
players who compete eitherindividually or within teams against
other players over a network, in organised tournaments (either
paid or unpaid) or in their homes.

According to Superdata’s 2017 report on digital games and
interactive media, free to play games represent 69% of the PC
games market (valued at 33 billion dollars) (Superdata, 2017).
Although 56% of the free to play revenue comes from RPG and
FPS, Multiplayer Online Battle Arenas (MOBAs) bookend the top

five in the ranking, with League of Legends in the first position
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RANK TITLE GENRE PUBLISHER REVENUE
1 League of MOBA Riot $2,1B
Legends Games
Tencent
2 Dungeon RPG Nexon $1,6B
Fighter Tencent
Online
3 CROSSFIRE Shooter Smilegate $1,4B
Tencent
4 World of  Shooter Wargaming  $471M
Tanks
5 Dota 2 MOBA  Valve Cor- S4,06M
poration

Table 1.1: Top free-to-play PC games by revenue, 2017 Superdata
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RAN K TITLE PUBLISHER REVENUE

1 League of  Riot Games Tencent 157M
Legends

2 PUBG Bluehole 102M

3 Hearthstone Activision Blizzard  83M

4 Dota 2 Valve Corporation 65M

5 Overwatch Activision Blizzard  63M

Table 1.2: Top esports games by viewership, 2017 Superdata

(2,1 billion dollars in revenue) and DOTA 2 in the fifth (at a dis-
tant 406 million dollars).

Gamingisthe second most popular content category on YouTube
(Superdata, 2017) but Twitch captures more revenue (54% of
share). This shows in the eSport market, that experimented
a 10% growth in 2017. The most popular games helped eS-
ports reach 258 million unique viewers; League of Legends is
the undisputed number one, with 157 million unique viewers
worldwide. According to the same report, “games that lead
their genres in monthly active users like League of Legends and
Overwatch have an edge when it comes to growing a robust es-
ports audience.”

Despite these figures and the forecasted growth, little em-
pirical activity has catalogued these activities. And yet, a full
media ecosystem is growing around these games; online com-
petitive gaming is now streamed over the Internet, followed
by millions of fans (many of whom are also players) and sell-
ing out traditional sports venues (such as basketball stadiums).

Cash prizes are also common and, for a few selected profes-
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sional players, it has become a full-time job. The level of skill
and adaptation required from these players is, probably, un-
precedented in team sports.

A few academic studies are already pointing out how com-
petitive and collaborative games can promote social behaviour
and develop new skills in the players (if used properly). Stud-
ies have also suggested that video games can provide an en-
riched medium for strategic problem-solving, although it might
be even possible that these effects have different intensity
across the player base (being more extreme in professional
players versus casual ones).

MOBA Player Experience (PE), however, has been identified
as being “highly frustrating and challenging, and cultivating
less autonomy than other genres” (Johnson & Wyeth, 2015). MOBA
players identify competition, mastery and teamwork as the es-
sential aspects of the genre; factors that contribute to an in-
tense ludic and social experience. Mastery and teamwork are
intertwined as, in League of Legends, players not only need to
have a good command of their chosen characters but they also
need to understand how these characters complement each
other in a team (Kim, Keegan, Park, & Oh, 2016).

Competitive gaming, as video game playing in general, has
positive aspects and negative ones, so it's an important area to
evaluate its psychological effects onto players. On top, MOBA
games seem to provide a fundamentally distinct PE than other
genres (Johnson & Wyeth, 2015) and, yet, they lead the rankings
in number of players, revenue and viewers. Thus, it becomes
relevant to explore the PE of MOBA (and, specifically, League of
Legends) players.
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Figure 1.1: League of Legends All-Star event (2016) in Palau Sant Jordi,

Barcelona. Source: www.elperiodico.cat

The social networks that arise in competitive gaming con-
texts play a fundamental role in this experience. MOBA games
are designed with the player at the centre, as for these “persis-
tent games” (or games offered as a service) building and main-
taining communities is a crucial aspect to their success. So-
cial networks inside and outside multiplayer games have been
mentioned in “numerous studies across ethnography and so-
cial science” but “substantially less attention has been given
to the quantitative analysis of social networks in games, no-
tably at large scale” (Pirker, Rattinger, Drachen, & Sifa, 2018).
According to Pirker et al. (2018), this means that there is a gap
in understanding social networks for games outside Massively
Multiplayer Online Games (MMOGs) and virtual worlds, includ-
ing eSports and major commercial titles (or both at the same
time). It becomes also relevant, thus, to investigate the rela-
tionship between the structure of such networks and the PE

derived from playing MOBA games.

7



INTRODUCTION

In the next chapter (Chapter 2) the research objectives will
be presented. The context will be then completed with a back-
ground review in Chapter 3. Methods will be explained in Chap-
ter 4 before continuing with the analysis of results in Chapter 5
and the posterior discussion in Chapter 6. The closing remarks
will include both a conclusion (Chapter 7) and an acknowledge-
ment of the limitations of the present work and the lines for

future research in Chapter 8.



PROBLEM STATEMENT AND OBJECTIVES

Online competitive gaming has become one of the largest
collective human activities globally and understanding moti-
vations and social interaction is still not fully achieved. To ad-
vance in the state of the question, this work aims to explore the
PE in League of Legends as a particular case of the MOBA game
genre. The purpose is to understand whether player attributes
(skill, social behaviour, demographics, economic factors) have
an influence on the player’s PE and social presence.

Some of this indicators, however, are not straightforward to
obtain. Social behaviour in particular can be asked in a survey
but responses are often biased and altered by the respondents.
Thus, before exploring PE, a systematic classification of online
competitive players based in structural network criteria will be
proposed; as data will be extracted directly from the game, it
will be virtually unbiased. The resulting classification will be

then used as one of the indicators. Therefore:

21 MAIN OBJECTIVE

= To explore PE in League of Legends as a function of (a) its
players’ attributes and (b) the structure of their compet-

itive social network.
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2.2 PARTIAL OBJECTIVES

= To review the previous work on MOBA games.

= To develop a basis for a systematic classification of player-
centric networks in competitive online games based on

structural network criteria.

= To compare the players’ perceptions against the system-

atic results extracted from the game.



BACKGROUND

Massively multiplayer online games (often abbreviated as
MMOG or even MMO) are online games with large numbers of
players playing on the same server. Their player bases range
from thousands to millions and many of them feature persis-
tentopen worlds. The most explored MMOGs among researchers
are in the category of Massively Multiplayer Online Role-Playing
Games (MMORPGs). Games such as World of Warcraft (WoW)
can be linked with the much older Multi-User Dungeon (MUD)
text-based games, as they fill a similar niche in the gaming
world and, at least to some players, provide a fully social expe-
rience (Mortensen, 2006).

In spite of the emergence of studies focused on MMORPGs
in the last decade, few studies have approached MMOGs from
other genres or subgenres such as MOBA games. In a few words,
MOBA games are a subgenre of real-time strategy games in
which two teams, typically consisting of five players each, com-
pete against each other with each player controlling a single
character. Contrary to real-time strategy games, there is no
unit or building construction in a MOBA game, so much of the
strategy revolves around individual character development and
cooperative team play in combat (Yang, Harrison, & Roberts,

2014).

1
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The most played PC game is a MOBA game: League of Leg-
ends (LoL)'. And within the MOBA game genre, LoL is the undis-
puted leader; in 2016, the statistics portal Statista estimated
its market share at 66,3%, more than five times higher than
the closest competitor, DOTA 2 (14%)?. It could be argued, thus,
that LoL is not any other MOBA game but the MOBA game par
excellence; examining LoL could be put on the same level as
analysing the whole MOBA genre.

Despite its vast enthusiast community and influence on con-
temporary game designers, MOBA games remain under-explored
by academics, as existing studies acknowledge (Ferrari, 2013).
Few games, however, exhibit a greater need for socially-aware
services than this relatively new genre (losup, van de Bovenkamp,
Shen, Lu Jia, & Kuipers, 2014), as it brings new ways of col-
laboration and competition on the table, gender and cultural
challenges and even new social networks which need to deal
with the inherent toxic behaviour that arises in these contexts.
MOBA games such as League of Legends provide the same op-
portunity as other MMOGs: namely the scale (League of Leg-
ends is one of the most played online games globally), data
(which is recorded in its servers and accessible using an API)
and relevancy (McDonald, 2017). eSports are a related (and rel-
evant) phenomenon. Taylor (2012) conducted extensive ethno-
graphic research in this regard, while Trepte, Reinecke, and
Juechems (2012) used an eSports portal to recruit online par-
ticipants for their work on how offline factors impact online

social capital, thus recognizing the relevance of online gam-

https://newzoo.com/insights/rankings/top-20-core-pc-games/, accessed

July 1st, 2018
https://www.statista.com/statistics/525976/market-share-moba-games-

worldwide/
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ing for research, now that “online gaming has become a major
leisure time activity”. Carrillo Vera (2015) claims that the im-
pact achieved by League of Legends calls for academic and sci-
entific analysis from a range of disciplines, including sociology,
economy or communication; taking into account the amounts
of data generated every day, however, computer science should
also play an important role. This consideration is echoed by
Mora-Cantallops and Sicilia (2018), who identified a research
opportunity behind MOBA games as a whole, while asking for
“future research to include innovative approaches that com-
bine the traditional and common surveys and interviews with
data and computer science techniques.”

This background is structured as follows: after a brief history
of the MOBA genre, a review of the literature and research on
MOBA games will follow. LoL will then be introduced and de-
tailed, as a few terms that will be used over this work need to
be understood within the game context and dynamics. Previ-
ous and related works on PE and Social Network Analysis (SNA)

will close this background chapter.

31 BRIEFHISTORYOFTHE MULTIPLAYERONLINEBATTLE

ARENA

Although MOBA games have become very popular in the re-
centyears, everything started from a small and niche fan-made
custom map for Blizzard’s Real-Time Strategy (RTS) game Star-
Craft, Aeon of Strife (AoS), back in 1998, by a modder called A modder is an

Aeon6s4. While AoS set the basics, it wasn’t until Defense of  individual who

the Ancients (DOTA) when the MOBA genre was born as it is ¢ ¢ratel
modifies games to

known today. DOTA was another custom map by a modder .
his advantage or

for fun
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called Eul for another Blizzard game, Warcraft Ill. 1t didn’t take
long until other players started with their own modifications,
adding heroes or items. Steve Feak “Guinsoo” combined el-
ements from selected variations of DOTA to create a version
called DOTA Allstars, which quickly became the most popular
version of the game. Feak left DOTA Allstars in the hands of an-
other modder, IceFrog. Under IceFrog’'s management, the game
became more balanced and increasingly popular. In spite of
this, DOTA Allstars still required Warcraft Il to run. With its
player base growing up day by day, everything was ready for a
wide release.

An early commercial MOBA release was 2009's Demigod, which
didn’t catch on, mainly because it was competing with DOTA,
which was freely distributed instead. Later that year, LoL was
launched by Riot Games, with Steve Feak in their team, and
with a completely different business model: it was free to play.
Anyone could download it and play with a rotating selection
of heroes and some limitations — and additional content could
be purchased in-game. The business model worked and Riot
was able to capitalize on that, becoming the market leader by
far.

In 2009, developer Valve hired IceFrog to work on DOTA 2, a
standalone successor to the original DOTA. Much more faithful
to the original Warcraft 11l map, DOTA 2 was released in 2013
through Valve's STEAM digital store and it is the second most
popular MOBA game and the most played game on STEAM (ac-
cording to their website3).

However, LoL and DOTA are not the only competitors: a myr-

iad of other titles such as Smite - 2014 - Heroes of Newerth -

3 http://www.dota2.com/play/, accessed July 1st, 2018
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2010 - and Heroes of the Storm - 2015 -, the recent entry from
Blizzard itself, followed suit and were also played by millions
of players, although far from the numbers of the two MOBA

leaders.

3.2 PREVIOUS WORK

As part of this thesis, a complete literature review of the pre-
vious work on MOBA games was conducted (Mora-Cantallops &
Sicilia, 2018). The result was the identification of the following
topics of MOBA related research, which are going to be devel-

oped over the next subsections:

= Modelling and Prediction

Behaviour and Motivation

Community and Competition

Teams and Collaboration

Gender and cultural studies

3.21 Modelling and Prediction

One of the main lines in research on MOBA games aims to un-
derstand how to predict the outcome of games and what are
the best tactics and strategies to use. Some of them focus in
strategy (so, trying to achieve the more general goal of deter-
mining the best way to spend resources) and others in tactics
(trying to model how individual units should be used and how

combats can be won).

15
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In Yang et al. (2014), combat is modelled using sequences
of graphs and patterns are extracted that are predictive of suc-
cessful outcomes (both of combat and of the entire game) with
80% accuracy.

In Rioult, Métivier, Helleu, Scelles, and Durand (2014), an ex-
ercise of prediction using topological measures on the team -
area of the polygon described by the players, inertia, diameter
or distance to the base - is conducted, highlighting its poten-
tial for a strategic analysis of team play. Work by Drachen et al.
(2015) points in the same direction but making use of spatio-
temporal behaviours of the team. It also brings an additional
and relevant variable to the mix: skill level. On the other hand,
Batsford (2014) leaves players aside and aims to calculate an
optimal jungling route in DOTA 2 using various algorithms and
looking at the experience obtained over time. It is a different
approach that fits into the same idea as the previous works:
what should players do to play optimally in a match?

More recently, Li et al. (2016) presented a visual analytics sys-
tem aimed to find key events and game parameters that might
result in snowballing or comebacks in MOBA games. Xia, Wang,
and Zhou (2017), on the other hand, claim that “how to win such
games is a problem worth exploring” and thus proposed a set
of evaluation indicators for testing gameplay in DOTA 2. Re-
sults show how, at least in professional environments, tactical
awareness is more important than operational skills.

In their related studies, Z. Chen, Nguyen, et al. (2018) and Z.
Chen, Xu, Nguyen, Sun, and Seif El-Nasr (2018) analysed avatar
selection and their synergies, and noticed that “due to intri-
cate design and complex interactions between game avatars,

through understanding of their relationships is not a trivial
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task”. A model was proposed based on an evaluation of three
popular MOBASs.

Models and machine learning algorithms are also being ap-
plied to MOBA games. Do, Silva, and Chaimowicz (2017) ob-
tained promising results on the development of an intelligent
agent to play alongside (or against) human players. Eggert,
Herrlich, Smeddinck, and Malaka (2015), on the other hand, ap-
plied supervised machine learning to classify player behaviour
accordingto DOTA 2 commonly accepted roles. Sapienza, Goyal,
and Ferrara (2018) applied deep neural networks to obtain opti-
mal team compositions, while Woolley and Malone (2017) com-
bined multiple techniques to obtain a value of collective intelli-
gence for a group and predict their performance, also showing
how “tacit coordination in this setting plays a larger role than

verbal communication”.

3.2.2 Behaviour and Motivation

Things get diverse when analysing what is the most discussed
topic (Mora-Cantallops & Sicilia, 2018). How do players behave
and what motivates them to play (or leave)? Four subcate-

gories have been identified.

TOXICBEHAVIOUR Due to the amount of players and young
people in MOBA games, toxic behaviour stands out as the main
worry among scientists. Even developers (such as Lol devel-
oper Riot) are focused on fighting against toxic behaviour, with
dedicated teams of staff (McWhertor, 2012). In Kou and Gui
(2014), Kou and Nardi (2013), the effort of Riot Games to deal

with it is first discussed via an ethnographic study on anti-social

17
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behaviour and the Tribunal system is presented, followed in
the second paper with an investigation on the hybrid gover-
nance system that evolves within the ambiguity of LoL’s rules.
The Tribunal was a system introduced in May 2011 by Riot Games
to manage player behaviour and to address the problem of tox-
icity, also analyzed by Johansson, Verhagen, and Kou (2015).

An article by Kwak, Blackburn, and Han (2015) goes a step
beyond and explores toxic behaviour across different cultures
(EU, NA, Korea) while trying to connect it with several compelling
theories from sociology and psychology. On top, it explores
how group setting - in-group favouritism and out-group hostil-
ity - impacts on reporting other players that engage in unde-
sired behaviours.

Last, Shores, He, Swanenburg, Kraut, and Riedl (2014) exam-
ine deviance and develop a metric, toxicity index, to identify
toxic players, while looking at the effects that interacting with
them has on retention. Relationships between toxicity and
role, playing experience or number of friends in a team are
also covered in an attempt to understand what variables are

indicative of deviance.

ADDICTION  Addiction to games is an increasing concern
and MOBA games are no exception. For Nuyens et al. (2016),
“empirical studies focusing on the use and abuse of MOBA games
are still very limited, particularly regarding impulsivity, which
is an indicator of addictive states but has not yet been ex-
plored in MOBA games”. Their results showed links between
impulsivity-related constructs and signs of excessive MOBA game
involvement and highlighted potential concerns about the ad-

dictive nature of MOBAs. Triberti et al. (2018) tested the rela-
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tionship between average time spent playing and a few other
variables with IGD (Internet Gaming Disorder) and found a few
interesting conclusions related to the use of youngsters’ spare
time.

Loot boxes are also receiving attention due to their ‘slot ma-
chine’ mechanics. Ripamonti et al. (2018) sustain that the loot
box system influences players’ behaviour and tackle the issue
with a simulative study (with Agent-Based Model techniques)

of the effects of different systems in heterogenous player bases.

PLAYEREXPERIENCE  Focusingonthe PE over differentvideo

game genres, Johnson and Wyeth (2015) found that MOBA games
stand out as offering the most distinct PE, complementing their
research with six interviews to MOBA players. Although a lim-
ited sample, it provides important initial understanding of the
unique nature of the PE in MOBA games.

In Kahn et al. (2015), a large scale survey was conducted in
North American servers for LoL, in order to classify player mo-
tivations, and six buckets were identified, extending previous
scales and linking motivation type to in-game behaviours.

Between player experience and motivation to play, an on-
line competitive video game critical issue appears: matchmak-
ing. Especially critical in MOBA games, as it impacts in balance,
fairness and retention, Véron, Marin, and Monnet (2013) con-
ducted a deep analysis on millions of game sessions to under-
stand the weaknesses of LoL’s matchmaking system and pro-
posed new courses of action to improve it. Likewise, Myslak
and Deja (2015) showed how LoL’s current matchmaking system
is built on a base of conditions that do not hold true in the pres-

ence of empirical data and proposed a new ranking system that
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would potentially improve user experience. Pramono, Renalda,
Kristiadi, Warnars, and Kusakunniran (2018) understood that “a
close and tight match is what make [sic] MOBA fun to play and
increase its user satisfaction,” and identified problematic fac-
tors for an appropriate matchmaking: high latency, toxic play-
ers and inexperienced players in a particular role, proposing
new variables to be taken into account. This follows the same
idea as seen in Suznjevic, Matijasevic, and Konfic (2015), who
proposed to adapt the rating algorithm to the application con-
text and Shim, Kim, and Kim (2014), who used PageRank based
Evidence Accumulation to “detect bad players showing abnor-
mal plays or appearances in games with embedded malicious
intentions”.

While fairness might seem a key factor for MOBA games, Wu,
Xiong, and lida (2016) showed how although the ban and pick
system and character and map balance are important factors,
they seem to be less essential than they are in other games
such as board games or sports.

In their work, Silva, Do, Silva, and Chaimowicz (2017) devel-
oped a mechanism to dynamically balance the difficulty in MOBA
games, but noted that, for users, “the player’s expertise has a
greater influence on the perception of the difficulty level and

dynamic adaptation”.

PLAYERCHURN  Almostasimportantas understanding toxic
behaviour, player churn is a relevant problem for MOBA games.
When players leave a game early (mostly because they feel frus-
trated) it impacts the rest of the team’s player experience. In
Edge (2013), a model for how a player frustration builds in re-

sponse to relative control over the game’s outcome was built,
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based on new motivation theory ideas, aiming to predict churn-
ing.

More recently, Daneels, van Rooij, Koeman, and Van Looy
(2017) explored retention in free to play games, understanding
its vital importance and social relevance. Overall, motivations
to start playing have been more studied than cessation be-
haviour. Their results indicate that cessation is related to the
discontinuation of the initial motivations, contextual elements,
game related elements, negative experiences and, even, phys-

iological reasons.

LEADERSHIPSTYLE How does the two worlds of computer
games and reality bridge together to impact human lives? How
does having two parallel worlds effect the development of an
individual's characteristics? The urge to discover such profound
relationships changing our society today is the motivation be-
hind the paper by Nuangjumnonga and Mitomo (2012), as it
aims to examine the correlation that exists between charac-
ter roles in games and leadership in everyday life. Using a
survey, the relationship between the respondent’s leadership
style (authoritarian, democratic or laissez-faire) and game role
(carry, support or ganker) is explored. Although outdated ver-
sus current metagame - roles have evolved -, their study shows
how MOBA games can also be a useful tool to bring together the
world of video games and the real World, as well as to measure

their impact on human lives.
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3.2.3 Community and Competition

One of the most unique aspects of MOBA games is the so-
called metagame, which is of vital importance for understand-
ing the game. Donaldson (2015) analyses play in League of
Legends through a binary model of expertise (mechanical and
metagame), combining the in-game and the out-game prac-
tices that could lead to competitive success.

MOBA may represent the first videogame genre co-created
entirely by a play community (Ferrari, 2013). And because of
that, Ferrari looks back to how MOBA games in general and
League of Legends in particular reflect the “rhetoric of the imag-
inary” in play theory applied to popular game design, from a

handful modders to the mainstream public.

3.2.4, Teams and Collaboration

MOBA games have a particular aspect that is potentially fas-
cinating: temporary teams are formed by complete strangers
to fulfil relatively complex tasks in a short time. (Kou & Gui,
2014) conducted an ethnographic study via semi-structured in-
terviews that aimed to answer how players interacted and col-
laborated with their teammates in temporary teams.

On the other hand, two complimentary works: Pobiedina,
Neidhardt, Del Carmen Calatrava Moreno, Grad-Gyenge, and
Werthner (2013) worked towards under-standing how an effec-
tive team could be formed and, to that interest, ran a statistical
approach to identify factors that were related to the chance

of a team to win a match. Afterwards, Pobiedina, Neidhardt,
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Moreno, and Werthner (2013) ranked these factors according

to their influence on team success.

3.2.5 Gender and cultural studies

Since videogames became of interest to researchers, gender,
violence and cultural studies have been linked to them. Since
the early days, violence and videogames have always been in
the public agenda and gender studies took the baton in the
recent years.

Ratan, Taylor, Hogan, Kennedy, and Williams (2015) combined
the results of a qualitative study with a quantitative comple-
ment. They examined the barriers that female players experi-
ence and, while extensive, they also acknowledge that it only
represents one first step in that direction and more research is
required. Only two female players (of quite similar demograph-
ics) took part in the qualitative interviews, a factor that could
be seen as a threat to internal validity.

Gao and Shih (2018) acknowledge “that female players partic-
ipate less in competitive games than male players”. However,
they note that “there are more female players are than male
players in King of Glory (KoG)". Thus, their analysis is focused
on understanding how the platform where the game is played
impacts on its audience.

Onthe cultural side, a unique article by Heidbrink, Knoll, and
Wysocki (2015) was found; it gives a practical and basic intro-
duction into methods applicable for researching different as-
pects and occurrences of religion in digital games, gamers and
the practice of digital gaming, illustrated via a case study of the

MOBA game Smite — with a religious themed background -, in
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the only reference that uses that particular game as a subject
of study.
Although often found in video game-related research, no stud-

ies that focus on violence in MOBA games were found.

3.3 LEAGUE OF LEGENDS

League of Legends is a multiplayer online battle arena game
that follows a freemium model, but where the in-game transac-
tions do little to impact a player’s performance or ability. Play-
ers are identified using a Summoner name (their nickname in
the game) and are classified inside the game according to their
proven skill (Rank). As of June 2018, there are 141 Champions
(player characters) available to choose, each with a different
set of abilities and different base statistics. Each Champion is
arguably better suited for a particular playing position. Over
the years, these positions have evolved and are currently set
accordingto the lanes: one “top”, one “mid” and one “bot”, with
a “jungler” gathering the resources in the jungle between lanes
and a “support” which would, in theory, have some degree of
freedom to provide utility to the team but it is usually linked to
the “bot” player/position. During the game, each player earns
gold from multiple sources and can use it to purchase multi-
ple items that have the power to enhance the Champion. The
combination of a Champion and the chosen items is called a
“build”.

Riot Games uses a Free-to-Play model for League of Legends;
this means that the game can be downloaded and played for
free but some content needs to be paid for, using either real

currency (which is previously used to purchase “Riot Points”)
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or in-game currency (in this case, named “Influence Points”)
which is obtained in various amounts at the end of each match.
Champions (the player in-game avatars) can be purchased us-
ing both types of currency but skins (appearances that can be
applied to customize a particular Champion) can only be pur-
chased using real-world money. In any case, it is important to
notice that skins are only eye candy, gimmicks that change the
looks of the player-controlled character and/or his abilities,
therefore not directly impacting gameplay (Mora-Cantallops &

Sicilia, 2016).

3.31 Teams

In League of Legends, teams are composed by five human
players each, but these five players can be joined in multi-
ple different combinations, from “solo” (which means that the
player enters the queue alone and the matchmaking system
finds the rest of the team to play with) to a full team compo-
sition. Furthermore, each player takes a role in the team. Cur-
rent matchmaking system allows players to express their pref-
erences and then assigns them to a role, which also has an
effect on the range of avatar characters (or Champions) that
the player will choose, as some are better suited for one role
than others depending on the meta-game at the time (Donald-
son, 2015). Role definitions have evolved from season to sea-
son, but stabilized at five main roles. Three players control the
lanes (Top, Mid and Bottom) while Support provides utility to
the team (spending most of the game paired with Bottom) and
Jungle makes use of the resources in-between lanes (see figure

3.1). Players can also choose to “Fill”, which means that they
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will take any free role. League of Legends is a team game; all
five roles are relevant. Support in particular is often in charge
of controlling the flow of the match and map vision. As criti-
cal as it might be, Support players obtain “lower visibility and
satisfaction” for their achievements, as discussed by Riot, the
developer, itself . By contrast, damage dealers often “get great

celebrations of their skilled play”-.
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Figure 3.1: Typical MOBA map (with labelled lanes) for illustrative pur-
poses. Original PNG version by Raizin, SVG rework by Same-

boat.

Most of the strategy in the game revolves around one single
element: gold, which can be obtained from multiple sources.
Creeps or minions are non playable characters that appear peri-
odically in waves for each team. Last-hitting an opponent min-

ion (therefore, killing it) grants gold to the killer. Maximizing

4 https://na.leagueoflegends.com/en/news/champions-skins/free-

rotation/some-thoughts-support, accessed July 1st, 2018



3.3 LEAGUE OF LEGENDS

creep score (CS) requires intense focus, timing, and input mas-
tery and is the most basic (and difficult) goal. Killing other play-
ers is another important source of gold, but, unlike minions,
not only the last hitting player gets gold. All teammates that
contribute to the kill by doing some damage get an “assist” and
a smaller amount of gold. When a player is killed, it re-spawns
in avariable amount of time: the later in the game, the longest
it takes. For individual players, KDA (Kill-Death-Assist) ratio is
often used as a performance indicator, adding kills and assists
and dividing by deaths. Other sources of gold include neutral
objectives and turrets. But, why do players need gold? They
need it to buy and upgrade their items, which empower their
Champions. Better itemization is key to success, as it is to get
your items before the opponent does (leading to unbalanced

periods in favour of the leading team called “power spikes”).

3.3.2 Rank

In League of Legends, players are ranked accordingly to their
skill level. There are seven tiers in the so called “ladder”, in in-
creasing order of skill: Bronze, Silver, Gold, Platinum, Diamond,
Master and Challenger. After a few placement matches, play-
ers get placed in competition categories (League tiers), and
subcategorized into Divisions. The main objective becomes
then to climb the ladder by continuously winning matches. Be-
hind this ranking (and using an undisclosed calculation in the
case of League of Legends) there is an Elo rating system sim-
ilar to the one originally used for chess players. In short, it
is assumed that a player's performance has a normal varia-

tion among games; the mean of that distribution is the Elo
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rating, which is determined by the win/loss statistics. There-
fore, a player with a high Elo performs, in average, better than
a player with a lower Elo. This is important as, once players
are ranked accordingly, it's much easier to set “fair” matches
between players of a similar skill level, which is crucial for a
good PE (Véron et al., 2013).

Rank distribution changes over the season and can be differ-
ent depending on the region, but in general, Silver is the most
populated division followed by Bronze and Gold. All three ac-
count for 90% of the players, while the top 10% are Platinum
or above and only 2% are Diamond or above. Less than 01%
players are in Master or Challenger; this last one, actually, is

limited to 200 players.

3.3.3 Game Phases

Atypical League of Legends can be divided in five main phases

(Ferrari, 2013), summarized as follows:

1. Draft phase: where players pick the Champions they will
play. During this phase, bans are issued (Champions that
will be removed from selection) and each team asymmet-

rically chooses its composition.

2. Opening phase: a brief 75 seconds phase where players
appear in the Summoner’s Rift (the playing field) and po-
sition themselves while minions appear. Some skirmishes
between players might happen, but they are usually non-

fatal, as power is still low.

3. Laning phase: in this phase, teams separate across lanes

as per their roles. Each lane has one Champion guarding
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the first turret from the opposing Champions and minions
exceptthe bottom one, which has a support player whose
objective is often not to farm gold but to facilitate kills to
his partner and to provide vision. The fifth player, the jun-
gler, attack the neutral monster camps inside their jun-
gles, establishing a route for maximizing their gold farm-
ing and providing optional support for lanes. This sup-
port often comes in form of “ganks”, that basically con-
sist of attempts to assist the lane player in killing his or
her opponent. While in lane, the primary objective is to

accumulate creep score.

. Teamfight phase: laning phase ends when turrets start
to fall, lanes become longer and the leading team has
more time to move around the map without losing effi-
ciency. This movement is aimed at securing vision over
the map and control over the bigger objectives (dragons
and Baron Nashor), neutral powerful monsters that, when
killed, provide further utility to the team to get closer to
the opponent’s nexus, the final objective. During these
phase, fights become team-based, so coordination is cru-

cial.

. Endgame phase: the final objective of teamfights is to
kill as many opponents as possible; as re-spawn times
get longer towards the end of the game, a good team-
fight near the end guarantees numeric superiority that is
often the main driver to end the game. The game ends
when one team gains access to the opponent’s base and

destroys its nexus.
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Phases are way more complex and intricate from a strategy

point of view, but this is meant as an introduction to the game.

3.3.4 Patching

To introduce new features in the game while keeping the
balance, Riot Games releases compulsory patches, usually bi-
weekly. Every two weeks, the game is updated with changes
to items, Champions and abilities. Details about what changes
are published in detail in their website®. Riot implements changes
to the game either to balance items or Champions that have
become dominant or to encourage the use of forgotten Cham-
pions. Patches are also used to introduce new Champions to
the game and aesthetic modifications. Most of the metagame
revolves around these patches and how players adapt to them
(Donaldson, 2015).

In their project about the influence of the 2008 global eco-
nomic crisis in video games, Pérez-Latorre, Oliva, and Besall
(2017) related the emphasis in resilience after the crisis with
the success of free to play games such as League of Legends, as
the player becomes hyper-flexible and must constantly adapt
to changing rules and mechanics; the challenge is one of a con-
stant learning. According to them, the free to play trend con-

verges with the flexibility of labour and the precariat.

3.3.5 API

It is also relevant to note how League of Legends developer

Riot Games provides players with free access to its Application

5 https://na.leagueoflegends.com/en/news/game-updates/patch
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Programming Interface (API), a set of tools that can be used
to extract player and game data for further research. In this
study, the API will be used to retrieve historical professional
match data.

Some of the available queries® (that are going to be used to

extract player information) are:

= Summoner (by name): returns a Summoner object con-

taining the playerID from a summoner name.
= Matchlist: returns a list of matches played by a playerID.

= Match: returns all the available information about a sin-

gle match.

3.4 PLAYER EXPERIENCE

As players spend increasingly more time playing MOBA games
such as League of Legends, attention is turning on the possible
positive and negative impacts of doing so. “The uniqueness of
gaming experience is one important reason for the success of
digital games in general [...] therefore, it is important to know
how player experience is structured to systematically address
mechanisms that elicit player experience” (Wiemeyer, Nacke,
Moser, et al., 2016). King, Delfabbro, and Griffiths (2010, 2011)
have argued that multiple structural characteristics of video
games may influence player behaviour and that when studying
the effects of gaming, researchers need to take into account

game features and genres. Relationships between game genre,

The full API documentation can be found at

https://developer.riotgames.com/api-methods/
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personality and gaming experience were also found by John-
son, Wyeth, Sweetser, and Gardner (2012).

It is important, however, to distinguish User Experience (UX)
from PE. As Lazzaro (2008) argues, UX is the experience of use
(so, it looks at what prevents the ability to play) while PE is
the experience of play (so it looks at what prevents the player
from having fun). One could debate, however, whether fun is a
requirementin a game, so it might be more accurate to say that
PE looks at what prevents the player from being engaged. To
understand why League of Legends player base keeps growing
nine years after its release is essential to analyse its unique
PE (Johnson & Wyeth, 2015) in detail, and look not only at the
differences across genres but also at the internal differences
among MOBA players.

Since interest in UX (later shifted to PE) started to grow, nu-
merous different concepts have been used (or proposed) to
describe it (Brown & Cairns, 2004; de Kort et al., 2007; McMa-
han, 2003; Nakatsu, Rauterberg, & Vorderer, 2005; Sweetser &
Wyeth, 2005). However, there is a degree of overlap among the
concepts and, as a consequence, numerous challenges to un-
derstanding and actually measuring them (Takatalo, Hakkinen,
Kaistinen, & Nyman, 2010).

Over time, multiple psychological models have been devel-
oped, trying to explain the structure of PE and the factors that
contribute to it. A few models (e.g. SDT [Ryan and Deci, 2000],
ARCS [Keller, 2010], Flow [Nakamura and Csikszentmihalyi, 2014])
have a wider range of applications than gaming, while others
(e.g. GameFlow [Sweetser and Wyeth, 2005], FUGA [Poels, de
Kort, and IJsselsteijn, 2008], CEGE [Calvillo-Gamez, Cairns, and

Cox, 2015]) have been developed specifically for the game do-
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main. The Player Experience of Need Satisfaction (PENS), cited
in Wiemeyer et al. (2016, p.247-248) as one of the most influ-
ential approaches, will be used in this study. It is based in
the Self-Determination Theory (SDT), as proposed by Ryan and
Deci (2000) and extended by Ryan, Rigby, and Przybylski (2006)
(see also Przybylski, Rigby, & Ryan, 2010) to the Player Experi-
ence of Need Satisfaction (PENS).

While models aim to explain player experience, scales and
surveys are methods developed to measure it. Two recent ex-
amples of these are the Play Experience Scale (Pavlas, Jentsch,
Salas, Fiore, & Sims, 2012) and the Game User Experience Sat-
isfaction Scale (GUESS), by Phan, Keebler, and Chaparro (2016),
but the most widely used questionnaires are the Immersive
Experience Questionnaire (IEQ) (Jennett et al., 2008) and the
Game Experience Questionnaire (GEQ) (Brockmyer et al., 2009).
Together with the PENS model, these are considered the three
dominant tools in gaming research (Denisova, Nordin, & Cairns,
2016). The PENS questionnaire has been validated already in
multiple studies across several fields, as PENS can be applied
to awide array of situations: a few examples are Serious Games
(Gerling et al., 2014), Personality vs Motivation in Video Games
(Johnson & Gardner, 2010) and even how control devices im-
pact on the PE (McEwan, Johnson, Wyeth, & Blackler, 2012).

Although GEQ was eventually discarded in favour of PENS,
de Kort et al. (2007) noticed the relevance of social context in
digital gaming and developed an additional scale called Social
Presence in Gaming Questionnaire (SPGQ) as a GEQ companion,
in order to probe gamers’ involvement with their co-players.
Previous research has found that collaboration and social abil-

ity are of huge importance in MOBA games; thus, in order to
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assess this effect in our sample, SPGQ will also be used to com-
plement the PENS assessment.

Despite its relevancy and impact in market share, Player Ex-
perience in League of Legends is still largely underexplored
(Mora-Cantallops & Sicilia, 2018). Ghuman and Griffiths (2012)
noticed how online gaming research literature tended only to
examine a single genre: MMORPG games such as World of War-
craft. Therefore, their study aimed to examine player behaviour
and characteristics in these three different online gaming gen-
res: First Person Shooter (FPS) Games, Role-Playing Games (RPGs)
and RTS Games. However, MOBA Games were left out in most
of those studies, which could be partially explained because
of their novelty. Social interaction and social network forma-
tion has also been a topic of interest for World of Warcraft
and other MMORPGs (Bardzell, Bardzell, Pace, & Reed, 2008;
Ducheneaut & Moore, 2004; Ducheneaut, Yee, Nickell, & Moore,
20064, 2006b) and for online FPS (Xu, Cao, Sellen, Herbrich, &
Graepel, 2011).

Kou and Gui (2014) conducted an ethnographic study to un-
derstand how temporary teams fulfilled complex tasks in League
of Legends, while Kim et al. (2016) and Ong, Deolalikar, and
Peng (2015) explored optimal team compositions in different
perspectives: the former explored how players negotiate the
proficiency-congruency dilemma (whether selecting roles that
best match their experience or roles that best complement
the other roles in the team) while the latter looked at opti-
mal team compositions based on individual play style combi-
nations. Shores et al. (2014) conducted a comprehensive study
on deviant behaviour and focused on player toxicity and its

relation to retention, which could be somehow related to PE.
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Implicit social networks were studied by losup et al. (2014) and
they concluded that MOBA games are also different from other
genres from a team perspective as teamwork is key to success.
Johnson and Wyeth (2015) built on these and their previous
works (Johnson & Gardner, 2010; Johnson et al., 2012) and iden-
tified multiple differences in PE among genres. MOBA games in
particular emerged as providing a uniquely different PE, show-
ing less presence, less immersion, less autonomy, more frus-
tration and more challenge than other genres. As MOBA player
base was small (n = 33), no further intra-genre dive was con-
ducted until the same research team undertook a second study
focused exclusively on MOBA players (Tyack, Wyeth, & John-
son, 2016). As a result, they found a duality: while people
“most frequently begin to play MOBAs as a shared activity with
friends” and “experience significantly improved mood when
playing with friends”, MOBA players “either don’t expect or don’t
want strangers to display social characteristics”, unlike MMORPG
or online FPS players.

Additionally, Bonny and Castaneda (2016) examined how MOBA
game players use schemas to organize and anticipate informa-
tion and found that MOBA games (and their players) provide an
appropriate environment to study skill acquisition. Bonny, Cas-
taneda, and Swanson (2016) also proposed a novel approach
to gaming research in MOBA games, recruiting and testing par-
ticipants in a MOBA gaming tournament, suggesting that this
approach could provide an additional dimension of richness
to gaming expertise that might not be available when recruit-
ing players in other environments.

Allin all, and according to the existing literature, MOBA games

seem to present a unique opportunity to explore group pro-
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cesses and online behaviours, while providing a singular PE

that is not found in other genres.

3.5 SOCIAL NETWORKS

Quantification of human behaviour and social dynamics has
been a long-lasting challenge for social sciences, hindered by
two main factors (Szell & Thurner, 2010): first, dynamics of so-
cieties constitute a complex system, characterized by strong
and long-range interactions (not treatable, in general, by tra-
ditional mathematical methods) and, second, data is of com-
parably poor availability and quality (Lazer, Brewer, Christakis,
Fowler, & King, 2009; Watts, 2007).

Both factors are, however, played down when looking at MMOGs
(Castronova, 2005). In the age of Web 2.0 and, more recently,
the era of big data (H. Chen & Storey, 2012), a great deal of so-
cial and relational data is routinely generated and recorded
in the course of everyday life. This is the world that Thrift
labelled as the world of “knowing capitalism”: a world inun-
dated with complex processes of social and cultural digitaliza-
tion, with generation, mobilization and analysis of social data
becoming ubiquitous (Thrift, 2005). It is also a world where
sociologists need to rethink their methodological practices in
radically innovative ways, as many assumptions that were cen-
tral in the 1960s and 1970s no longer pertain in the early years
of the 21st century (Savage & Burrows, 2009). These changes
go even further, as this digitization reworks the very meaning
of social relations, as emphasized by Latour (2007).

This is especially true in online competitive gaming environ-

ments, where a wide range of predefined actions for support-
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ing social interaction reflects either positive or negative con-
notations among game players, and they are in some cases un-
obtrusively recorded by game servers (Kwak et al., 2015). Often,
data is easily available and can be used to study human and
player relations as well as behavioural patterns, providing an
unprecedented opportunity to observe social interaction on
the large scale (Pobiedina, Neidhardt, Del Carmen Calatrava
Moreno, et al., 2013). Stenros, Paavilainen, and Mayra (2011)
distinguished between different kinds of in-game social inter-
action and reflected how massively multiplayer games were
characterized by the formation of both micro and macro com-
munities, complex communication channel hierarchies and di-
verse degrees of player involvement in social interactions. Tak-
ing into account that online gaming has become one of the
largest collective human activities globally, we depart from the
assumption that “such games provide for both sufficient par-
ticipation numbers and careful control of experimental con-
ditions, unlike any other social science research technology”
(Castronova, 2006). Castronova contrasts this unique chance to
replicate entire societies to the small-scale experiments that
are often extrapolated to whole populations and communities.
When studying MMOGs, the number of subjects can reach over
several hundred thousands and their related actions can be
counted by millions. The measurement process is also ben-
efited by how information is extracted; players are not con-
sciously of participating in a research-oriented data gathering
process, thus minimizing bias.

Zhong (2011) examined the impact of collective MMORPG play
on gamers’ social capital in both the virtual world and the real

world. Ang and Zaphiris (2010) used WoW to investigate the
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social roles that emerged from the users’ behaviour and inter-
action within its guilds (roughly equivalent to in-game clubs)
from an analytical perspective and found that the core mem-
bers of this communities were highly social-oriented players.
In spite of this, Ducheneaut et al. (2006a) showed that while
MMOGs were clearly social environments, joint activities were
not as prevalent as they expected. In particular, social net-
work degree densities for in-game guilds were surprisingly low,
forming “sparsely knit networks.” Other popular games explored
include, for example, EverQuest (Castronova, 2006) or Pardus
(Szell & Thurner, 2010).

As social and business groups are becoming more reliant
on online communication (Monzani, Ripoll, Peird, & Van Dick,
2014), the need to explore group processes, behaviours and
relationships in online environments arises. Many studies fo-
cus in MMORPG because collaboration, competition and social
ability in these environments are of huge importance (Chris-
tou, Lai-Chong Law, Zaphiris, & Ang, 2013). However, Buchan
and Taylor (2016) suggest that, as team formation and team
participation in MMORPG is voluntary, they might not be the
most appropriate environment to explore group processes. As
they argue, MOBA present an arguably better environment to
do so, as “the game objective cannot be completed whilst play-
ing alone”.

According to Schlauch and Zweig (2015), there have not been
many in-depth analyses of social network in MMOGs and even
less in MOBAs that stem from classic one-vs-one games. SNA
is the application of network theory and metrics to data that
contains actors and connections between them. In their article,

they reviewed state-of-the-art for SNA in gaming, with a special
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focus in the case of MOBA games. losup et al. (2014) conducted
a quantitative analysis on social network formation in MOBAs,
finding possible links between winning games with others and
continued play together; these findings, however, were incon-
sistent across datasets. Few games exhibit a greater need for
socially-aware services than this relatively new genre and fur-
ther research in this area is required to determine how players
construct social networks within MOBAs, and how these rela-
tionships affect play.

As video games evolve and MMOG's popularity grows, video
game and player culture also grow, but do so supported by the
relationships that arise from their social activity (both online
and offline) (Adamus, 2012). Connection is not only a consti-
tutive fact of social life, but also the pillar where online gam-
ing stands. Players influence each other by means of compe-
tition or collaboration, exchange experiences and, sometimes,
become involved in longer and meaningful relationships, form-
ing teams or communities. Data extracted from online compet-
itive games such as League of Legends can help understanding
online players and their habits by looking at the structure of

their connections and networks during online play.
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DATA COLLECTION AND METHODS

To collect all the required data to explore the PE in LoL, the

following steps were executed:

1. A sample of ranked players was selected.

2. Asurvey that included demographics and questionnaires

was distributed over the sample.

3. The resulting dataset was enriched using the League of

Legends public API.

4. Players were clustered based on the previous informa-

tion using Social Network Analysis.

Next sections elaborate on the methodology followed in each
of these steps, while next chapter will show the obtained re-

sults.

40 PLAYER SAMPLE

Between July and September 2016, five hundred and forty-
seven participants completed an online survey that was dis-
tributed (via email) through 20.000 active ranked users in the
Liga de Videojuegos Profesional (LVP) database. The complete
survey is available in appendix A. The LVP database contains
players that are registered in their website and, at the time of

the study, it had 68.410 ranked players in it. With over 250,000
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registered players in all their supported games, the LVP - Span-
ish Pro League is the biggest eSports organization in Spain,
leading the industry with both online and live tournaments. It
manages the most prestigious competitions (Division of Hon-
our), tournaments and other amateur competition systems (Lve
Arena) and also broadcasts international events in Spanish such
as the League of Legends Championship Series and the Call of
Duty World League. The LVP also covers gaming technology ser-
vices, events production, online advertising and audio-visual
production covering all aspects of the e-sports ecosystem.
The study targeted ranked players specifically because of
two main reasons. First, players achieve ranked status only af-
ter they get past the thirty level game tutorial. Therefore, there
is no "novice” effect that could impact PE. Second, the League
of Legends API only fully records data for ranked matches, con-
verting unranked data in technically unreachable. As Summoner
name is considered personal information, it was entered op-
tionally and manually in the questionnaire, reducing the final
number of complete entries to four hundred and thirty-nine.
Final demographics are, therefore, N=439, age between 13 and
35 years of age (average sits at 19.4 with a standard deviation of
3.45). 93.8% are male (N=411, average 19.2 years of age, SD=3.36)

and 6.2% are female (N=27, average 21.96 years of age, SD=3.87).

42 SURVEY

The online survey was structured as follows:
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421 Demographics

Players were asked for their:

= Birth year (to calculate their age)
= Gender

m Place of residence

As the LVP houses not only League of Legends players but
also other games’, the next question was directed to divide
main LoL players from the rest.

Inthe case of League of Legends players, the summoner name
was then requested; this was optional as it is considered per-
sonal information. Those who filled it accepted the treatment
of their data for research purposes. Additionally, summoner
name is case sensitive and includes use of symbols; more than
a hundred players included incorrect names that didn’t corre-
spond to any existing player. This is, probably, the main reason

why the final number of complete surveys was limited to 439.

4.2.2 Practices
League of Legends players were then asked for their game
behaviour in topics such as:

= Teamplay: whether they join the game alone or in differ-

ent levels of premade teams
= Communication methods: in-game pings, chat, skype...

» Use of plugins for the game
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4.2.3 PENS

Many questionnaires are available to measure player expe-
rience but, eventually, researchers tend to turn to the easily
accessible and reliable (validated) questionnaires. As Johnson,
Watling, Gardner, and Nacke (2014) discuss in their study, PENS
and GEQ are recommended because “they offer multiple sub-
scales designed to assess different components of player ex-
perience and they have been widely used in previous research”.
After examining how PENS and GEQ where structured, Brihlmann
and Schmid (2015) concluded that PENS appeared to be more
consistent than GEQ in its results, and therefore it will be the
main approach to analyse PE in League of Legends.

The PENS model includes the following five dimensions: au-
tonomy, competence, relatedness, presence and intuitive con-
trols. In-game autonomy relates at how free players feel to
make choices within the game. In-game competence denotes
whether game challenges and player competence is balanced.
In-game relatedness is concerned about the degree of connec-
tion between the player and the other players. Presence re-
lates to physical, emotional and narrative presence, while intu-
itive controls is connected with the ease of control when play-
ing.

The PENS (Ryan et al., 2006) questionnaire is a 21-item in-
strument self-assessed using a 7-point Likert-style scale. The
PENS questionnaire was used in the current study as originally

proposed by the scale authors.
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4.2.4, SPGQ

As collaboration and social ability are of huge importance in
MOBA games, the SPGQ (de Kort et al., 2007) will also be used
to complement the PENS assessment. SPGQ is composed of
three subscales: two dealing with psychological involvement
(Empathy and Negative Feelings, measuring positive and nega-
tive feelings towards co-players) and the last one dealing with
behaviour (Behavioural Engagement, measuring the degree to
which players feel their actions to be dependent on their co-
players actions).

The SPGQis also a21-item instrument, but it's assessed using

a 5-point Likert-style scale instead, valued from o to 4.

4.2.5 Additional information

Additional behaviour and habit questions were posed to play-

ers although not all were used in the final exploration.

= Player Typology: following the questionnaire by Kahn et

al. (2015)

= Learning and watching habits: inquiring about how play-
ers learn to play new champions or adapt to changes and

through what media they do so
= |n-game purchases: frequency and level of expense

= Additional free text for comments
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43 LEAGUE OF LEGENDS API

An APl is a set of functions, protocols and tools that devel-
opers can use to build software or to easily extract data from
a source. APIs are useful because they provide clear methods,
clear queries and clear responses that act as building blocks
to greater applications.

Riot Games provides a developer API that is free to use for

registered players, although two important limitations are present:

= The rate (number of calls in a period of time) is strictly

limited

= The information (response) obtained is also limited in

content and scope

Although the full API reference is available at Riot’s develop-
ers website, only the three that will be used are going to be

expanded in the next subsections.

4.31 AccountID

In order to obtain the accountID (that will be used to retrieve
the list of games played by the user) the summoner name is
needed. Using the API function in listing 4.1, the data represen-
tation of the summoner is obtained, with the details shown in

Table 4.

Listing 4.1: Get a summoner by summoner name

GET /1lol/summoner/v3/summoners/by-name/{summonerName}



https://developer.riotgames.com/api-methods/
https://developer.riotgames.com/api-methods/

4.3 LEAGUE OF LEGENDS API

NAME DATA TYPE DESCRIPTION
profilelconld int ID of the
summoner icon
name string Summoner name
summonerLevel long Summoner level
revisionDate long Date summoner
was last modified
id long Summoner ID
accountld long Account ID

Table 4.1: Result of the summoner API call

4.3.2 Matchlist

The accountID can then be used to retrieve the player match-

list (see listing 4.2). Not all matches are retrieved, however; the

call accepts parameters such as the starting index or time, the

queue (mode of play) and season. In this case, the data extrac-

tion will be from the main mode of play (ranked) and season 6

(which correspond to 2016 data). The result is a list of match

identifiers, as seen in tables 4.2 and 4.3.

Listing 4.2: Get the summoner’s matchlist

GET /lol/match/v3/matchlists/by-account/{accountId}
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NAME DATA TYPE DESCRIPTION
matches List [MatchRefer-  List of matches
enceDto]
totalGames int Total number of
games retrieved

Table 4.2: Result of the matchlist API call

NAME DATA TYPE DESCRIPTION

gameld long ID of the match

champion int Champion used

season int Season

queue int Queue type

Table 4.3: Content of the MatchReferenceDto list
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NAME DATATYPE DESCRIPTION

participantldentitiesList [Participantl-  Participant

dentityDto] identity
information
teams List Team information
[TeamStatsDto]
participants List Participant
[ParticipantDto] information

Table 4.4: Result of the match API call

4.3.3 Match Details

After obtaining the match list it is possible to iterate over
it and to obtain the details of every single game. It must be
taken into account that the information provided by the match
function (see listing 4.3) is extensive; therefore, only the main

results will be represented in table 4.4.

= participantldentities: it is possible to extract the ID infor-

mation from it

= teams: it contains data about the match (such as whether

the team won or lose and statistics)

= participants: most of the player statistics (including rank)

are found here

Listing 4.3: Get the details on a particular match

GET /lol/match/v3/matches/{matchId}
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4.4 SOCIAL NETWORK ANALYSIS

Social networks provide a way of thinking about social sys-
tems with a focus on the relationships among the entities that
form the network (players in the current case). These play-
ers have characteristics (or attributes, such as their rank), as
do the relationships between them (for example, the number
of matches they played together). The full set of connections
builds the network, which is nothing else than a “set of actors
and the ties among them” (Wasserman & Faust, 1994). SNA is a
discipline of exploring quantitative relationships in the result-
ing networks, which are non-trivial and irregular in structure.

The most basic distinction in SNA might be the one between
egocentric and sociocentric research designs (Perry, Pescosolido,
& Borgatti, 2018). The sociocentric approach is more common
and starts with a set of actors and their ties. One could say
that, once built, the network is a complete one (or close to be-
ing so); the focus is, therefore, the population. In egocentric
research, on the other hand, a set of actors are sampled from
a population and networks are build starting from these par-
ticular actors; as a result, a set of separate networks (one per
ego) are obtained and the focus rests on the individual instead.
In the current work, player networks will be analysed individ-
ually to understand their playing habits, so the ego network

research design will be used.

4.4 Ego networRs

Egocentric network research is focused on individuals and

their immediate social environment. In the case of League of
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Legends, this would mean players and their immediate team-
mates. The general idea is that each person or player has a
personal community and the shape of this community (struc-
ture and composition) has consequences on the ego. As Perry
et al. (2018) elaborate, “one goal of egocentric research, then,
is to predict ego outcomes from variables that describe how
ego is connected to alters”. This is, exactly, the methodology
thatis goingto be followed in this section: first, the ego-centric
(or player-centric, in this case) networks are going to be gener-
ated from the API extracted data; after doing so, indicators are
going to be computed to obtain structural information. This
structural indicators can be, in turn, used to categorize (or to

cluster) the players in categorical groups.

4.4.2 Network generation

All matches played in 2016 by each of the 439 respondents
(referred as egos from this point) were extracted through the
League of Legends APl provided by Riot Games. As a result,
a total of 228.117 matches were obtained, with a mean of 520
matches per ego (SD = 424).

When a player joins a match, he or she does so in a match

lobby, where the player is joined by other players until a team

of five components is formed to play against five other players.

Therefore, for each ego and for each match, the relationship
between all team members is registered. Every relationship
is counted as many times as it appears; thus, the weight of
the link reflects how many matches two players have played

together.
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After processing all egos, the average number of alters per
network is 1535 alters, for a total of 674.205 nodes (egos and al-
ters — but players in the end) overall, but with considerable dif-
ferences: the smallest network has 18 nodes while the largest
has 7896. Approximately 80% of the networks have a num-
ber of nodes between 200 and 3500, however. Due to the de-
scribed construction, all nodes are connected through the ego.
Thus, before the subsequent analysis, the ego is removed from
the network, highlighting the underlying alter to alter structure
under the ego effect.

In summary, the resulting networks are one-mode projec-
tions of the two-mode networks connecting players to matches.
Matches have, however, one restriction: its degree in the bipar-
tite network is always equal to four. As a result, after removal
of the ego, the one-mode network is a network of overlapping
four-cliques or K4 complete graphs.

For reference, as shown in Figure 4.1a, if an ego played a
single match, the network would be a K5 complete graph (a
five-node graph in which every pair of vertices would be con-
nected). If an ego played two matches with the same team,
the network would still be the same (with double weight in its
links), but if an ego played the second match with a complete
different team, then the resulting network would look like two
K5 graphs linked by a bridge - the ego (Figure 4.1c). Removing
the ego in the first case would keep the network connected (Fig-
ure 4.1b); doing the same in the second case would leave two
disconnected components (Figure 4ad). The generalization of
this example will become key to understand the indicators that

follow and their impact in the player networks.
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(a) (b)

0~QO0
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Figure 4.1: Network generation. (a) Ego with a single team (b) Al-

ter network from (a) after ego removal (c) Ego after two
matches with complete different players (d) Alter network

from (c) after ego removal
4.4.3 Indicators

Mathematically, networks are described by graphs (Wasser-
man & Faust, 1994). An undirected graph G is described by a set
of nodes N = ny,n,,...,n, and a set of links (also called edges)
L = Iy,1,,...,1; between pairs of nodes, where [, = (n;,n;). A
large number of structural indicators can be computed on a
network, some with a clear meaning and others with a more
technical one, but in any case all features have an implication
when used in the context of the social network analysis. As
League of Legends is a team-based game with a relevant social
component, for the current analysis purpose it was assumed

that the most relevant structural features would be those re-
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lated to node relevancy (as it was expected to find “friends” as
relevant nodes) and to cohesion (as social players would see
highly knitted networks as opposed to disperse components
in non-social users). Node relevancy will be measured through
degree and betweenness, while node density, component mea-
sures and modularity will represent structural network cohe-

sion.

4.4.31 Degree

The degree of a node, denoted by d(n;), is the number of
edges that are incident with it. Equivalently, it's the number
of nodes that are adjacent to it. Degrees are easy to compute
and informative; alters with a small degree will indicate play-
ers that played with few other of the ego’s alters, while a high
degree will show the opposite. In this case, therefore, degree
will become a measure somehow related to the ego’s social cir-
cles: the higher the degree, the closer to the core of the ego’s
playing community that alter is. For this application, the mean
nodal degree (or average degree) will be used to summarize
the degrees of all the actors in the network. For a network

with ¢ nodes and L links, mean degree d can be calculated as:

— d
i Z (ny) 2L (41)
8 8

4.4.3.2 Node density

Every processed match can add up to four different players
to the ego network (the fifth player is always the ego). If any of
them already exists, the number of new nodes will be less than

four. Therefore, by construction, the maximum possible num-
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ber of nodes g,,.. equals four times the number of matches m
the player joined. Node density for a player-centric graph with

¢ nodes is then defined as follows:

node density = § & (4.2)

gmax

4.4.3.3 Betweenness centrality

Interactions between two non-adjacent nodes might depend
on the nodes that lie on the paths between the two. When
this happens, these in-between nodes might have some con-
trol over their interactions (Wasserman & Faust, 1994). This be-
comes especially relevant in the player-centric network, as it's
highly possible that the ego reaches new players through his or
her frequent colleagues or friends. Betweenness centralization
cg for a node n, € G can be defined as the number of shortest
paths between n; and n; that pass through (o (n, n]-|nk)) di-
vided by the total number of shortest paths between #n; and n;

(o (n;, nj)) (Brandes, 2008). Formally:

o (n;,ning)

cg(ng) = Z

noec 7 Miy)

By convention, this definition applies to disconnected graphs
without modification (Freeman, 1977). Although the distance
between two disconnected nodes is undefined, the number
of shortest paths between them is defined and equal to zero.
The resulting contribution to betweenness centrality is then es-
tablished as zero. The mean betweenness centrality measure
is then the average of cg across all nodes. Additionally, the

number of nodes with cz above three times the average will
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be counted in each network as it will give an indication of the

number of players with a relevant flow control.

4.4.3.,, Components and largest connected component

A graph is connected if there is a path between every pair of
nodes in the graph. Else, every maximal connected subgraph
is a component. Note that if there is only one component the
graph is connected. In graphs with infinitely many nodes, the
emergence of a giant component is observed after crossing a
certain threshold (Dorogovtsev & Mendes, 2003). The same
concept can be applied to finite graphs, where the component
with the highest number of nodes is called the largest con-
nected component.

For the purpose of this study, an additional measure is calcu-
lated. Let ¢ be the total number of nodes in G and g’ the num-
ber of nodes in the largest connected component. It's then
possible to calculate the largest component proportion as g’
divided by g. While the number of components might give an
indicator of the different groups of play that the ego has, this
proportion will provide an indication of how large is his or her

main playing group.

4.4.3.5 Modularity

A key feature of social networks is high transitivity, meaning
that if n; is connected to n; and n; is connected to , there is a
high chance of having a connection between n; and ;. too. This
property leads to the formation of clusters called communities,
“with groups of nodes within which connections are dense but
between which they are sparser” (Newman, 2003). Multiple

community detection algorithms have been described (Blon-
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del, Guillaume, Lambiotte, & Lefebvre, 2008; Clauset, Newman,
& Moore, 2004; Girvan & Newman, 2002; Pons & Latapy, 2006)
but the result is always some division of the vertices into com-
munities. The quality of this division is often measured by the
modularity of the partition (Newman, 2003), a scalar value be-
tween -1 and 1 that measures the density of links inside the
obtained communities as compared to the links between them.
This quality function Q, modularity, is defined as follows. Let
es; be the fraction of edges in the network that connect nodes

in group s to those in group t, and leta; = 3, e,;. Then

Q= Z(ess - a%) (4.83)

is “the fraction of edges that fall within communities, minus
the expected value of the same quantity if edges fall at ran-
dom without regard for the community structure” (Newman,
2003). Note that the expected modularity for a random par-
tition would be zero and any other value reflects a deviation
from pure chance. According to Newman, values greater than
0,3 appear to indicate relevant community structure. In the cur-
rent study, the Louvain method for community detection will
be used as defined by Blondel et al. (2008) and implemented
using the NetworkX 2.1 (Python 3.6) libraries and the Gephi tool.
The Louvain method is an efficient community detection algo-
rithm broadly used that features a modification on equation

4.4 (in order to consider weights) as the function to optimize.
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4444  Clustering

Cluster analysis is a category of unsupervised machine learn-
ing techniques that allow to discover hidden structures in data
where the ground truth is unavailable (so, where the right an-
swer, if any, is unknown) such as the one in question. The goal
of this technique is, therefore, “to find a natural grouping in
data such that elements in the same cluster are more similar to
each other than those from different clusters” (Raschka, 2014).

Many clustering algorithms exist. The standard Python scikit-
learn library has implemented the most popular and it was the
package used in this analysis. One of the most used methods is
the K-means algorithm (Arthur & Vassilvitskii, 2007), that clus-
ters data by trying to separate samples in n groups of equal
variance. For the current sample, however, K-means presented
two drawbacks. First, it requires the number of clusters to be
specified. Therefore, one should have an idea of how many
clusters are expected in the data before applyingit, which wasn’t
the case. Second, due to its implementation, K-means expects
a certain normality in the input data, which couldn’t be as-
sumed in the player-centric dataset. K-means is also unstable,
as its clustering depends on initialization, which was undesir-
able.

The affinity propagation algorithm (Frey & Dueck, 2007) is a
newer method that has some advantages over K-means: the
number of clusters doesn’t need to be specified beforehand,
non-symmetric dissimilarities are supported and it is stable
over runs. The affinity propagation algorithm identifies exem-
plars among data points and forms clusters around these ex-

emplars. It operates by simultaneously considering all points
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as potential exemplars and exchanging messages between them
until a good set of exemplars and clusters emerges. As its char-
acteristics are more appropriate to classify the player-centric
network dataset, affinity propagation is going to be the method
used for clustering.

Still, two parameters need to be set in advance. Damping
is set in all calculations to 0,8 in order to avoid undesired os-
cillations while computing. Preference is defined as the suit-
ability of a particular data point to serve as an exemplar. High
preference values will result in many exemplars found (many
clusters), while lower values will lead to a small number of ex-
emplars. When preferences rise above a certain value, it be-
comes beneficial for multiple subsets of data that have approx-
imately the same intra-subset similarities and approximately
the same inter-subset similarities to form distinct clusters si-
multaneously, so the number of clusters obtained quickly rises.
Thus, “different plateaus would correspond to the extraction
of different levels of structure” (Frey & Dueck, 2007). There-
fore, preference value will be need to be analysed and chosen
in each particular instance of the analysis, looking for these
“plateaus” in the graph.

A whole different branch of SNA is devoted to blockmod-
elling, another alternative for analysis. In essence, blockmod-
elling compares patterns of connection between nodes to clus-
ter them into “blocks” of nodes that enjoy similar position or
roles within the network. The goal of blockmodeling is to re-
duce a large, potentially incoherent network to a smaller com-
prehensible structure that can be interpreted more readily. In
spite of this, blockmodelling techniques are “very unusual in

ego-net analysis because ego-nets are generally too small to
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merit blockmodelling” (Crossley et al., 2015). There are excep-
tions, however, as ego-nets might be big enough to merit its

use, as in the work by Edwards and Crossley (2009).



RESULTS

Although the main objective of this chapter is to explore the
player experience in ranked League of Legends, answering the
main objective, two partial objectives must be responded be-

forehand. Thus, in this chapter:

1. The egocentric networks for each player will be computed,
analysed and clustered to obtain a systematic classifica-
tion that groups players according to their social (online

playing) habits.

2. Player’s answers to the questions in the survey will be

explored.

After both steps are completed, they will be linked to the PE

in League of Legends.

51 PLAYER-CENTRIC NETWORKS

After extracting the data corresponding to all the matches
played in 2016 by the 439 players (228117 matches), the cor-
responding ego-networks were built and structural indicators
computed. First, the resulting variables will be shown. Second,
an initial clustering will be proposed. Finally, a simplified (and
minimal) model will be used to classify players according to

their social behaviour when joining games.
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DEG DENS ABC % IMP

count 439 439 439 439
mean 3.68 0.73 0.02 0.001
std O.44 0.16 0.09 0.004
min 3 0.06 0.001 52-107°
25%  3.35 0.64 0.007 52-107°
50%  3.63 0.75 0.012 22-1074
75%  3.92 0.85 0.019 8.1-107%
max  6.24 1.00 1.00 0.047

Table 5.1: Distribution of the numeric variables in the dataset (I)

511 Variables

For each player-centric network, the properties described in
section 4.4.3 were calculated after removal of the ego: average
degree (DEG), node density (DENS), average betweenness cen-
trality (ABC), percentage of nodes with betweenness centrality
over three times the mean (% IMP), number of separate com-
ponents (COMP), largest component proportion (LCOMP) and
modularity (MOD). As the number of separate components is
affected by the number of matches played, it was divided by
the total number of matches for every particular player. Once
this was done, all variables were standardized by removing the
mean and scaling to unit variance. The resulting dataset con-
tained 439 observations with seven indicators per row with the
following distribution (see Tables 5.1 and 5.2):

With these variables, and to fulfil the objective of developing

a basis for a systematic classification of these player-centric
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COMP LCOMP MO D
count 439 439 439
mean 0.42 0.43 0.78
std 0.25 0.27 018
min  0.01 0.01 0.04
25% 0.22 0.21 0.68
50%  0.39 0.42 0.82
75%  0.61 0.63 0.92
max  1.00 1.00 1.00

Table 5.2: Distribution of the numeric variables in the dataset (1)

networks, a clustering algorithm (affiliation propagation) will
be used. Although there might be alternatives to using clus-
tering techniques, they allow to discover hidden structures in
data where the ground truth is unknown and are thus appro-

priate for this duty.

5.1.2 Bivariate correlation

Before proceeding to clustering, the bivariate correlation ta-
ble between indicators or variables of interest is presented in
Figure 5.1 as reference. Two groups can be distinguished; the
first one containing measures related to node cohesion and
the second one related to node relevancy.

All variables will be included in the initial clustering model,
which will be optimized later to reduce the number of indica-

tors.
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Figure 5.1: Bivariate correlations between variables of interest

51.3 Clustering process

An affiliation propagation model was build using the obtained
dataset. Before proceeding, however, the preference parame-
ter had to be set. To do so, the influence of this parameter to
the number of clusters obtained by the model was plotted in
order to find a significant plateau (Figure 5.2). A long plateau
between [-60, -45] can be observed, resulting in a seven clus-
ter structure. Affinity propagation is then used with preference
equal to -45.

As displayed in Figure 5.3, seven clusters are formed. To as-
sess the goodness of fit, the Average Silhouette Width (ASW)
(Kaufman & Rousseeuw, 1990) is computed and results in ASW =

0.533. ASW assesses the optimal ratio of the intra-cluster dis-
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number of clusters
=

=100 -80 -60 =40 =20
preference parameter
Figure 5.2: Number of clusters derived from affiliation propagation

versus shared preference (all indicators included).

similarity of the objects within their clusters and the dissimilar-
ity between elements of objects between clusters. According
to Kaufman and Rousseeuw, an ASW between 0.51 and 0.7 in-
dicates that “a reasonable structure has been found,” so, with
0.533, the present clustering shows a reasonable preliminary

classification of player-centric networks.

51.4 Final model

It is possible, however, to simplify the model reducing the
number of variables. Therefore, the number of indicators that
defined the hidden structure that emerged from the networks
was reduced. A series of ordered cuts in the variables were
executed, iterating as follows: remove indicator, assess prefer-

ence parameter, run affinity propagation, compare ASW. The
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Figure 5.3: Graphical representation of clusters resulting from the af-
filiation propagation algorithm with preference -45 and all
indicatorsincluded. Thisisonly a 2D slice of a7 dimension

space for illustration purposes.

final and best result was obtained using only the modularity
(MOD), the standardized number of components (COMP) and
the largest component proportion (LCOMP), thus reducing the
number of indicators from seven to three.

With preference set at -30 (see Figure 5.4, although using the
same value as in the previous run wouldn’t change the result),
the affiliation propagation algorithm results in four clearly de-
fined clusters (Figure 5.5 and Figure 5.6) that assimilate the
three small additional clusters that appeared in Figure 5.3 into
them. The ASW also improved notably and now equals 0.641,
still in the same reasonable structure interval but with a sim-
pler cluster splitand closer to the 0.71that would be the thresh-

old to obtain an excellent fit. From largest to smallest, the num-
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preference parameter
Figure 5.4: Number of clusters derived from affiliation propagation

versus shared preference (best three indicators only).

ber of observations per cluster is 65 (C1), 125 (C2), 129 (C3) and

120 (Ca).

51.5 Cluster analysis

Another way to check whether the final proposed clustering
has a good fit is to look at the distribution of the indicators per
each cluster and compare them. To do so, four violin plots are
drawn in Figure 5.7.

Before anything else, a quick test is run on the total num-
ber of games per player; the graph shows that they are similar
among clusters so size-related side-effects can be discarded. A
Kruskal-Wallis test followed by a Dunn'’s test is then run for all

three indicators. Differences are found for all three at p-value
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Estimated number of clusters: 4
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Figure 5.5: Graphical representation of clusters resulting from the af-
filiation propagation algorithm with preference -30 and re-
stricted to the best three indicators. This is a 2D slice of

the 3D space.

~ 0, and all pairs of clusters present statistically significant
differences with p-values « 0.001.

Cluster C1 contains player-centric networks that have low
modularity (so few communities emerge), a low number of com-
ponents in proportion to their size and the largest component
contains, in average, more than 80% of the total nodes.

Cluster C4 networks have high modularity (close to the high-
est possible value), a massive number of components in pro-
portion to their size and the largest component contains, in
average, less than 20% of the total nodes.

In-between these two extremes, clusters C2 and C3 are found.
Both have higher modularity and component counts than C1

but notably lower than C4. Moreover, both have largest com-
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Estimated number of clusters: 4
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Figure 5.6: 3D representation of the resulting clusters. Note that fig-

ure 5.5 is the 2D view from above.

ponents with less nodes than C1(around 60% and 40%, respec-
tively) but with a significant increase versus Cs4. Although these
similarities, they are still quite different, and it is assumed that
they represent two distinct groups of players.

An observation is chosen at random from each cluster to
illustrate the described typology. For both visualization and
comparison purposes, it's selected randomly from similar sized
networks (range between 500 and 800 games played). Their

dimensions and indicators can be found in Table 5.3, while
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Figure 5.7: Violin plots for total games, modularity, components and

largest component proportion per cluster.

the graphical representation is presented in Figure 5.8, where

thicker edges represent higher link weights.

51.51 Team player

C1 would correspond to a team player. The alter network
(without the ego) is not only highly connected and with a huge
largest component, but also exhibits strong connections be-

tween some alters. This implies that the ego a) almost always

MATCHES NODES MOD compP LCOMP
Gl 693 1335 0.323 0.059 0.878
C2 668 1606 0.598 0.178 0.690
3 699 2069 0.775 0.383 0.423
C4 699 2641 0.992 0.816 0.058

Table 5.3: Indicators extracted from sample player-centric networks
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Figure 5.8: Graphical representation of sample player-centric net-

works.

plays with the same players and b) they do so together. As
many matches are played sharing alters, the total network con-
tains notably less nodes than the other clusters (as can be
noted in Figure 5.8). These players often join the game with
a team full of known people (or, at least, players with whom

they already played in the past).

5.1.5.2 Group player

C2 would then correspond to a group player instead. Com-

pared to C1, there are fewer strong links between alters (in this
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particular case it's basically a triangle), the largest component
is smaller and there are more disconnected components. This
kind of player a) regularly plays with two or three friends and b)
occasionally plays with people in other circles or alone. There-
fore, group players (whenever possible) join with a group (but
that group is not large enough as to cover a full team). Else,

they play with smaller groups or even solo as a last option.

51.5.3 Cell player

C3 shows much less strong relationships between alters, so
this cluster could be labelled as cell players. The largest com-
ponent covers less than half of the network and connections
inside are weaker. Two tendencies are found: strong dyadic
relationships in the alter network are translated into matches
played in trios (but note that these trios are not fully connected
between them; if they were, they would become C2). Addition-
ally, many small star-shaped components outside the largest
one represent games played in duo (therefore sharing only one
player between matches). Players in C3 join the game in small
and variable cells of two to three members; they also go solo

more often than the previous two types.

5.1.5.4 Solo player

Cs4 would then be the solo player. Their graphs show how the
largest component is almost inexistent, no relevantly strong
links are present with any other player and the landscape is
mostly composed of spare components of four unknown play-
ers that the ego will never met again. This is the least social

of all players. Therefore, not only their games are always auto-
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matically filled with four strangers by the matchmaking system,

but also rarely results in links established between them.

5.2 PLAYER SOCIAL HABITS AND RANK

Although the official League of Legends API provides little in-
formation about the player’s attributes, rankis available. There-
fore, it is possible to enhance the obtained clustering with a
few insights about their skill level (as determined by the game).

Figure 5.10 displays rank distribution within each cluster.

1.00-
0.75-
Rank
[ oamono
I eLaminum
] B o
| R
[ eronze
0.25-
c1 c2 ca c4

Percentage
f=]
(5] -
[ =]

=]

0.00

Cluster

Figure 5.9: Rank distribution per cluster. C1 has less high ranked play-
ers than other clusters. C3 and Cy4 are disproportionally

higher ranked.

Taking into account that bronze, silver and gold are the low-
est ranks and platinum and diamond are the highest ones be-

fore the exclusive master and challenger:
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= The first cluster, C1, formed by team players, presents no-

tably less high ranked players than the other clusters.

= On the other hand, C3 and C4, the duo and solo players,
have a higher proportion of platinum plus diamond play-
ers, even over the expected distribution across all player

base.

At first sight, this is somehow contradictory, as collaboration
and trust between team members in League of Legends is cru-
cial for success so it would make sense to see better collabora-
tion (and, therefore, better performance) in teams formed by
friends. In spite of this, two reasons why this happens could
be suggested.

First, the higher the rank the less players there are. When
a player climbs in the ladder, not only there are less players
available, but less friends too, as players need to join the games
with players either in their own division or one up/down. This
keeps true until platinum, where restrictions apply, as only
highly ranked platinum players can join games with diamond
players. Diamond gets more extreme, as there are even restric-
tions within its divisions. Therefore, higher ranked players are
forced to be solitary players in regard to their friendships.

Second, in ranked competition all games matter. It is not
only important to play well, but also to keep winning in or-
der to advance. A bad streak can bring a player down in the
ladder and promotions are long and difficult. It is thus likely
that friendly team playing is left for lower categories (suggest-
ing more “casual” playing) while higher ranked players might
tend to select their teammates more in detail. It is even pos-

sible that, in order to prevent disputes and negative feelings,
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joining with real-life friends is avoided in these almost profes-

sional ranks of skill.

5.3 PLAYER SURVEY

Before moving on to the results of the PE questionnaires in
the following section, the demographics and behavioural ques-
tions will be explored in this section.

It must be noted that one participant was removed from the
439 player sample as he or she was the only one ranked master

(way above the rest) so it was considered an outlier.

5.3.1 Demographics

Participants were asked for their year of birth and gender.
As shown in table 5.4, players were mostly young (range from
only 13 years old up to 35). This, together with a mean of 19.4
years, indicates that most League of Legends ranked players
are either teenagers or in their early twenties. The 50% of the
players sit between 17 and 21 years, actually.

Gender is disproportionally male dominated. In the result-
ing sample there were only 27 female players, which represent
a 6% of the total sample. This is consistent, however, with the
findings from Yee (2017). With a 270.000 player sample, MOBA
games had, in average, around 10% female players only; al-
though a drill down showed how League of Legends figures
could be up to 14%, DOTA 2 numbers were at 6%. As the cur-
rent sample is restricted to active ranked players, it is natural

that female quota is closer to the DOTA numbers.
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AGE
Min 13
25% 17
Median 19
Mean 19.4
75% 21
Max 35

Table 5.4: Age demographics

5.3.2 Player Rank

In League of Legends, players are ranked accordingly to their
The ladder is the skill level. There are seven tiers in the so called “ladder”, in in-
road that players  creasing order of skill: Bronze, Silver, Gold, Platinum, Diamond,

must climb from Master and Challenger. After a few placement matches, players

the bottom to . . . .
get placed in competition categories (League tiers), and sub-

reach the higher
divisions categorized into Divisions. The main objective becomes then
to climb the ladder by continuously winning matches.

As said before, behind this ranking (and using an undisclosed
calculation in the case of League of Legends) there is an Elo rat-
ing system similar to the one originally used for chess players.
Inshort, itis assumed that a player’s performance has a normal
variation among games; the mean of that distribution is the Elo
rating, which is determined by the win/loss statistics. There-
fore, a player with a high Elo performs, in average, better than
a player with a lower Elo. This is important as, once players

are ranked accordingly, it's much easier to set “fair” matches



5.3 PLAYER SURVEY

TIER REAL % REPORTED %
Bronze 62 1416 22 5.02
Silver 127 29.00 65 14.84
Gold 123 28.08 146 33.33
Platinum 84 19.18 122 27.85
Diamond 42 9.59 69 15.75
Master 0 0.00 0 0.00
Challenger o 0.00 6 1.37

Table 5.5: Sample size per tier in the survey

between players of a similar skill level, which is crucial for a
good PE (Véron et al., 2013).

Players were asked for their perceived skill (rank tier) in the
survey. Afterwards, that rank was checked using the League
of Legends API and substantial differences were found (Table
5.5) between the reported and the real rank and the end of the
Season 6, which will be used for the analysis.

It is easy to notice how players overstate their rank level
when asked in a survey, but it is also easy to extract this in-

formation directly from the game to contrast it.

5.3.3 Seniority

To avoid confusion with player experience, in-game experi-
ence (as in number of matches played or time spent in the
game) will be referred as seniority. Is rank related with se-
niority? If that was the case, both would be exchangeable con-

cepts, as number of games played would be roughly equivalent
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MATCHES
Min 7
25% 185
Median 347
Mean 460
75% 659
Max 2023

Table 5.6: Number of ranked matches played by players

to time spent in the game. The distribution of ranked games
played by the players in the sample is shown in table 5.6

To assess their relationship, a Kruskal-Wallis test was run
grouping by rank. Resulting p-value was significant and smaller
than 0.001. Thus, a Dunn test, corrected by the Holm-Bonferroni
method, followed to draw further conclusions on differences
among groups. All binary relationships were found significant
at 95% confidence level except for two: Silver and Gold ranks
didn’t show statistical difference (p-val=0.39) and neither do
Platinum and Diamond (p-val=.28). Therefore, three groups
could be formed in ascending number of played games. Bronze
players are, according to the “ladder”, the less skilled play-
ers but also the less experienced (or less senior) players. Sil-
ver and Gold players have both a similar number of games
played in average, but they are significantly below the number
of ranked games played by the most skilled players in the sam-
ple, Platinum and Diamond ones. It could be expected, there-
fore, that Silver and Gold ranked players show similar PE in the

later analysis (and the same for the other pair, Platinum and
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SURVEY NUMBER CLUSTERING NUMBER
Full Team 40 C1 65

3-4 group 159 C2 125

Duo 163 G 129

Solo 77 C4 120

Table 5.7: Play preference among players and clustering

Diamond). In figure 5.0, the relationship between tier and to-

tal number of wins in ranked is depicted. Players have, in
average, a 50%

1000. .
win rate

750 ‘

0
C 500.

=

250.

BRONZE SILVER GoLD PLATINUM DIAMOND
Rank

0. \

Figure 5.10: Rank Tier and Total Number of Ranked Wins

5.3.4 Play preference

As part of the survey, players were also asked for their play
preferences. Although not directly comparable to the results
of the clustering in section 5.1 (as the categories are slightly

different), it is possible to use them for assessment.
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In League of Legends, teams are composed by five human
players each, but these five players can be joined in multi-
ple different combinations. In our sample (Table 5.7), 18% of
the players (N=77) claim they go “Solo”, which means that the
player enters the queue alone and the matchmaking system
finds the rest of the team to play with. As League of Legends
has a strong social component, however, more often than not
players enter the queue with friends: 37% of them go in “Duo”
(N=163) while 36% (N=159) usually form pre-made teams of three
or four people. Finally, 9% (N=40) answered that they usually
join the queue with a full pre-made team (that'’s a five player
team, so no unknown players will join).

Compared to the previous results of the clustering, a simi-
lar distribution is found; however, the amount of players that
underestimate the amount of games that they join alone is no-
table. This is probably due to the answer to the survey express-
ing a wish or a preference instead of the reality the players find
in their everyday matches. Therefore, in order to be the most
faithful possible to the actual conditions, PE will be assessed
using the calculated clustering for every player instead of their

answers.

5.3.5 Communication

Communication in team games such as League of Legends
is crucial to success, but ranked amateur players mostly play
from their homes, physically alone. How do players communi-
cate with their friends or teammates, then?

Results can be found in table 5.8 and show how more than

70% of the players choose voice-based communication tools
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METHOD NUMBER
Skype 194
Teamspeak 119

Pings and text chat 53

Pings only 10

Other (unknown) 62

Table 5.8: Number of ranked matches played by players

(such as Skype or Teamspeak) as their preferred option. Only
a few opt for the in-game pings as the main method of commu-
nication. What is interesting about this data is to notice how
players prefer voice-based options while the game, League of
Legends, doesn'’t provide an integrated one - so players need

to find and use external tools to communicate.

5.3.6 Role

When joining a League of Legends match, each player takes
a role in the team. Current matchmaking system actually lets
players express their preferences and assigns them to a role,
which also has an effect on the range of avatar characters (known
as Champions in the game) that the player will choose, as some
are better suited for a role than others depending on the meta-
game at the time (Donaldson, 2015). Role definitions have evolved
from season to season, but stabilized at five main roles (see
Figure 5.11). Three players control the lanes (Top, Mid and Bot-
tom) while Support provides utility to the team (spending most

of the game paired with Bottom) and Jungle makes use of the
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The weekRly
rotation is a set of
10 champions that

are free to play or

try during a week

RESULTS

resources in-between lanes. Players can also choose to “Fill",
which means that they will take any free role. Role distribution

in the sample can be found in Table 5.9.

5v5 NORMAL DRAFT

: | B Support
7/, ~a
&

Figure 5211: Champion select screen, with team roles illustrated at the

centre

Roles are rather uniformly distributed in the sample. One
could think about comparing them to the API results, but that
wouldn’t be the best option, as players express two options
when joining the game (and they are not even guaranteed re-
ceiving one of them), so the preference expressed by the player

(as is) will be the variable used for this study.

5.3.7 Champion selection

Although League of Legends is a free-to-play game, champi-
ons outside the free weekly rotation need to be purchased, ei-
ther in Riot Points (real currency) or Influence Points (slowly
earned in-game currency). Therefore, players need to think

carefully about their purchases. They can have:



5.3 PLAYER SURVEY

ROLE NUMBER PERCENTAGE
Top 64 15%
Mid 81 18%
Bot 97 22%
Support 98 22%
Jungle 66 15%
Fill 33 8%

Table 5.9: Role distribution in sample

OPTION NUMBER
1 (ALL) 186

2 (Liked) 54

3 (Preferred role) 53

4 (Two roles) 73

5 (Balanced) 72

Table 5.10: Champion selection owned by players

1. As many champions as possible, with no special criteria.
2. The champions they like best.

3. The champions that are best suited to their preferred

playing role.
4. The championsthat adapt to their two preferred role choices.

5. Or a balance: a few champions that cover all possible

roles.
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Table 5.10 shows how most players either try to accumulate
as many champions as possible or try to, at least, achieve a
balance that allows them to play comfortably in two or more
roles. This makes sense, as no player has a guaranteed starting
role when joining a ranked League of Legends game, so players

need to have at least two choices available.

5.3.8 Adaptation

One of the most particular aspects of League of Legends is
how things change every two weeks. Riot Games, the devel-
oper, releases regular patches that change how the game is
played. These changes can range from minor adjustments to,
for example, champion characteristics, to huge changes such
as new champions or reworks of existing champions. There-
fore, players need to adapt every two weeks to changing con-
ditions. How do they adapt? Players were asked about what
do they do when their main champion is changed in a patch

and had the following options available:

1. I seldom read the patch announcements or changes.

2. | usually read the announcement and adapt my build to

the changes.

3. l usually read the announcement but | keep playing the

same.

4. | use another champion because | don’t like changes to

mine.

As shown in table 5.11, most players read the announcements

regularly and at least try to adapt to the changes.
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OPTION NUMBER
1(Don’t read) 28

2 (Adapt) 349

3 (Read but don’t adapt) Lt

4 (Change champion) 17

Table 5.11: Player adaptation to changes

OPTION NUMBER
Never 80

Once a month 317

Once a week 37

Many times a week 4

Table 5.12: Purchase frequency

5.3.9 In-game purchases

As said previously, players can avoid any kind of monetary

expense in League of Legends; often, however, players prefer

some champions over others and want to add them to their

account or express aesthetic and customization preferences

buying and using custom “skins” for their champions. A skin is an
How often do players purchase from the game? Accordingto  alteration of the

the obtained player sample, the vast majority (82%) purchase aspect of the

. . champion with no
something at least once a month. Still, a relevant number of

game effect other
players opt for playing LoL at no cost (Table 5.12). than eye-candy
It is also relevant to note how much do players spend in ev-

ery purchase (Table 5.43). Half of them (46%) claim to spend
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OPTION NUMBER
Nothing 71
Less than 5€ 40
Between 5€ and 10€ 202
More than 10€ 125

Table 5.13: Player expense per purchase

between 5€ and 10€ per purchase; it actually makes sense, as
the cost of a single champion or skin is, in average, slightly over
5€ but below 10€. Players who spend over 10€ might purchase
both a champion and a complimentary skin at the same time,
while players spending less than 5€ are probably taking advan-
tage of the weekly sales and offers that lower the costs of four

different champions and four different skins every week.

5.3.10 Viewership

According to the latest Newzoo's survey (Pannekeet, 2017)
(see Figure 5.12), up to 55% of the total League of Legends users
are also (or exclusively) viewers of the game. According to
Newzoo, 45% of the people that interact with League of Leg-
ends does only play, while a 29% plays and spectates (watch-
ing other players online or professional tournaments). Most
surprising is, however, the remaining 26%, which is formed by
people who only watches the game and don’t play at all. In
other words (and numbers), the 39% of the total player base is
also part of the audience, while a 53% of the audience is also

playing the game. Thus, a 47% of the League of Legends does
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not actually play. To add a measure of time, 8,5% of the players

spend 15 hours or more, weekly, spectating matches.

@ ESPORTS: ANALYSIS OF FIVE KEY FRANCHISES

AN ANALYSIS OF THE INDIVIDUAL SPORTS OF ESPORTS: PLAYING & VIEWING
newzoo
COUNTRY SCOF FRANCHISE PLAYERS PLAYERS & VIEWERS NON-PLAYING VIEWING
cozan R ONY ONLY o sMaRe T

b RS n.8% 45% 47% = 85%

£ 9.6% 47% 57% | 1.4%
Boorta2 = 5% 57% 47% | 4.4%
OVERWATEH | Hl.  9.4% 62% 47% | 6.0%
JHEARTHS ON e 61% 46% 5.9%

newzoo

Figure 5.12: Analysis of five key franchises. Source: Newzoo (Pan-

nekeet, 2017)

Among the players in the sample, up to 88% claimed to be
a regular watcher of the EU LCS (official European League Se-
ries) or the LVP, while 69% mentioned using YouTube to watch
League of Legends related content. These included not only
matches, but also guides and entertainment (Mora-Cantallops,
2017). Comparing to Newzoo's figures, these are much higher;
it must be taken into account, however, that the player sample
was extracted from the LVP database and, therefore, players

are more prone to be knowledgeable about the tournaments.

5.4 PLAYER EXPERIENCE

After reviewing the survey results, all the relevant variables
will be used to study PE using both the PENS and the SPGQ as

response variables.
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5.41 Reliability

Before starting, an internal reliability check was conducted
for the survey. Cronbach’s alpha resulted in .68. According to
Kline (1993), values over .7 indicate good reliability, so .68 can
be deemed as acceptable. Cronbach’s alpha wouldn’t improve
significantly if any variable would be dropped. Significant pos-
itive correlations between all 5 subscales of the PENS were
found but most were relatively small (r < .35). Only Competence-
Controls (r = .4) and Autonomy-Presence (r = .64) showed

higher correlation.

5.4.2 Dimensions

Although PENS and SPGQ dimensions have been previously
explained, a brief reminder is written again for convenience.

The PENS model includes the following five dimensions: au-
tonomy, competence, relatedness, presence and intuitive con-

trols.

= |n-game autonomy relates at how free players feel to make

choices within the game.

= In-game competence denotes whether game challenges

and player competence is balanced.

= In-game relatedness is concerned about the degree of

connection between the player and the other players.

m Presence relates to physical, emotional and narrative pres-

ence in the game.
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= Intuitive controls is connected with the ease of control

when playing.

SPGQ is composed of three subscales, two dealing with psy-

chological involvement and one with behaviour:

= Empathy, measuring positive feelings towards co-players.

m Negative Feelings, measuring negative feelings towards

co-players.

» Behavioural Engagement, measuring the degree to which
players feel their actions to be dependent on their co-

players actions.

5.4.3 PE and sRill level

First, all five PENS dimensions are compared as a function of
the player’s rank (Figure 5.43). In this case, as there were more
than two groups to compare, the Kruskal-Wallis test was used.
A Dunn'’s test (corrected using the Holm-Bonferroni method)
was executed afterwards to follow up all multivariate effects
where significant differences were found. For Dunn’s test re-
sults, only significant p-values are listed (Table 5.14).

Results highlight how only Competence and Presence show
statistical differences, although in the case of the latter, Dunn'’s
test differences are only marginally significant at a 95% confi-
dence level, so they will not be assumed as relevant.

Statistically, different levels of Competence define two groups:
the masses (Bronze, Silver and Gold), theoretically composed

by 90% of the players, and the elites (Platinum and Diamond),
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DIMENSION X2 P-VALUE
Competence 38.272 <« 0.001
Autonomy 3.7986 0.434
Relatedness 2.9997 0.558
Presence 12.726 0.013
Controls 2.3261 0.676
MORE > LESS Z AD) P-VALUE
COMPETENCE

Platinum > Bronze 3.489 0.003
Platinum > Silver ~ 3.532 0.003
Platinum > Gold 2.894 0.019
Diamond > Bronze 4.816 & 0.001
Diamond > Silver  4.916 & 0.001
Diamond > Gold 4.409 &« 0.001
PRESENCE

Silver > Diamond  2.8134 0.049
Silver > Gold 2.7774 0.049

Table 5.14: PENS results for rank
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Figure 5.13: PE in League of Legends per Rank tier

formed by the top 10% players. As it would be expected, play-
ers in the top divisions (Platinum or Diamond) feel more com-
petent (or good at the game, as validated by their placement)
and therefore perceive the game as more balanced (or, in other
words, “fairer” to them).

On the other side, Bronze, Silver and Gold players are stuck
with the vast majority (approx. 90%) of the population. While
is possible that many players acknowledge their lower level
of skill (compared to their higher ranked counterparts), others
might simply blame League of Legends’ balance for their place-
ment, as most players in the sample tended to overestimate
their perceived skill, leading to lower scores in their answers
to in-game competence related questions.

SPGQ results (Table 5.15), on the other hand, show how feel-
ings towards other players, both positive and negative, are sim-
ilar at all ranks. Although the Kruskal-Wallis test delivered
a significant p-value for Empathy (.037) in the first place, no

multivariate effect was found once adjusted using the Holm-

93



9%

RESULTS
DIMENSION X2 P-VALUE
Empathy 10.219 0.0369
Neg. Feelings 42303 0.3887
Behavioural Eng.  2.9605 0.5645

Table 5.15: SPGQ results for rank

Bonferroni method. Behavioural engagement didn’t show any

significant difference either.

5.4.4 Team formation effect in PE

After obtaining the clusters in section 5.1, they will be used

to further assess whether the structural differences found in

the player-centric networks have an effect in PE.

PENS
N

PEMS_Competence PEMS_Autonomy PENS_Relatedness PENS_Presence
Subscale

Figure 5.14: PE in League of Legends per Rank tier
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Team formation didn’t show statistical relevance in any of
the PENS measures at 95% confidence level except for one: re-
latedness (see Figure 5.14). Once the Dunn’s test (corrected us-
ing the Holm-Bonferroni method) is executed (Table 5.16), it
is found that players in clusters C1 and C2 experiment a higher
feeling of relatedness; this means that they feel more connected
to other players. It makes sense, thus, to see this effect as
significant in team or group players (C1, C2) versus solo play-
ers (C4). Previous studies show how social interactions (and
friends and particular) are relevant to MOBA games. For Tyack
et al. (2016) “people most frequently begin to play MOBAs as
a shared activity with friends” while “the strong social moti-
vation for beginning play stands in sharp relief to its absence
among the most popular reasons for churning.” Another finding
from the same study showed how MOBA players either don't
expect or don’'t want strangers to display social characteris-
tics, as game system indirectly discourages long-term group
formation, in contrast to MMORPGs' required collaboration to
achieve higher challenges.

This finding is consistent with the SPGQ results (Table 5.17),
as players in all clusters show the same level of positive and
negative feelings towards teammates. It's like it doesn’t mat-
ter; playing with strangers or with friends, social feelings might
be similar. In spite of this, Tyack et al. (2016) found that team
formation impacted player mood, with players experiencing
“significantly improved mood when playing with friends, as op-

posed to strangers”. This wasn’t the case in the current study.
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DIMENSION X2 P-VALUE
Competence 0.92908 0.8184
Autonomy 0.44055 0.9317
Relatedness 11.495 0.009
Presence 2.2716 0.518

Controls 1.4261 0.6994

MORE > LESS Z AD) P-VALUE
RELATEDNESS

G1>Cq4 2.590 0.047

C2>Cy 2.853 0.026

Table 5.16: PENS results by cluster

DIMENSION x> P-VALUE
Empathy 5.3826 0.1458
Neg. Feelings 2.9212 0.4039
Behavioural Eng.  1.2567 0.7395

Table 5.17: SPGQ results by cluster
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5.4.5 Roles in PE

Results for Role are shown in Table 5.8, with Dunn’s test
results corrected using the Holm-Bonferroni method. Results
show how although PE might differ across roles, it would only
do it so slightly and mainly points to Mid as a particular case
that deserves further exploration.

The extra feeling of autonomy expressed by the Mid laners
could be explained for their central position in the map, lead-
ing to more courses of action available for Mid players, while
other roles such as Jungle spend their time going over their op-
timal routes in the Jungle (leaving little space to exploration).
Furthermore, in the case of professional teams, good Mid play-
ers are usually considered as “mechanically gifted” (meaning
their level of competence with the controls is extraordinary as
they need to react in fractions of a second) but the sample
didn't include professional players and, therefore, it is not pos-
sible to relate mechanically gifted players to Mid.

SPGQ results displayed no statistically significant differences
in neither empathy, nor negative feelings, nor behavioural en-
gagement, with p-values over 0.65. Players’ social presence
seems to be, therefore, unaffected by the role played within

the team.

5.4.6 Economy and PE

It's indeed interesting to note how players perceived Auton-
omy and Presence (Table 5.20 and Figure 5.15) are impacted by

their purchasing power within the game.
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DIMENSION X P-VALUE
Competence 41686 0.53
Autonomy 13.977 0.016
Relatedness 3.5658 0.6135
Presence 10.969 0.052
Controls 12.428 0.0294
MORE > LESS Z ADJ P-VALUE
AUTONOMY
Mid > Jungle 3443 0.025
Mid > Bot 2.853 0.044
Table 5.18: PENS results by role
DIMENSION x> P-VALUE
Empathy 3.3093 0.6524
Neg. Feelings 1.3715 0.9274
Behavioural Eng. 21476 0.8284

Table 5.19: SPGQ results by role
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DIMENSION x> P-VALUE
Competence 1.8778 0.5981
Autonomy 16.404 < 0.001
Relatedness 0.51673 0.915
Presence 28.102 &« 0.001
Controls 5.7783 0123
MORE > LESS z AD) P-VALUE
AUTONOMY

+10€ > 0€ 3443 0.025
+10€ > 5-10€ 2.853 0.044
PRESENCE

+10€ > 0€ 5.064 <« 0.001
5-10€ > 0€ 4.277 <« 0.001

Table 5.20: PENS results by expense
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DIMENSION x> P-VALUE
Empathy 4.3619 0.2249
Neg. Feelings 1.2729 0.7356
Behavioural Eng.  1.5005 0.6822

Table 5.21: SPGQ results by expense

Players who spend more money in Champions and skins for
the game (which is actually outside where the action happens)
feel freer to make decisions and choices in the game, while
also feeling more immersed, more emotionally “in the game”.
It looks as if Autonomy and Presence in League of Legends were
somehow related not only to the freedom of choice but also to

the affordability of such choices.

Expense Level
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ES >10e
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S

PENS_Competence  PENS_Autonomy  PENS_Relatedness PENS_Presence PENS_Controls
Subscale

Figure 5.15: PE in League of Legends per expense level

SPGQ, on the other hand, shows no differences in feelings

across expense levels at all.
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5.4.7 Gendered Play Experience

Ratan et al. (2015) conducted a survey during the early days
of League of Legends (in 2010) and reached many relevant con-
clusions regarding gender disparity in the game, the most rel-
evant of which was that “females are not as confident in their
gameplay ability as males”. In comparison, Ratan and colleagues
had 41% players reported as female in their sample, relatively
close to the 6.2% found in the current study. In a recent report,
Yee (2017) found a figure of 14% for the number of female play-
ers in League of Legends, although his study considers the full
population of players and not only ranked.

Ratan et al. (2015) also supported, among others, three hy-
pothesis that are going to be tested before proceeding. First,
that male players played more games in average than female
players (R.H1 in their study). Second, that average skill was
higher in males than females (R.H2a in their study). And third,
that female players played Support roles in a large proportion
than males (R.H5a).

According to the player sample, male players (Mean = 464.75,
SD = 366.38) and female players (Mean = 409.44, SD = 343.12)
doesn't differ statistically in number of ranked games played
(the Mann-Whitney U test results in a p-value=.496) so R.H1
doesn’t hold true. A similar result is found for R.H2a; when a
Pearson’s Chi-squared test is run to assess whether skill (Rank)
is higher in males than females, the found p-value is .204, so
we can’t reject the null hypothesis that rank and gender are
independent. Last but not least, when checking whether role
proportions and gender are related, a significant p-value («

0.001) is obtained as a result of the Pearson’s Chi-squared test.
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RANK

GENDER BRONZE SILVER GOLD PLAT. DIAM.

Male 60 114 116 80 A

Female 2 13 7 4 1

Table 5.22: Gender-Rank frequency table

RANK

GENDER TOP JUN. MID BOT SUP. FILL

Male 64 66 79 89 81 32

Female o} o} 2 8 16 1

Table 5.23: Gender-Role frequency table

Once corrected pairwise tests are ran, significant differences
are found in Support-Top (p-val=.019) and in Support-jungle
(p-val=.021). Therefore, R.H5a still holds true as females play
Support roles disproportionally more than males do. Tables
5.22 and 5.23 contain the resulting frequency tables for rank
and role.

After these preliminary checks, knowing that in the sample
the number of games played and the skill level is compara-
ble among genders, PE in function of gender is analysed. As
only two groups need to be compared in this case (Male versus
Female) a series of Mann-Whitney U tests are executed, one
for each PENS dimension. Table 5.25 shows the results and
p-values per dimension, while the corresponding boxplot is

drawn in Figure 5.16.
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DIMENSION W DIRECTION P-VALUE

Competence 4175.5 Male > 0.030
Female

Autonomy 4370.5 Not 0.064
significant

Relatedness  6420.5 Not 0.168
significant

Presence 5221 Not 0.608
significant

Controls L448.5 Not 0.083
significant

Table 5.24: Mann-Whitney U test on PENS dimensions depending on

gender

DIMENSION W DIRECTION P-VALUE

Empathy 6261 Not 0.263
significant

Neg. Feelings 4599.5 Not 0.1359
significant

Behavioural 5273 Not 0.6655

Eng. significant

Table 5.25: Mann-Whitney U test on SPGQ dimensions depending on

gender
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According to the obtained results, female players feel indeed
less competent than their male counterparts. The same result
was obtained in Ratan et al. (2015). This feeling of lower compe-
tence happens even when their ranks and in-game experience
is similar. No significant differences are obtained in the SPGQ
tests.

This being said, however, and given the disparity in roles,
an additional test was conducted. The 16 female support play-
ers were compared to the 81 male support players using Mann-
Whitney U tests and, interestingly enough, differences disap-
peared. Not only PENS competence became statistically non-
significant (p-value=.265) but the rest of the PENS dimensions
also stayed non-significant at 95% confidence level. This basi-
cally means that there are no differences in competence feel-

ings between groups when controlling by role.

Gender

ES Female
B 1ale

PENS
'S

PENS_Competence PENS_Autonomy PENS_Relatedness PENS_Presence PENS_Controls
Subscale

Figure 5.16: PE in League of Legends by gender



DISCUSSION

The final objective of the present work was to explore PE in
League of Legends as a function of its players’ attributes. To
do so, however, it was needed to pass through a few steps in

form of partial objectives.

6.1 PARTIAL OBJECTIVES

6.1 Literature review

As part of the background review for MOBA games, the main
lines of research were identified.

On modelling and prediction “current work has only begun
to tap into the rich and varied behavioural data available from
MOBAs” (Drachen et al., 2015). However, tactical and strategy
analysis has been almost exclusively been data-based, without
including a qualitative complement from players that could
help understand the variables that predict most of the vari-
ance related to success in matches. Some of the identified

gaps in this subject would be:

» Tactical gameplay analysis using encounter detection: team
fights are, most probably, the most decisive encounters
in @ MOBA match. A deeper understanding of how these

encounters should be managed optimally would be re-
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quired, together with validation using insights from pro-

fessional players.

» Tactical behaviour changes and shifts in professional teams
and their impact in the rest of players: metagame shifts
happen over time in MOBA games that change the cham-
pions that are played and the strategies and tactics that
are used. What's the impact of a champion selection in a
professional competition that is seen by millions of play-
ers (e.g. in the LCS - League of Legends Championship
Series) and how does this propagate into the thousands

of matches played every day?

= Mining eSport’s tracks is opening interest in further ap-
plication of these tools for analysing real time sport (Ri-
oult et al,, 2014). APIs ease the process of getting quan-
titative and empirical results from data extracted from
servers. This information can be used to predict the out-
come of a match or improve a team performance. If that's
so, why couldn’t it be an open door to reapply it to real
sports? And the other way round? Traditional sport could
benefit from what is learned in virtual venues in an un-
precedented way in history, especially in terms of collab-
oration and competition in team-based sports. A MOBA
match can be imagined as a basketball match with a vari-
ation of the rules that puts three balls (lanes) in the field,
where each player takes his or her role while playing to-
gether to win the game. Team formation and team suc-
cess should be linked closely with modelling and predic-
tion to have a global picture that brings a better under-

standing.
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MOBA research should also get closer to the players in or-
der to understand their experience playing MOBA games and
what'’s the impact on well-being. It is suggested that measures
related to competition, teamwork and sense of mastery (John-
son & Wyeth, 2015), not so present across most of the genres,
should be incorporated and further investigated in studies on
player experience in MOBA games. It is in this line where the
need to include the MOBA industry is identified: matchmak-
ing, player churn and toxic behaviour cannot be accurately re-
searched without involving all parties and sharing their find-
ings. For example, League of Legends developer, Riot Games,
has a large Game User Research group that focuses on their
own game. Their research, however, is undisclosed and is rarely
disclosed to the general public as it's considered strategic and,
therefore, confidential. And while matchmaking and player churn
are relevant topics for the industry, mainly related to player
retention, both could be left in a second plane when toxic be-
haviour is present. Toxic players affect negatively on the de-
velopment of online communities and represent a social prob-
lem that could even lead to the undesired cyberbullying or
gender and cultural discrimination. Designers should take an
active role in teaching and encouraging positive community
norms, especially when interacting with newer players and re-
searchers could help by defining and testing what these norms
should be in order to be effective. Furthermore, a deeper un-
derstanding of the factors that can be used to identify toxic
players is needed as variables in (Shores et al., 2014) were not
experimentally manipulated and this causal inferences are lim-

ited.
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Beyond gaming, toxic behaviour studies have great potential
because teams are an essential building block of modern orga-
nizations. Also, in the current globally distributed workspace,
collaboration through an electronic channel is pervasive. This
often results in a goal-oriented group that lacks social con-
nections. Such settings can accelerate the tendency to blame
others, further escalated by the individuals’ unfamiliarity with
remote partners (Cramton, 2001). Competitive games in gen-
eral, and the (disappeared) LoL Tribunal in particular, are thus
a valuable asset to capture group conflicts in the virtual space
and test effective treatments for them. Solutions for toxic play
in team competition online games could have huge impact for
real-world scenarios, and not just virtual spaces (Kwak et al.,
2015).

The field of social-networks research applied to networked
games is rich and could lead to important improvements in
gameplay, with direct repercussions to networked-resource con-
sumption and quality-of-experience (losup et al., 2014). This
same study identifies the need to complement this work with
other theories, mainly social and psychological.

Two very promising research lines for MOBA games appear
close to the border between the virtual and the real world, as
these are topics omnipresent in forums and wikis related to the

genre, and so of utmost relevancy to their users and players:

= Understanding the metagame: the world formed around
MOBA games is way bigger than the games themselves. Of
special interestis to look at the effects of unconventional

forms of play.

= Temporary teams: more research needs to be done to un-

cover player experience of playing with strangers and dy-
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namics within temporary teams. For example, to what ex-
tent do players enjoy playing with strangers? How much
does the temporary team setting contribute to LoL’s enor-
mous popularity? Since being successful in LoL requires
not only competent in-game skill but also necessary so-
cial skills, how do players learn these skills? How do
Riot Games’ efforts, such as the Tribunal and the Honor
systems, affect players’ in-game interaction? (Kou & Gui,

2014).

Related to this last point, learning seems to be an under-
explored topic as no research has been found that works on
the subject. The main question would be to understand what
the learning path of a player is. This could bring valuable in-
sights for other topics outside of the game, e.g. on personal

development or learning style of the subject player.

» Learning: what does a player learn when levelling up?
What does an experienced player that is different than
a low level or new entry player? How does the commu-
nity shape the player? What factors distinguish a profes-
sional player from an amateur one? What's the style of

the learning curve?

» Teaching: YouTube and its tutorial videos are seen by mil-
lions of players to help on their builds and game improve-
ment. Do “youtubers” (internet celebrities who are popu-
lar because of their videos) act as teachers? What is their

impact on players and on the metagame?

Gender, violence and cultural studies on MOBA games also
have a long way to go. In some cases they should also be linked

closely with toxic behaviour — as one could relate to the other -,

109



110 DISCUSSION

but a deeper understanding of the MOBA player is also needed.
Why is competition largely and disproportionally male domi-
nated? This was examined in Ratan et al. (2015) but additional
research targeting female players needs to be carried out, as
two interviews and a survey with only 4,1% female participation
might fall short as a sample.

Since research within immature disciplines tends to be more
exploratory in nature than research in mature fields (which fo-
cus more on testing hypothesis, methods or tools), most of the
studies found recognize this nature by themselves and agree

in the early stages of MOBA game research.

6.1.2 Player sample

After emailing 20.000 users in the LVP database, five hun-
dred and forty-seven responses were received, although only
439 were complete. All 439 players were ranked players (so,
they were experienced) and this also allowed for data extrac-
tion from the API (as more casual games are not recorded).

The obtained information from the survey covered all as-
pects, from demographics to in-game behaviours, passing through
the standard PENS and SPGQ questionnaires and fulfilled this
partial objective. While this was enough information to explore
PE in a later stage, additional demographics data would have

been needed for stronger demographic-based analysis.

6.1.3 Player information extraction

Using the summoner unique names that players provided in

the survey, their account ID, match list from Season 6 (year
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2016) and complete match details were extracted. The extrac-
tion was thus composed of 439 players that played 228.117 matches
over a year; the complete database size was over 40 GB, al-
though only a small portion of the information was used for
the purpose of this study.

APIs such as the one provided by Riot Games provide a con-
venient method for extracting information, although research
depends on the information that the company decides to make

publicly available and on the allowed rates of extraction.

6..4 Systematic classification of player social behaviour

Typologies are useful to compare networks systematically
and player-centric networks become more and more relevant
asonline gaming grows. Although data in games such as League
of Legends is recorded by game servers, demographic data is
not available, so the proposed systematic classification limited
its scope to the purely structural characteristics of the ego-
networks formed by 439 players (439 egos and 673.766 alters)
and all their matches (228.117) over a period of a season (all
matches in 2016).

Using the player data extracted from the API, networks were
built in Python using NetworkX. The resulting networks were
then analysed and eight structural indicators were computed
for each of them. In order to infer the underlying hidden struc-
ture, machine learning techniques were used, applying an affin-
ity propagation algorithm. After a few iterations and removal
of individual variables, the best clustering was achieved with

three indicators.
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The player-centric networks obtained in the current study
were complex and heterogeneous, but their underlying struc-
ture can be described and typified using the following three
features: modularity, number of components (standardized)
and the proportion of nodes covered by the largest emerging
component found in the network. Together, they establish four
degrees or categories that describe how social the ego (or the

player) is in his or her gaming habits.

6..5 Player perception

While preparing the indicators to assess PE in League of Leg-
ends, two main discrepancies in player perception versus real-
ity were found.

First, regarding player rank. Most players claim to be better
at the game (or of a higher rank) than they actually are. This
is not uncommon in surveys, where many respondents try to
“look better” for the record. The information available from
the API, however, allows to compare their responses to the ac-
tual rank in the game, and, as seen in the results section, most
players claim to be at least a level higher than they are. This
can be seen as a grudge against the classification system, that
lower ranked players might perceive as “unfair” and it is impor-
tant to keep in mind, as this might also impact their PE.

Second, the systematic classification of player-centric net-
work allowed to compare the expressed team play preferences
to the real pattern of interaction. Most players would like to
play with friends more often, as they claim their favourite team
setup is often composed of at least a couple of friends, but this

is not always possible. Therefore, although most of them claim
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to be group or team players, the truth is that happens much
less often than they would like; thus, it is needed to consider
the systematic classification to assess the PE, as it is closer to
the reality these players find in their everyday matches, allow-

ing for a more accurate PE analysis.

6.2 PLAYER EXPERIENCE IN LEAGUE OF LEGENDS

The main objective of this study was to assess PE in League of
Legends and, to do so, the PENS and SPGQ questionnaires were
assessed using all available variables as possible indicators.

Overall, differences in PENS were found in many of its dimen-

sions. In order:

= Autonomy, which relates at how free players feel free to
make choices within the game, shows two different in-
fluences. First, autonomy seems to change in function
of the role developed within the team; it makes sense
to think that some roles (as mid, in this case) feel more
freedom to move across the map than some others that
might be more delimited. On the other hand, economic
power also shows an effect; autonomy is not only con-
sidering the choices within a match, but also within the
game in general. Therefore, players seem to feel more au-
tonomous when they can purchase any champion or any

skin they want.

= Competence, which relates at how balanced the game
is (so, how the player skill compares to the challenge)
according to players, shows a clear line that separates

lower ranked players (which are the vast majority) from
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the higher ones. This is, again, a result of the “ladder”
system; lower ranked players, who feel unfairly ranked,
are also frustrated because they feel trapped in the lower
ranks, building a lower feeling of balance. This is not the
only difference that showed at a competence level; it was
also shown how female players experience a lower level
of competence in the game, but this result becomes non-

significant when controlling by role.

Relatedness is concerned about the level of connection
between the player and the other players in the game
and, thus, the only observed effect occurs in the team
play preference, where group or team players experience

a higher level of relatedness than solo players.

Presence, which relates to the physical, emotional and
narrative presence in the game, is weakly related to rank
(almost non-significant) but it is strongly related to the
in-game expense instead. Players who are able to spend
more money in the game (buying their favourite champi-
ons and customizations) feel more identified within the
game. This is interesting as it shows how presence is not
only related to the gameplay itself, but also to the choices

and personalization available to the player.

Intuitive controls, or the ease of control when playing,
seems to be comparable at all levels, so no differences

were found to discuss.

On the other hand, SPGQ found no statistically relevant dif-
ferences in any dimension. Although this might seem less im-
portant, it is not. Two of the SPGQ subscales measure positive

and negative feelings towards teammates; it is worth noting
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than in all ranks, in all levels of team play and in all genres
these feelings are comparable. MOBA game players seem to ex-
press the exact same intensity of positive or negative feelings
across all ranks but, what's more interesting, across all levels of
“friend” interaction. It doesn’t matter whether they play with
friends; their social experience is similar to when playing with

strangers.
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CONCLUSION

The conclusions will be presented at three levels: social play-
ing typologies (or player-centric networks), conclusions regard-
ing the results obtained in the survey and the final conclusions

on player experience.

71 SOCIAL PLAYINGTYPOLOGIES

The proposed presented typology provides an intuitive and
systematic method to characterize the social behaviour of League
of Legends players looking only at the structure of their player-
centric network. Even though only the most popular online
competitive game was assessed, this methodology could be
generalized to any online competitive game that provides enough
data to compute its player-centric networks.

The obtained information can then be used for player seg-
mentation, both to improve player experience (by adapting the
game to their structural social needs) and to improve the game
(adapting its matchmaking system). Players that go “solo” are
focused in the game; they need quick access to their matches
so team formation or discussion might be less important for
them, but they would expect to be paired against other “solo”
or isolated players. On the other side, pure “team players”
could need access to additional social features to empower

their social relationships, to better means of communication
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(that are natively limited to text chat in League of Legends)
and to fair matchmaking against other “team players” instead
of spare groups of “solo” players or “cell players”.

This typology, however, could be influenced by ego or al-
ter attributes. Rank, for example, seems to have an influence
on the structural characteristics of the resulting player-centric
networks. Higher ranked players are more often “duo” or “solo”
players, while “team players” are overrepresented in the lower
categories. This suggests that other attributes that were not
captured in this study (or were not available for extraction)
could also present a relevant influence, so further research is
required.

Implications of these findings also go beyond the scope of
the game. For the industry it is not only relevant to dimen-
sion their players’ egocentric networks but also to be able to
find patterns that cluster them together. MOBA games such as
League of Legends are always played against the developer’s
servers, so this profiling could then be used to improve service,
clustering players that show either similar or complementary
patterns together. Loyalty rewards could also be adapted ac-
cording to player’s behaviour. As of today, players receive re-
wards individually; this might be enough for solo players, but
team players might be more satisfied if rewards were matched
across the team (for example, with matching themed skins for
their characters). Matchmaking could also see a social improve-
ment: if a regular team player (so, a highly social player) joins
the game alone for once, it might be more appropriate to match
him or her with a four player team which misses one player
than with four solo players, as his or her experience will then

be similar to the one he or she is used to. This is the kind of
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socially-aware services that are needed as online gaming be-

comes more and more popular.

72 PLAYER SURVEY

League of Legends players are mainly young players, aver-
aging 19 years, and the player base is disproportionally male
dominated (94%).

Their rank distribution is, as expected, biased towards lower
ranks. Bronze, silver and gold tiers are inhabited by more than
70% of the players in the sample, while the higher ranks (plat-
inum and diamond) only have a 30%. It's also important to
note how there are no master or challenger players in the final
sample (one master player was removed as it was too small
to form a statistical group). Although the number of higher
ranked players is slightly over the “official” numbers from Riot
(that are rarely made public and change over the year), itis also
true that the sample is composed by ranked players in the LVP
database; therefore, it is expected that these players have a
higher interest in the game than the pure average player - so
it's more likely to see higher ranked players in average.

Most players play quite a lot. While the mean sits at 460
games in season 6 per player, the median is not much lower,
at 347 games. This means that most players play at least one
game per day during a year; considering that most games last
around one hour (taking everything into account), this indi-
cates that players in the sample spend, in average, between
one and two hours in the game every day. In spite of this, sig-
nificant relevances were found across groups; bronze players

play less games in average than silver or gold players and, in
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turn, these players play less than platinum or diamond players.
Seniority (or number of games played) is, thus, an indicator re-
lated to rank.

While the vast majority of players express their preference
for playing with at least one friend, the truth is they can do
so less often than they would like to; comparing the survey re-
sponses to the clustering obtained from the player networks it
can be seen how almost a third of the players have a “solo” ex-
perience even though they probably mention “duo” or “group”
play as their preferred option. This is an important venue for
improving PE, as many players who would like to join with friends
are unable to do so.

Another surprising issue in League of Legends is to notice
how a majority of the players need to use external tools for
communicating via voice. Although this is their preferred op-
tion for talking when in a game, Riot is not offering any voice
chat option within the game, which most surely affects PE.

Role distribution in League of Legends is quite uniform across
all roles. A slightly higher number of players go bot or support,
but this is again natural due to their “duo” composition na-
ture. If players, as seen previously, like to play with at least
one friend, the most direct way to do so is to play as a duo
botlane (bot plus support). This shows in the role distribution,
although they are only over the fair share (20%) by a mere 2%
each.

Approximately a 42% of the players opt for accumulating as
many champions as possible in their accounts; together with
players opting to own at least champions to cover two roles,
the figure goes up to 76%. This means that three of every four

players try to have alternatives to play not only their favourite
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champions in their favourite roles but also other champions
and roles. As no player is guaranteed a specific starting role
when joining a game, this makes sense, but it is also relevant
to notice how player choices are not only influenced by their
preferences. Additionally, the vast majority of players claim to
read and adapt to the changes introduced in the game by Riot
every two weeks; this is also consistent with the idea of having
multiple champions available, just in case the favourite one is
heavily altered.

Regarding purchasing behaviour, 82% of players purchase
something from the in-game store at least once a month, with
purchases between 5€ and 10€ as the most frequent ones. It
can be thus inferred that most players buy a champion and
a customization for it (most probably, a skin) at least once a
month.

Last but not least, many players (88%) are also viewers of the
LVP or EU LCS tournaments, while a majority (69%) use YouTube
channels to watch League of Legends related content, which
means not only games but also playing guides or pure enter-

tainment around the game.

7.3 PLAYER EXPERIENCE

Here, an attempt to provide a broader look at the results
of each research question beyond the findings reported in the
discussion is conducted.

Higher ranked players feel more confident on their compe-
tence level. As players climb the ladder they apparently be-
come more confident than other players and assess their com-

petence level as more appropriate to the challenges of the
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game than their lower ranked counterparts. Empathy and neg-
ative feelings toward other teammates seem to be, however,
not related to their ranks or skill levels.

Therefore, players in League of Legends have a feeling of
competence thatis proportional to theirin-game assigned level.
Is this feeling of fairness what engages players? According to
Smeddinck et al. (2016), getting the level of challenge to match
the capabilities and needs of a player is a core element of good
player experience. In the case of competitive FPS, differences
in skill levels affect enjoyment: weaker players become frus-
trated and stronger players become less engaged (Vicencio-
Moreira, Mandryk, & Gutwin, 2015), so balance is key. According
to the obtained results, the League of Legends ranking system
seems to balance perceived skill levels fairly accurately. Przy-
bylski, Deci, Rigby, and Ryan (2014) linked perceived compe-
tence to “a behaviorally measured motivation to play a game”.
This was corroborated by Neys, Jansz, and Tan (2014) who found
an additional insight: this was truer for “hardcore gamers” over
less frequent gamers. It is possible, thus, that ranked players
in League of Legends could be considered “hardcore gamers”
with an accurate feeling of competence that drives their moti-
vation to keep playing.

In this sample, team formation (as obtained from the pre-
vious clustering) show significant impact in one of the PENS
dimensions for League of Legends: relatedness. It's worth not-
ing that the sample is purely composed of ranked players, and
competitive players tend to value play-focused attributes over
social characteristics. Still, differences are found that show
how team and group players (C1and C2) feel more connected to

their teammates than solo (Cs) players. In contrast, Vella, John-
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son, and Hides (2015) compared solitary and social modes of
play over games in general and found significant differences in
autonomy and presence, which were not present in our study,
so MOBA games might display differences versus other genres.
On the other hand, SPGQ shows no difference in negative feel-
ings between playing with friends or strangers. This calls for
additional research, as it might be expected to observe lower
levels of negative feelings. Results show otherwise; why are
negative feelings equally observed among friends as they are
among total strangers? Is this common to all online competi-
tive games or is it particularly relevant on team-based MOBA
games? The exploration of negative emotions by Bopp, Mekler,
and Opwis (2016) showed how “players did value their expe-
rience not in spite of negative emotions, but actually thanks
to the game inspiring strong emotional reactions”. Would it
be possible for the strong negative feelings of frustration to
actually have a positive effect on engagement? While the col-
lected data is unable to answer these questions, further stud-
ies should aim to understand this apparent contradiction.
Different player roles, however, could bring different player
experiences with them. The reason to check the impact of
player roles was, initially, to understand whether Support play-
ers, for example, felt less autonomous as they are usually quite
at the disposal of their team. Nevertheless, no such differ-
ence appeared in the current sample. Only two small signifi-
cant effects were found and pointed at the Mid role, that might
present some singularities, namely a higher feeling of auton-
omy. This feeling of autonomy could be explained for its cen-
tral position in the map, leading to more courses of action

available for Mid players, while other roles such as Jungle spend
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their time going over their optimal routes in the Jungle (leaving
little space to exploration). Furthermore, in the case of profes-
sional teams, good Mid players are usually considered as “me-
chanically gifted” (meaning their level of competence with the
controls is extraordinary as they need to react in fractions of
a second) but our sample didn't include professional players
and we are not able to relate mechanically gifted players to
Mid, so this would be a long shot at best.

Players who spend more real money in League of Legends
feel more freedom of choice and presence. Although the game
is free-to-play and in-game purchases don’t offer any direct
benefit to the player (other than aesthetics), PE seems to dif-
fer among different levels of expense. Players whose level of
expense is higher feel more autonomous and immerse in the
game, as if their freedom of choice and emotional presence
depended on whether they could afford their desired choices.
One player can feel constrained, for example, in case he or she
likes one particular Champion (or Skin) and he or she cannot af-
ford it. The player would then be forced to play another Cham-
pion character (or the default Skin) and therefore feel less iden-
tified with it, less emotionally connected and less immerse in
general.

It's also a relevant subject to understand gender disparity
in League of Legends. And here, although in the sample both
males and females played a similar number of games in similar
ranks, female players feel less competent than their male coun-
terparts. These observations build on findings by Ratan et al.
(2015), adding an additional layer where, even at the same skill
level, female players in League of Legends felt less prepared

to confront the challenges presented by the game. In spite of
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this difference, it has also been noticed that the Support role
is disproportionally chosen by females and that, when control-
ling for role, male and female players show no difference in PE
in any dimension.

Overall, the present research looks deeper into the partic-
ular PE that players have in League of Legends as the most
relevant example of a wider genre, MOBA games. Using the
gathered player sample, extracted using the database from the
biggest eSports organization in Spain (the LVP), it was possible
to explore PE in this relatively new genre.

Player Experience has proven to be beneficial in improving
the quality of interaction between players and game software,
as it takes their emotions and perception into account, mak-
ing it easier to influence its effects and thus providing a more
pleasant experience to users. Knowledge about PE in League
of Legends can not only be employed to improve LoL or MOBA
games, but also to develop better and more engaging games

while improving their quality.
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LIMITATIONS AND FUTURE WORK

While results show the potential of retrieving game data to
understand player-centric networks and to profile player so-
cial behaviour systematically in any online competitive game,
additional work would be needed to assess whether the con-
clusions of the initial part of this study could be extrapolated
to other online MOBA games or other genres. At least initially,
one could extrapolate these results to other online competi-
tive games, as long as configuration is similar (teams of five
collaborating players facing five other players). The general
idea is that, through the player-centric network described by
his or her matches, a player can be classified as a more or less
social player, which might need additional features in order
to keep playing or to improve his or her experience. For ex-
ample, it was noticed that in League of Legends, most social
players are ranked low. This brings additional questions. Are
teams formed by friends more frustrated than solo players?
Are they more prone to abandon the game? This study does
not have enough data to verify whether this happens, but at
least it is something that the developer (or developers of fu-
ture games) could take into account when designing their rank
system. Would it make sense, for example, to have separate
ranks or ladders by type of social player? Could rank depend
on more than pure results (e.g. playing with honour, being a

good teammate, helping others)? Players might have a better
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experience and feeling of fairness if ranking systems adapted
to their preferences and, as a result, they might spend more
time in the platform which could translate into additional pur-
chases or loyalty.

Another limitation (due to the method used for extraction
of data) is the unavailability of demographic or personal in-
formation about the players. Sensitive personal data cannot
be obtained from the API so this study has been limited to
purely structural network information. Future work should find
a way to include individual attributes of the egos or alters (e.g.
gender, age, nationality, studies, other games played, etc.) to
fine-tune the proposed typology or to link the findings to “real-
world” issues, such as the relationships among the player-centric
networks and the players offline social circles.

There is also a technical limitation as of today; with 439 egos
and 228117 matches, almost 40GB of data was obtained (most
of it, irrelevant for this study) and the process took approxi-
mately a week with a computer running 24/7. The total num-
ber of alters obtained from these networks is 674.000, over
1500 times the number of original egos. The data needed to
extract and compute the number of matches of alters alone
would therefore go over 61 Terabytes and take around 29 years
to complete. It's likely that in the coming years new techniques
and technical resources will be available, but as of today ex-
tracting additional data from the alters is not feasible.

As discussed, online games such as League of Legends rep-
resent an unprecedented chance and a unique opportunity to
study complex social systems on an entirely different scale.
The scale is so massive, however, that the study of hidden

structures and systematic classification becomes critical for



LIMITATIONS AND FUTURE WORK

their understanding. If this study has been able to find a non-
trivial structure related to the playing habits of each ego, fur-
ther structures could be found, showing the potential of this

method to get closer to a comprehensive understanding of the

complexand unscaled social interactions happening onlineamong

players at every moment.

On the other hand, the PE results explored in the current
work provide both confirmation of findings from previous stud-
ies and some insights into avenues for future research. Find-
ings from the survey included a sufficient number of players to
extract conclusions in the bronze to diamond ranks (basically
amateur), but didn’t have enough players to cover higher ranks
(such as Master and Challenger, which are semi-professional
to professional). Further research should also point directly
to professional players playing (or working for) professional
teams, players who play as work (getting paid for doing so)
and whose PE could differ from that of those playing for en-
joyment. On top of this, additional knowledge could be ob-
tained interviewing a relevant sample of players to further un-
derstand these insights and to detect existing nuances on con-
clusions.

Forthe current study, the PENS questionnaire (combined with
SPGQ insights) was chosen because it is a test that has already
been widely used and validated in previous works. As seen,
however, there are multiple other options available that could
have been used and could have brought additional validation
to the obtained results. Future work could also include devel-
oping or adapting these general tests to the particular case and
opportunity that MOBA games represent, with explicit focus on

the social component that they exhibit.
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LIMITATIONS AND FUTURE WORK

League of Legends, as many other online games, is regularly
patched. Every two weeks, updates are rolled out, and while
the core might be the same, gameplay is changed. How do play-
ers adapt to these changes and how is PE affected should be
a question that should trigger interest to scientists and game
designers alike. Studying how patching influences players and
their behaviours could be influential not only to tune player
experience to the desired engagement levels but also to min-
imize their impact as users frequently complain (which might
lead to abandoning the game) when these changes happen.

Future studies should also look at the impact of economic
transactions inside the game, as purchasing power emerged as
a relevant factor in PE and this might not only apply to MOBA
games but also to a wider range of free-to-play games or games
with in-game transactions such as smartphone games or social
network games.

Finally, gender studies on games which player base is dispro-
portionally male still have a long way to go; finding a relevant
enough sample of female players that can be compared to their
male counterparts requires a balancing effort that could easily
derive in sampling bias. In any case, further research is still
needed to find and tackle the barriers that female players find

when entering or playing League of Legends.



Part IV

APPENDIX






SURVEY

The complete survey (in Spanish) that was distributed to the

LVP players is attached starting on the following page.
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Cuestionario de Experiencia de Jugador

Este cuestionario esta orientado a jugadores habituales de deportes electronicos con una distincion
inicial, jugadores de League of Legends (LOL) y jugadores de cualquier otro juego. No hay
restriccién de qué juego usar como referencia. Su objetivo es obtener datos sobre la experiencia del
jugador tanto en uno como en el otro entorno.

El tiempo aproximado que requiere contestar todas las preguntas es de unos 5-10 minutos para los
jugadores de no-LOL y unos 15-20 para jugadores de LOL.

Cualquier dato es totalmente CONFIDENCIAL y no sera usado sin consentimiento expreso.
Muchas gracias por tu tiempo. Alla vamos con las preguntas.

* Required

Antes de seguir...
Algunos datos sobre ti.

1. ¢Cudl es tu aino de nacimiento? Escribelo
con cuatro cifras (por ejemplo: 1992) *

2. Género: *
Mark only one oval.

Masculino

Femenino

3. Indica tu lugar (ciudad, pais) de residencia
habitual *

Skip to question 98.
¢Juegas a League of Legends?

4. ¢ Eres jugador de League of Legends? *
Mark only one oval.

Si Skip to question 6.
No Skip to question 5.

Si no es de LOL, entonces eres jugador de...

Selecciona el juego que practicas.



5. ¢ Qué juego es? *
Mark only one oval.
Call of Duty Skip to question 56.
FIFA Skip to question 77.
Hearthstone Skip to question 77.
Clash Royale Skip to question 77.

Skip to question 77.

Cuestionario para jugadores de League of Legends
¢, Puedo hacerte unas preguntas sobre tu juego ?

6. ¢ Cuanto hace que juegas a League of Legends? indicalo brevemente con el tiempo que
llevas jugando a él y en qué grado de implicacion (por ejemplo, empecé hace dos anos
pero llevo un afo jugando mucho mas). *

7. ¢Cual es tu nombre de summoner, alias o
nickname? Por favor, escribelo exactamente
igual que en tu cuenta, incluyendo
mayusculas, mintsculas, nUmeros y signos
de puntuacion. *

NOTA IMPORTANTE

Sabemos que poner el nombre de invocador es algo muy personal, asi que, ante todo, ten claro que
ese dato se tratara con total confidencialidad, nunca sera usado en relacién individual y solo sera
utilizado de forma automatica con el fin de obtener estadisticas generales en el si de la presente
investigacion, ligada a la Universidad de Alcala de Henares.

¢, Como juego a League of Legends?
¢Juego en equipos premade? ;Con qué me comunico?

8. ¢ Como juegas habitualmente? *
Mark only one oval.

Solo
Premade de dos personas
Premade de tres o cuatro

Equipo completo premade



9. ¢ Cémo te comunicas, principalmente, con tus companeros? *
Mark only one oval.

Usando los pings del juego
Usando pings y el chat de texto integrado en el juego
Hablamos por Skype

Hablamos usando Teamspeak

Other:

10. ¢Usas alguna herramienta de apoyo externo (como Overwolf), plugins o similares? *
Mark only one oval.

Si
No

Experiencia en League of Legends

Por favor, reflexiona en tu experiencia de juego con League of Legends y expresa tu acuerdo con las
siguientes afirmaciones desde el 1 (mas en desacuerdo con la afirmacién) hasta el 7 (completamente
de acuerdo con la afirmacién).

En caso que creas que una pregunta no aplica a League of Legends, por favor, indicalo con un 1.

11. Cuando juego a League of Legends, me siento transportado a otro tiempo y lugar. *
Mark only one oval.

Poco transportado Muy transportado

12. Experimento mucha libertad cuando juego a League of Legends. *
Mark only one oval.

Poca libertad Mucha libertad

13. Lo que me sucede en League of Legends no me afecta emocionalmente. *
Mark only one oval.

Me afecta No me afecta en
mucho absoluto

14. Encuentro que las relacion que tengo con otros jugadores en League of Legends son
importantes. *

Mark only one oval.

No son Son muy
importantes importantes



15.

16.

17.

18.

19.

20.

21.

Los controles de League of Legends son intuitivos. *
Mark only one oval.

Poco intuitivos Muy intuitivos

Explorar en League of Legends es una experiencia parecida a viajar a un sitio nuevo. *
Mark only one oval.

Poco parecida Muy parecida

Las relaciones que tengo con otros jugadores en League of Legends me parecen
satisfactorias. *

Mark only one oval.

Poco Muy
satisfactorias satisfactorias

Me considero muy capaz y efectivo cuando juego a League of Legends. *
Mark only one oval.

Poco capaz y Muy capaz y
efectivo efectivo

Cuando alcanzo un logro en League of Legends siento verdadero orgullo. *
Mark only one oval.

Poco orgullo Mucho orgullo

Cuando me muevo dentro de los mundos en League of Legends siento como si realmente
estuviese alli. *

Mark only one oval.

Lo siento poco Lo siento mucho

Aprender los controles de League of Legends se me hizo facil. *
Mark only one oval.

Dificil Facil



22.

23.

24,

25,

26.

27.

28.

Considero que soy competente jugando a League of Legends. *
Mark only one oval.

Poco competente Muy competente

No me siento unido a otros jugadores en League of Legends. *
Mark only one oval.

Poco unido Muy unido

Experimento sensaciones en League of Legends similares a otras que tengo en la vida
real. *

Mark only one oval.

Poco similares Muy similares

Tengo reacciones a eventos y personajes de League of Legends como si fuesen de la vida
real. *

Mark only one oval.

Poco Mucho

Cuando juego a League of Legends me siento como si fuese parte de la historia. *
Mark only one oval.

Poco Mucho

Cuando quiero hacer algo en League of Legends, recordar los controles correspondientes
es facil. *

Mark only one oval.

Dificil Facil

League of Legends me permite hacer cosas interesantes. *

Mark only one oval.

Pocas Muchas



29. Mi habilidad cuando juego a League of Legends se corresponde bien con los retos que el
juego plantea. *

Mark only one oval.

Se corresponde Se corresponde
poco mucho

30. League of Legends me cautiva emocionalmente. *
Mark only one oval.

Me cautiva poco Me cautiva mucho

31. League of Legends me ofrece elecciones y opciones interesantes. *
Mark only one oval.

Me ofrece pocas Me ofrece muchas

Rango y articulos en League of Legends
¢ Qué nivel tengo? ; Cuantos champions tengo?

32. En League of Legends, creo que mi nivel de habilidad es equivalente a rango... *
Mark only one oval.

No juego ranked
Bronze

Silver

Gold

Platino
Diamante

Challenger

33. Mi posicion de juego favorita es... *
Mark only one oval.

Top
Jungle
Mid

Bot - ADC
Support

No tengo preferencia alguna, relleno el hueco que quede



34. Sobre los champions que tienes en tu cuenta... *
Mark only one oval.

Son los que mas me gustan, sea cual sea su posicion o rol
En general, son champions adecuados a mi rol habitual en el juego
En general, son champions adecuados para mis dos posiciones mas habituales

Tengo una variedad limitada de champions que cubren todas las posiciones posibles

Tengo un numero muy elevado de champions en mi cuenta, cercano a la totalidad de los

disponibles

Juego en equipo en League of Legends
Cuando juegas en equipo, ¢como te sientes?

35. Cuando el resto del equipo se siente feliz, yo también lo estoy. *
Mark only one oval.
Nada Mucho

36. Cuando yo estoy feliz, el resto del equipo también lo esta. *

Mark only one oval.

Nada Mucho

37. Empatizo (me siento identificado) con los otros miembros de mi equipo. *
Mark only one oval.

Nada Mucho

38. Me siento conectado a los otros miembros de mi equipo. *
Mark only one oval.

Nada Mucho

39. Admiro al resto de miembros de mi equipo. *
Mark only one oval.

Nada Mucho



40.

41.

42.

43.

44.

45.

46.

Lo paso bien y me gusta estar con mi equipo. *

Mark only one oval.

Nada Mucho

Comprendo a los otros miembros de mi equipo. *

Mark only one oval.

Nada Mucho

He tendido a ignorar a mis compaineros. *

Mark only one oval.

Nada Mucho

Me he sentido ignorado por mis compaiieros. *
Mark only one oval.

Nada Mucho

He sentido ganas de vengarme. *
Mark only one oval.

Nada Mucho

He sentido placer por el fracaso de otro. *
Mark only one oval.

Nada Mucho

Me he sentido celoso de otro. *
Mark only one oval.

Nada Mucho



47.

48.

49,

50.

51.

52.

53.

He envidiado a otro. *

Mark only one oval.

Nada Mucho

Mis acciones dependen de las acciones de los otros. *

Mark only one oval.

Nada Mucho

Las acciones de los otros dependen de las mias. *

Mark only one oval.

Nada Mucho

Lo que hicieron los otros afect6 a lo que hice yo. *
Mark only one oval.

Nada Mucho

Lo que yo hice afecté a lo que hicieron los otros. *
Mark only one oval.

Nada Mucho

Los otros estuvieron muy pendientes de mi. *
Mark only one oval.

Nada Mucho

Estuve muy pendiente de lo que hacian los otros. *
Mark only one oval.

Nada Mucho



54. Mis intenciones estaban claras al resto. *
Mark only one oval.

Nada Mucho

55. Tenia claras las intenciones del resto del equipo. *
Mark only one oval.

Nada Mucho

Skip to question 113.

Juego en equipo en COD

Cuando juegas en equipo, ¢ como te sientes?

56. Cuando el resto del equipo se siente feliz, yo también lo estoy. *
Mark only one oval.
Nada Mucho
57. Cuando yo estoy feliz, el resto del equipo también lo esta. *
Mark only one oval.
Nada Mucho
58. Empatizo (me siento identificado) con los otros miembros de mi equipo. *

Mark only one oval.

Nada Mucho

59. Me siento conectado a los otros miembros de mi equipo. *
Mark only one oval.

Nada Mucho

60. Admiro al resto de miembros de mi equipo. *
Mark only one oval.

Nada Mucho



61.

62.

63.

64.

65.

66.

67.

Lo paso bien y me gusta estar con mi equipo. *

Mark only one oval.

Nada

Mucho

Comprendo a los otros miembros de mi equipo. *

Mark only one oval.

Nada

He tendido a ignorar a mis compaineros. *
Mark only one oval.

Nada

Mucho

Mucho

Me he sentido ignorado por mis compaiieros. *

Mark only one oval.

Nada

He sentido ganas de vengarme. *
Mark only one oval.

Nada

He sentido placer por el fracaso de otro. *
Mark only one oval.

Nada

Me he sentido celoso de otro. *
Mark only one oval.

Nada

Mucho

Mucho

Mucho

Mucho



68.

69.

70.

71.

72.

73.

74.

He envidiado a otro. *

Mark only one oval.

Nada Mucho

Mis acciones dependen de las acciones de los otros. *

Mark only one oval.

Nada Mucho

Las acciones de los otros dependen de las mias. *

Mark only one oval.

Nada Mucho

Lo que hicieron los otros afect6 a lo que hice yo. *
Mark only one oval.

Nada Mucho

Lo que yo hice afecté a lo que hicieron los otros. *
Mark only one oval.

Nada Mucho

Los otros estuvieron muy pendientes de mi. *
Mark only one oval.

Nada Mucho

Estuve muy pendiente de lo que hacian los otros. *
Mark only one oval.

Nada Mucho



75. Mis intenciones estaban claras al resto. *
Mark only one oval.

Nada Mucho

76. Tenia claras las intenciones del resto del equipo. *
Mark only one oval.

Nada Mucho

Experiencia de juego

Por favor, reflexiona en tu experiencia de juego con el juego que hayas elegido en el paso anterior y
expresa tu acuerdo con las siguientes afirmaciones desde el 1 (mas en desacuerdo con la
afirmacién) hasta el 7 (completamente de acuerdo con la afirmacion).

En caso que creas que una pregunta no aplica a tu juego, por favor, indicalo con un 1.

77. Cuando juego al juego, me siento transportado a otro tiempo y lugar. *
Mark only one oval.

Poco transportado Muy transportado
78. Experimento mucha libertad cuando juego al juego. *

Mark only one oval.

Poca libertad Mucha libertad
79. Lo que me sucede en el juego no me afecta emocionalmente. *

Mark only one oval.

Me afecta No me afecta en
mucho absoluto

80. Los controles del juego son intuitivos. *
Mark only one oval.

Poco intuitivos Muy intuitivos



81.

82.

83.

84.

85.

86.

87.

Explorar en el juego es una experiencia parecida a viajar a un sitio nuevo. *
Mark only one oval.

Poco parecida Muy parecida

Encuentro que las relacion que tengo con otros jugadores en el juego son importantes. *
Mark only one oval.

No son Son muy
importantes importantes

Cuando me muevo dentro de los mundos en el juego siento como si realmente estuviese
alli. *
Mark only one oval.

Lo siento poco Lo siento mucho

Me considero muy capaz y efectivo cuando juego al juego. *
Mark only one oval.

Poco capaz y Muy capaz y
efectivo efectivo

Cuando alcanzo un logro en el juego siento verdadero orgullo. *
Mark only one oval.

Poco orgullo Mucho orgullo

No me siento unido a otros jugadores en el juego. *
Mark only one oval.

Poco unido Muy unido

Experimento sensaciones en el juego similares a otras que tengo en la vida real. *
Mark only one oval.

Poco similares Muy similares



88.

89.

90.

91.

92.

93.

94.

Considero que soy competente jugando al juego. *
Mark only one oval.

Poco competente Muy competente

Tengo reacciones a eventos y personajes del juego como si fuesen de la vida real. *
Mark only one oval.

Poco Mucho

Aprender los controles del juego se me hizo facil. *
Mark only one oval.

Dificil Facil

Cuando juego al juego me siento como si fuese parte de la historia. *
Mark only one oval.

Poco Mucho

Las relaciones que tengo con otros jugadores en el juego me parecen satisfactorias. *
Mark only one oval.

Poco Muy
satisfactorias satisfactorias

Cuando quiero hacer algo en el juego, recordar los controles correspondientes es facil. *
Mark only one oval.

Dificil Facil

El juego me permite hacer cosas interesantes. *
Mark only one oval.

Pocas Muchas



95. Mi habilidad cuando juego al juego se corresponde bien con los retos que el juego
plantea. *

Mark only one oval.

Se corresponde Se corresponde
poco mucho

96. El juego me cautiva emocionalmente. *
Mark only one oval.

Me cautiva poco Me cautiva mucho

97. El juego me ofrece elecciones y opciones interesantes. *
Mark only one oval.

Me ofrece pocas Me ofrece muchas

Skip to question 127.

Interés en los videojuegos

¢, Qué aspectos me atraen de los juegos que habitualmente juego? Piensa en general, no hace falta
que te centres en un juego o género en particular, solo en tus gustos.

98. Me gusta chatear con mis amigos mientras juego. *
Mark only one oval.

Poco Mucho

99. Para mi es importante jugar con un grupo estrechamente unido. *
Mark only one oval.

Poco Mucho

100. Juego para ganar. *
Mark only one oval.

Poco Mucho



101. Me gusta dominar todos los elementos del juego. *
Mark only one oval.

Poco Mucho

102. Me gusta explorar todas las opciones, probar qué es posible hacer. *
Mark only one oval.

Poco Mucho

103. Que gane es una de las razones mas importantes para mi para jugar. *
Mark only one oval.

Poco Mucho

104. Para mi es importante ser el jugador mas rapido y mas habilidoso en el juego. *
Mark only one oval.

Poco Mucho

105. Me gustan las historias en los juegos. *
Mark only one oval.

Poco Mucho

106. Me gusta usar sistemas de chat de voz cuando juego. *
Mark only one oval.

Poco Mucho

107. Los juegos me hacen mas listo. *
Mark only one oval.

Poco Mucho



108. Los videojuegos me permiten sentirme como otra persona o como si estuviese en otro
sitio. *
Mark only one oval.

Poco Mucho

109. Me gusta hacer cosas en el juego que no puedo hacer en la vida real. *
Mark only one oval.

Poco Mucho

110. Me gusta entender como funciona el juego de arriba a abajo, completamente. *
Mark only one oval.

Poco Mucho

111. Me gusta sentirme parte de una historia. *
Mark only one oval.

Poco Mucho

112. Juego con el fin de mejorar mis habilidades intelectuales. *
Mark only one oval.

Poco Mucho

Skip to question 4.

¢, Como aprendo a jugar a League of Legends?
¢, Ddénde me informo? ; Cémo practico?

113. Supongamos que obtienes un Champion que todavia no has usado nunca. ;Cémo
decides qué build usar? *

Mark only one oval.

A través de canales de YouTube o YouTubers
Busco en portales especializados o foros
Pregunto a mis amigos

Experimento por mi mismo

Uso otras redes sociales que no son las anteriores

Other:



114. Si visitas canales de YouTube que se centren en League of Legends habitualmente,
ipodrias indicar brevemente cuales recomendarias y por qué?

115. Si visitas portales especializados o foros sobre League of Legends habitualmente,
¢podrias indicar brevemente cuales recomendarias y por qué?

116. Si te informas a través de otras redes sociales, ¢ podrias decir cuales y en qué cuentas?
(Por ej., Facebook, Twitter, ...)

117. Esta semana aparece un nuevo Patch que cambia algunas caracteristicas de tu main, tu
personaje principal. ¢ Qué haces? *

Mark only one oval.
Lees el anuncio del parche y adaptas tu build a las novedades

Lees el anuncio, juegas como si nada hubiese cambiado (ya te adaptaras otro dia,
quizas)
Usas otro champion porque no te gustan los cambios al tuyo

Habitualmente ni lees los anuncios de los parches ni sus cambios

118. ¢Ves habitualmente competiciones oficiales de LOL? (Por ejemplo, la LCS o la LVP) *
Mark only one oval.

Si
No

Compras en el juego
¢, Qué compro en el juego? 4 Cuanto invierto habitualmente?



119. ¢ Cuantas veces compro algo en el juego? *
Mark only one oval.

Nunca

Poco, una compra al mes o menos

Una vez por semana 0 menos, pero mas de una vez al mes
Varias veces por semana

A diario

120. Cuando compro, ¢ cuanto suelo gastar por compra? *
Mark only one oval.

Nada
Menos de 5 euros
Entre 5y 10 euros

Mas de 10 euros

Por favor, indica tu grado de conformidad con las siguientes
afirmaciones.

121. Creo que las compras en el juego ayudan a ganar. *
Mark only one oval.

Poco Mucho

122. Creo que las compras en el juego son la unica forma de ganar y subir de rango en el
juego. *
Mark only one oval.

Poco Mucho

123. Me siento mejor cuando dispongo de elementos personalizados (skins, por ejemplo). *
Mark only one oval.

Poco Mucho

124. Los jugadores con skin personalizado son mejores jugadores (ganan mas partidas). *
Mark only one oval.

Poco Mucho



125. El juego me recompensa de forma suficiente y balanceada. *
Mark only one oval.

Poco Mucho

126. Gasto demasiado dinero dentro del juego. *
Mark only one oval.

Poco Mucho

Una ultima pregunta...

127. ¢ Algun comentario adicional, sea general o especifico?

128. En caso que la investigacion siguiese con una entrevista personal.... *
Mark only one oval.

Me gustaria ser entrevistado.

No me interesa. Stop filling out this form.

Datos de contacto
Por si procede la entrevista...

129. ¢ Podrias dejarme tu correo electrénico? *

130. Teléfono mavil, si lo deseas (opcional). El
modo de contacto primario sera el correo
electrénico.

Powered by
E Google Forms
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