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Although player performance in online games has been widely studied, few studies have considered the
behavioral preferences of players and how that impacts performance. In a competitive setting where players
must cooperate with temporary teammates, it is even more crucial to understand how differences in playing
style contribute to teamwork. Drawing on theories of individual behavior in teams, we describe a methodology
to empirically profile players based on the diversity and conformity of their gameplay styles. Applying this
approach to a League of Legends dataset, we find three distinct types of players that align with our theoretical
framework: generalists, specialists, and mavericks. Importantly, the behavior of each player type remains
stable despite players becoming more experienced. Additionally, we extensively investigate the benefits and
drawbacks of each type of player by evaluating their individual performance, contribution to the team, and
adaptation to changes in the game environment. We find that, overall, specialists tend to outperform others,
while mavericks bear high risk but also potentially reap great rewards. Generalists are the most resilient to
instability in the environment (game patches). We discuss the implications of these findings in terms of game
design and community management, as well as team building in environments with varying levels of stability.
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1

INTRODUCTION

In recent decades, collaborative teams, rather than solo endeavors, have been the driving force
behind production and innovation in society. Facilitated by technological and societal advances,
a new type of teamwork has emerged, where ad-hoc online teams are formed by strangers for
short-lived purposes, such as open Github collaborations or online team-based gaming.
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In their ideal form, teams leverage the different skills and perspectives of their members while
overcoming challenges in coordination. Traditional teams benefit from internal stability as the
coordination costs decrease when members spend more time together. Less is known about transient
teams, which are short-lived encounters in which members will not know each other in a meaningful
way and have to rely on convention and stigmergy for coordination. While these features are
seemingly limit effective team performance, these anonymous temporary teams have proven to be
quite capable at specific tasks, such as collaboratively creating content, the most famous example
being Wikipedia [54, 87], building complex open-source software [87], competing in challenging
team-based games [53, 59] as well as solving a range of other problems in both real-world and
virtual setting [86, 99, 111].
Prior research has revealed numerous effects on team performance from team diversity, in
terms of individual experience and identity [62, 77], as well as team structures and conventions of
coordination [80, 87]. However, they do not address another aspect, one that possibly plays a much
more pivotal role in transient teams than traditional ones – the individuals’ contributions to team
performance based on their unique experiences, preferences, and work styles. Since communications
between transient team members are limited and the teams themselves are short-lived, these teams
are far less likely than traditional teams to converge on a team-wide modus operandi. In turn, this
should allow transient team members to both express themselves more freely and also have greater
influence on team outcomes compared to those of traditional teams [8, 44, 59].
In this study, we address the gap in the literature regarding the effects of different individual
styles on transient teams in the context of League of Legends (LoL), a multiplayer online battle arena
game (MOBA). By quantifying user gaming patterns on dimensions of diversity in the historical
patterns of gaming choices and conformity to established gaming practices, we show that there are
three distinct types of League of Legends players: (i) specialists who focus on a limited number of
gameplay styles popular within the gaming community, (ii) generalists who explore a wide range of
popular styles, and (iii) mavericks who consistently engage in a wide range of unconventional styles.
On the whole, players maintain their playstyles over time, indicating relatively stable preferences
despite their growing experience.
The three types of players correspond to varying degrees of success in performance and adaptation. On an individual level, under normal circumstances, specialists consistently outshine both
generalists and mavericks. However, their comparative advantage is less clear when considering
their contribution to team performance. By analyzing the differential effects of each player type
on team performance, we show that mavericks have a greater effect on the outcome, increasing
both the chance of winning when they are skilled and the chance of losing when they are unskilled. This suggests that the path of the maverick is one of high risk as well as high reward: They
are more likely to propel a skilled team to the top but also render underperforming teams even
worse. Considering adapting to perturbations in the environment through game patches, all three
groups respond drastically to negative changes by departing from weakened playstyles. However,
compared to the pigeon-holed specialists, and mavericks, generalists are more likely to embrace
positive changes by adopting new playstyles that benefit from those changes. Finally, an analysis of
performance in the aftermath of patches shows that specialists are the most vulnerable to negative
changes. In contrast, generalists are the most resilient, with their performance remaining stable
despite negative changes.
In sum, we, (i) identify different classes of team members within the League of Legends setting
with stable preferences towards playstyles, (ii) show that the playstyle affects both individual and
team level outcomes, and (iii) that this effect depends on both the skill level of the player and the
stability of the environment. These findings provide insights on how more capable transient teams
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may be constructed by considering the work styles and preferences of individuals, especially in
challenging and competitive environments. Further, they highlight the need to consider the stability
of the environment as well as the associated risk/reward tradeoffs in determining the composition
of these teams.
2
2.1

BACKGROUND
Overview of League of Legends

The decade-old League of Legends is now one of the most popular MOBA games worldwide,
cementing its place as a behemoth in the billion-dollar e-sports industry [79]. An LoL game is a
short match that lasts about 30 minutes between two teams of five players. In order to win, the
teams compete to be the first to destroy their opponents’ home base. The players each select a
champion to play as, which, together with the starting position on the map they choose, largely
determines their attack or defense strategies. During the game, players can earn points, gold, and
upgrades by attacking the enemy. Next, we introduce several other integral components of the
game.
Queue types. Queue types refer to different modes of the game, which dictate the way teams
are formed. They can be broadly categorized as either ranked games or unranked games. Ranked
game outcomes contribute to the players’ seasonal ranking, and are restricted to only players
with sufficient experience and skill. The ranking mechanism has been shown to mediate player
practice and encourage players to take gaming more seriously [60]. Within ranked games, there are
team-queue and solo-queue modes. Team-queue games are games in which players pre-form teams
with friends or players they previously know. In contrast, players in solo-queue games individually
join an ad-hoc team, likely teaming up with strangers with similar ranks [22]. Solo-queues are also
far more popular than team-queue games [64], which is the queue type we focus on in this work.
Much like other forms of team collaboration, effective teamwork is imperative to success in LoL.
This is especially true for solo-queue games, wherein players must coordinate effectively with new
and unfamiliar allies on the fly in a high-stress environment [67].
Balance patches. Online games are subject to frequent patch changes. LoL developers routinely
release patches about every two weeks. Patches can fix bugs, introduce new features, and adjust
the skills and abilities of champions, the latter type of patches are also known as balance patches.
Champions that are perceived to be too strong and dominating can have their skills and abilities
suppressed (i.e., they are nerfed) and likewise champions that are underperforming can have their
skills and abilities boosted (i.e., they are buffed) [107]. Claypool et al. [17] showed that win rates
increase for buffed champions and decrease for nerfed champions, providing evidence that the
purpose of game balancing patches is to keep any champion’s win rate close to 50%. Moreover,
champion nerfs and buffs can influence users’ preference for champions [107]. Overall, balance
patches can draw mixed reactions from players. Balance patches can encourage players to pick a
newly boosted champion, but may also drive away those who preferred the old setup. For some
others, balance patches can keep the game new and exciting [17].
The biggest patches are generally introduced during pre-seasons, which happen prior to the
commencement of annual competitive cycles of games called seasons. Player rankings are also
partially reset at the beginning of each season to be artificially lower than what they achieved in
the last season.
Metagame. A crucial component of online games is the metagame, loosely defined as anything
that connects the game to elements beyond the game, such as utilizing the social context or
external expertise to one’s advantage [88]. Metagaming can also be considered as the awareness
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and knowledge of strategies, discussions, and changes of the game over time [23]. In his binary
model of gaming expertise, Donaldson [23] argues that metagaming expertise is one of two types of
gaming expertise, with the other being mechanical expertise, which is traditionally what constitutes
skillful mastery of in-game mechanics. Importantly, the metagame is not static. Just as game patches
are constantly released, the metagame is also a rapidly evolving guide for the current best gaming
practices. One does not need to search far to find discussion forums, social media posts, or websites
dedicated to debating the best team formulation based on positions or the best champions for each
position.
2.2

Motivations and theoretical framework

Prior research, in domains such as sports psychology, science of science, and organizational studies,
has studied how characteristics of individual members within teams affect both individual and team
outcomes. Broadly, the majority of this literature considers three categories of human characteristics;
(i) abstract psychological attributes such as motivations and personality [12, 13, 84, 101, 108], (ii)
more concrete cognitive and phenomenological attributes such as working memory, collaborative
capacity and experience [12, 29, 49, 52, 78], and (iii) anthropometric measurements such as height
and muscle mass [15, 104].
In comparison to the major avenues of research, few studies have focused on psychosocial
behavioral characteristics of individual diversity (experiential and/or skill) and conformity. The
nature in which these characteristics manifest in individuals is influenced by their personality
and motivations and they, in turn, influence their skill, experience and interactions with teams
[1, 110]. The study of diversity and conformity of individuals in the context of teams can be useful,
especially when those teams are temporary. In such settings, established knowledge and norms of
the larger community (beyond the team) strongly shape behaviors. Therefore, individual diversity
and conformity, as expressions of interactions between personalities and the community, are
meaningful constructs for understanding individuals and their teams.
Further, many real-world team environments are characterized by a high degree of complexity
and uncertainty. As these teams operate on a boundary between pre-existing knowledge and the
unknown, individual diversity and conformity can have important effects on individual, team, and
community outcomes. Next, we elaborate on the diversity and conformity of individuals in team
settings to motivate our framework for characterizing individuals jointly on both dimensions to
explore their implications.
2.2.1 Diversity. We operationalize diversity as the range of roles historically occupied by an
individual. Belbin [10] defined roles in teams as “a tendency to behave, contribute and interrelate
with others in a particular way.” We theorize that compared to traditional teams, transient teams
of strangers allow individual members greater freedom to choose their roles, thereby allowing
their personality and incentives to weigh more heavily in the diversification of roles. One of the
Big Five personality traits that contribute to role diversification is openness to experience [31],
which has also been found to be related to novelty-seeking tendencies, a fundamental personality
temperament that motivates the pursuit of new experiences and sensations [21]. The behavior of a
novelty-seeker will manifest through a wide-ranging exploration of strategies. At times, noveltyseeking tendencies can propel risky behavior [11], but they may also lead to the acquisition of
unique complex skills because they actively seek out novel challenges [43]. In the context of gaming,
novelty-seekers are immersion-oriented players who are motivated by the breadth and creativity of
the game [110]. By contrast, people who score low in novelty-seeking may prefer to repeat familiar
actions. Over time, they may become skilled at some narrow range of actions by virtue of prolonged
repetition.
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Fig. 1. Diversity-Conformity Classification Framework

2.2.2 Conformity. Humans are often gauged by how well they conform to norms and expectations.
Yet not everyone chooses to conform. According to the theory of planned behavior, one’s intention
can determine one’s behavior, the former of which combines attitude, subjective norm, and perceived
behavioral control [1]. The subjective norm, in particular, refers to the degree to which subjective
societal norms influence the behavior of an individual. In settings where established practices and
social norms have a significant influence on the community (e.g., metagame), individuals generally
display a level of conformity because their subjective norm pressures them to do so. Another widely
recognized theory is frequency-dependent learning, which postulates that people tend to conform
to behaviors that are the most common [6]. It can also be argued that people conform because they
believe in the “wisdom of crowds” [98], the notion that the majority of the population holds the
best, if not safest, strategy. Conformity can be readily seen, particularly, in team sports settings,
where individual players tend to not deviate from the established norms of sports practices [82].
2.2.3 Diversity-Conformity Classification. By considering diversity and conformity jointly, we
propose a framework (Fig 1) that classifies individuals into four distinct quadrants, described as
follows:
(1) Specialist. An individual who repeatedly engages in a limited number of practices (low
diversity) that are well-established and recognized within the community (high conformity).
Specialists have been studied in numerous contexts such as team sports [24, 104], scientific
discoveries [20, 35, 69, 73], online knowledge production [65, 105], and organizational teams
[57, 81]. These studies frame functional specialization in teams as an adaptive mechanism
in environments too complex for individuals to fully master [20], but also highlight that
the division of labor in teams requires additional coordination work to integrate individual
activities.
(2) Generalist. Similar to specialists, generalists are characterized by high conformity. But their
range of practices is much more diverse (high diversity). Generalists are most often discussed
in comparison to specialists in many of the same domains [40, 65, 69]. Literature suggests
that generalists, given their greater breadth of experience, outperform specialists at making
connections between different skills and domains of information as well as communicating
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with others in a team [69, 73]. However, this comes at a cost – generalists are less knowledgeable and skilled in any one specific aspect of their work than a skilled specialist, limiting
their effectiveness.
(3) Maverick. An individual who engages in a diverse range of practices (high diversity) that
are rarely seen or contrary to ones that are well-established within the community (low
conformity). Mavericks have been the most extensively considered in the context of scientific
discovery and knowledge production [20, 30, 48, 71]. Mavericks may be driven by a constant
intrinsic desire to differentiate from the rest of their community [71] or be motivated to seek
greater impact by exploring previously uncharted territory [30]. In either case, the existing
literature supports the argument that a maverick’s strategy carries with it both high risk (i.e.
most mavericks fail) and great potential for impact.
(4) Niche Player. An individual who is characterized by both low diversity and conformity. Niche
players, as defined, have not been studied to any substantive degree in the context of teams,
likely due to their rarity. Niche players require a certain level of stability in the environment
to allow them to exploit a unique non-traditional strategy. While such settings can be found
readily in business [28] and population ecology [51, 75] domains, most team environments
may be too dynamic for successful behaviors to remain within a niche for long.
2.3

Research Questions

Based on our theoretical framework, we begin our investigation with the following question:
RQ1: Do LoL players, when characterized jointly in terms of diversity and conformity, form
clusters that align with our classification?
2.3.1 Consistency in behavior. Players hone their skills and develop their expertise as they gain
experience [93], and they may decide to change their gameplay styles as they acquire new knowledge
of the game. Yet studies that evaluate longitudinal characteristics of user behavior have reiterated
the reality that people tend to resist changes, either because they do not want to change or do
not know how to change [83]. This tension has clear implications for the stability of our player
classifications over time. Therefore, we raise the question:
RQ2: Do the gameplay styles of LoL players evolve over time?
2.3.2 Performance. It is in the game developer’s interest to make a game desirable to all kinds
of players [9, 74]. At the most basic level, this means ensuring that each player has reasonable
odds of experiencing success – a fact that is reflected in LoL’s goal of matching teams with roughly
equivalent collective skill levels. However, each team in an LoL match is a unique combination of
individual gameplay styles and some styles may systematically outperform others. Considering
player styles defined based on our framework, we find that prior work has explored mechanisms
that support the success of each player group. On the dimension of diversity, a targeted specialist
can usually outperform a generalist with their expertise [95], but a generalist can bring in a diverse
repertoire of knowledge to tackle complex situations [100]. In terms of conformity, a conformist
excels by employing tried and tested strategies that are popular for the very reason that they
have been historically successful, whereas a nonconformist has the element of surprise to their
advantage [64, 102].
Additionally, in the context of MOBA games, success is contingent on not only individual
competency but also cohesive collaboration among team members. Previous research shows that
collaboration with strangers that takes place in LoL games is more complex and precarious, partly
due to inadequate social interaction and communication [59]. Even collective intelligence ceases to
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be a good predictor of team performance in transient MOBA teams [53]. This complex interplay
between attributes of individual playstyle and success motivates our next question:
RQ3: How do gameplay styles contribute to individual and team success in transient teams?
2.3.3 Adaptation. Drawing from the theory of mindsets [26], we theorize that people’s tendency
to diversify is a manifestation of their competing mindsets. The duality of mindset refers to a
framework that describes people’s perception and reaction to the ever-changing world [26]. People
with a fixed mindset understand their ability as innate and constant, whereas those with a growth
mindset believe that abilities are malleable and can change over time. When presented with
challenging situations, a fixed mindset may foster helpless feelings and risk avoidance behaviors
[26], yet a growth mindset is a predictor for perseverance and success due to their openness and
willingness to try other approaches [26, 39]. One effect, though not necessarily direct or intended,
of having a growth mindset is possessing a large repertoire of experiences [26]. Consequently, we
argue that the growth mindset is correlated with the diversity of experience. As an example, Guay
et al. [33] found that CEOs with a more diverse experience adapt better to industry shocks.
In MOBA games, frequent updates to the game made by the developers, i.e., balance patches,
provide a perfect medium to explore the effect of a dynamically changing and challenging environment. As these historical updates are well documented, they enable us to investigate how different
gameplay styles affect players’ ability to adapt to exogenous shocks, which brings us to our final
research question:
RQ4: How do gameplay styles affect players’ adaptation to balance patches?
3
3.1

RELATED WORK
Multiplayer Online Battle Arena (MOBA) games

The wealth of large-scale MOBA game data has allowed researchers to investigate a range of
game dynamics. Most of the focus has been on optimizing the win rate, such as predicting the
best combination of hero (i.e., equivalent of champions in Dota 2) or champion lineups [37, 94]
or the best teammates [90]. Other research aimed to improve game balance and matchmaking
systems for a more engaging gaming experience [16]. While most matchmaking studies have
considered only skills inferred from winning or losing, others have sought to improve matchmaking
by incorporating players’ historical position preferences [2, 72, 103]
Characterizing gameplay behavior can be approached from the individual level or the team
level. At the individual level, some prior studies have used in-game statistics to profile users
with unsupervised learning [76, 89]. Others have examined the effect of prolonged sessions [92]
and live streaming [68] on individual performance. The effectiveness of teamwork in virtually
and temporarily assembled teams has also received significant attention in the literature. Kim
et al. [52] highlighted the proficiency-congruency dilemma, where players must choose between
maximizing their own expertise or maximizing the teams’ compatibility. Leavitt et al. [63] studied
how non-verbal in-game communication affects team performance.
Although the metagame is an integral part of how the community of players interacts with the
game, few have looked into how sticking to the metagame, or lack thereof, impacts performance.
Players who follow the metagame likely have an advantage against those who do not, though this is
not without exceptions. For instance, Lee and Ramler [64] found that LoL teams conforming to the
metagame composition are more likely to succeed, but select non-meta team compositions can also
perform exceptionally well. On an individual level, the literature on the influence of metagaming
remains sparse.
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Individual Diversity and Conformity in Teams

In more traditional domains beyond MOBA games, prior work has explored the interaction of
individual knowledge diversification and heterodoxy with team performance in both production
and innovation settings. Recent work on science and technology innovation shows that having team
members with a broad range of experience can boost team performance and lead to greater impact,
such as producing more publications [73] or more innovative patents [69, 106]. These studies validate
theoretical arguments that suggest that generalists are likely to have higher absorptive capacities,
i.e., they can integrate new knowledge with their existing background, a critical component of the
innovation process [19]. In a similar, but distinct, scenario in a production setting, Huckman and
Staats [44] showed when a temporary team of software developers works on a project, they are
likely to complete work faster and produce higher quality software if some team members had
experience working for different clients. In another example, from a domain more adjacent to the
context of our study, Hornig et al. found that elite German footballers generally had more diverse
experience in the form of unstructured play early in their careers than less successful players who
have had comparatively more structured training [40]. However, the presence of generalist members
does not always improve the performance of teams; production or innovation teams operating
within an established domain where the knowledge space has already been thoroughly explored
by the community, and surprises are rare, have no need for the unique talents of generalists. In
fact, in established domains, where the work can be easily modularized, replacing generalists with
specialists can improve performance [65, 69].
Compared to how generalists influence team performance, the effect of nonconforming team
members on team dynamics is less well understood. Recent empirical works suggest that maverick team members represent a high risk and high reward gameplay style for a team: they can
occasionally produce extraordinary team outcomes but more often lead to less than ideal results
[3, 27, 63, 102]. For example, Foster et al. [27] and Alstott et al. [3] demonstrate that when scientists
combine previously unrelated distant domains or problems in a new work, the recognition received
from the scientific community is more varied than with conventional work, with some novel work
being hailed as paradigm-shifting innovations but many receiving little to no attention.
LoL gameplay is a new setting to explore how individual behavior and team dynamics interact,
providing unique advantages compared to domains employed in prior work. First, LoL players
engage in direct zero-sum competitions, compared to previous settings where competition occurs
indirectly at a community level (scientific community, industry, etc.). Therefore, these records
provide direct and accurate indications of team-level performance compared to other settings.
Further, it is difficult to isolate individual performance from team performance in production or
innovation teams in industry or academia, as most measurements of performance rely on subjective
peer recognition.
In contrast, individual performance metrics for LoL players are provided directly by the API.
Finally, LoL developers make semi-frequent updates to the game that usually affect a small fraction
of the game dynamics. As these historical updates are well documented and the times at which they
were implemented are available publicly, they enable a far more precise investigation of individual
contributions to team performance under uncertain conditions.
4
4.1

DATA
League of Legends Dataset

We use an LoL dataset collected by Sapienza et al. [92] using the Riot API. The dataset was collected
from mid-2014 to late 2016 from the North America server on all of the matches for a sample of
the most frequent players. We consider only players who have played a sufficiently large number
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of ranked solo-queue 5x5 games (≥ 100 matches) during the entire season of 2015. This choice
is driven by three factors. First, a full season can help identify the development of user behavior
and performance from the start of a new season. Therefore, we take the full season (2015) that
was collected during the timeframe of the dataset. Second, ranked-solo queue games allow us to
investigate the behavior of players independently, as opposed to under the influence of known
teammates [47]. Finally, focusing only on players with at least 100 matches has statistical and
methodological benefits. Doing so can mitigate bias from players who were not committed to the
game. With a sufficiently large number of matches, we can also obtain a more confident estimate
of each users’ skill level.
There are 404 eligible users who played in 132,000 unique matches, totaling 148,000 unique
player-match pairs. In the rest of the text, we will refer to this dataset as ALL-MATCHES, and it
will be used for the patch-based analyses. Most of our analyses, which focus on playing styles and
comparison across players with different playing styles, are based solely on the first 100 matches
for every user (100-MATCHES). This subset of the data consists of 37,300 matches and 40,400 unique
player-match pairs.
The matches are organized by the time at which they started, and the winning team is indicated
in the dataset. For each player, the dataset records the champion they selected out of the 127
champions available during season 2015. We further match the champions to the 7 categories of
champion types set by the game developers [97] – Fighters (26), Mages (22), Marksmen (20), Tanks
(20), Slayers (18), Controllers (15), and Unique Playstyles (6). Each player also selects one of five
major positions, widely accepted by the community – Top, Mid, Attack Damage Carry (ADC),
Support, and Jungle. Since the positions are not officially recognized, Riot does not provide these
natively as part of their API. We describe how we estimate the positions in §5.1.
Additionally, the dataset contains many in-game performance measures at the individual level.
From among these, the most popular metrics are kills, deaths, and assists counts and by extension the
kills-deaths-assists (KDA) ratio, defined as (kills + assists)/(1 + deaths) [89, 92]. A player accumulates
kills by killing enemy players and assists by helping a teammate kill an opponent. The deaths count
is the number of times a player has died. A high KDA ratio is generally desirable and is indicative
of strong individual performance, regardless of the outcome of the match.
Trueskill. LoL uses an internal ranking system called the Matchmaking Rating (MMR) to create
match teams of players that are comparable in terms of skill [46]. While the exact design of
this algorithm is not publicly available, we can approximate the MMR estimates for each player
reasonably well using Trueskill, a Bayesian player ranking system developed by Herbrich et al. [38].
Trueskill has been successfully employed in prior work on MOBA games that required estimates
of MMR [5, 72, 90]. A player’s Trueskill is represented as a normal distribution with mean skill 𝜇
and uncertainty of the skill 𝜎. The skill level of a player is updated after every subsequent match
according to the outcome of the match through Bayesian inference. We employ an open-source
Python package for Trueskill1 , using all default settings except for the draw probability, which
is set to 0. All players receive an initial skill level of 𝜇 = 25 and 𝜎 = 25
3 . Similar to Herbrich et al.
[38], we form a leaderboard of the players at the end of all of their 100th match using 𝜇 − 3𝜎, a
conservative estimate of their Trueskill. For brevity, we refer to this point estimate as the Trueskills
of players.
4.2

Secondary Dataset

Lee and Ramler [64] collected a larger LoL dataset during a similar time frame. It contains over 10
million matches, split roughly evenly between the North American Server and the West Europe
1 TrueSkill:

The Video Game Rating System: https://trueskill.org/
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Server. However, this dataset is restricted to only the second half of the season 2015, limiting its
usefulness for investigating our primary research questions. Instead, we use this dataset for two
secondary purposes that support the main analyses. First, we utilize this dataset, which we call L&R,
as a training dataset to predict player positions for matches in our dataset (see §5.1) by replicating
the methodology [64]. Second, we use L&R to perform several robustness checks by replicating
some of our analyses where possible in the Supplementary Information (S.I.).
4.3

Champion balance patch data

To analyze the effect of patches on players, we identify changes to champions, in terms of nerfs
and buffs, in the 21 patches of season 2015, with the exact time of patches documented in Meraki
Analytics [70]. LoL releases official patch notes detailing the exact changes made to each champion
but avoids making a blanket statement on whether the champion was nerfed or buffed. In many
cases, multiple changes were made to a champion at once, reducing some parts of their abilities
while enhancing other parts, making it difficult to determine the net effect of the changes on one
champion. Fortunately, the community of players often comes to a consensus view based on the
impact of the patch. One such community is a popular LoL blog called nerfplz 2 .
We use patch notes summarized and categorized on nerfplz as ground truth for determining the
net effects of patches on champions. The website lists the champions that the author determines to
be nerfed, buffed, or tweaked in every patch. Champions are deemed to have been tweaked if they
were modified but not significantly nerfed nor buffed. Throughout the 21 patches in season 2015,
there were 145 champion buffs, 110 nerfs, and 29 tweaks, for a total of 284 champion modifications.
Given the small number of tweaks and their mixed consequences, we disregard tweaks in our
analysis. On average, each patch buffs or nerfs 12 champions. Almost all champions (107 out of 127,
or 84%) were modified at some point during season 2015, and most of them were modified only
once or twice.
5
5.1

A FRAMEWORK FOR USER BEHAVIOR CHARACTERIZATION
Position detection

We estimate the positions played by each player during each match by building a classifier as
proposed in Lee and Ramler [64]. Using their methodology, we train a one-vs-one SVM classifier on
their dataset based on different items and spells acquired by the players during a match to predict
which position they likely played on. We then apply this classifier, which achieved 85% accuracy
on a held-out validation set, to our dataset to estimate which one of the five positions each player
chose for each match.
A more detailed discussion of this process can be found in the S.I.
5.2 User behavior indices
We seek to understand user behavior in games from the choices they make. As such, we characterize
user behavior along two dimensions: diversity and conformity. In our context, diversity refers to
the diversification of champion and position selection. Following Nagle and Teodoridis [73], we
present the diversity index as:
v
u
t𝐾
Õ
CategoryPercentage𝑘2
(1)
DiversityIndex = 1 −
𝑘=1

2 NERFPLZ

- League of Legends Guides: https://www.nerfplz.com/
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where 𝐾 is the number of distinct categories and CategoryPercentage𝑘 is the percentage of times
category 𝑘 is selected out of all matches by a user. The diversity index is closer to 1 when the
level of diversification is higher and is 0 when there is absolute specialization in one category. By
definition, it is always strictly less than 1. We calculate the champion (𝐾𝐶 = 127), champion type
(𝐾𝐶𝑇 = 7), and position (𝐾𝑃 = 5) diversity indices separately to provide a multifaceted view of the
diversification of each individual.
The conformity index of a user is a measure of how well an individual’s playing style agrees
with that of the crowd. We estimate conformity of playing style as the average of the conditional
probabilities of positions given the champions used by a player over their career:
ConformityIndex =

𝑛
1Õ
𝑃𝑟 (Position𝑖 |Champion𝑖 )
𝑛 𝑖=1

(2)

where 𝑛 is the number of matches played by an individual during season 5. 𝑃𝑟 (Position|Champion)
is computed empirically for each champion and position combination from all matches played
throughout season 5.
The three diversity indices and the conformity index are collectively referred to as the behavior
indices. As diversity and conformity may develop and evolve over the course of a player’s gameplay
progression, we do not assume that the diversity or conformity indices are stable over time. Rather,
we examine each individual’s diversity and conformity indices over a sliding window of 10 matches.
5.3

Non-negative tensor factorization

Tensor factorization is a powerful tool to discover latent factors of high-dimensional data. A tensor
is a higher-order generalization of a matrix and it is a useful tool for many multi-dimensional and
multi-modal datasets [56]. Prior work has applied tensor factorization methods across a number of
domains such as human behavior mining [41, 89], temporal signal processing [25, 91], recommender
systems [42, 50, 85], and topic detection [7, 34]. Our method uses non-negative tensor factorization
(NTF), a variant of tensor factorization where all latent factors are restricted to be positive. Its ease
of interpretability has been shown to be a useful trait in many domain applications [7, 41, 89, 91].
Next, we briefly discuss the application of this methodology to our dataset of player careers.
Let X be the Users × Matches × Behavior Indices for the 404 users with at least 100 matches. For
every user, we organize their first 100 matches sequentially and calculate the four behavior indices
over a sliding window of 10 consecutive matches, resulting in 90 sets of behavior indices for each
user. The dimensions of X are thus 404 × 90 × 5. We then fit the NTF model on X, which learns to
find a set of rank-one tensors to approximate X, subject to non-negativity constraints:
X≈

𝑅
Õ

a𝑟 ◦ b𝑟 ◦ c𝑟 ,

(3)

𝑟 =1

where 𝑅 is the chosen number of components and ◦ denotes outer product. The objective is to
minimize
𝑅 Õ
𝑅 Õ
𝑅
2
Õ
min 𝑥𝑖 𝑗𝑘 −
𝑎𝑖𝑚𝑏 𝑗𝑛 𝑐𝑘𝑙 , such that 𝑎𝑖𝑚 , 𝑏 𝑗𝑛 , 𝑐𝑘𝑙 ≥ 0
(4)
𝑚=1 𝑛=1 𝑙=1

𝐹

where || · || 𝐹 is the Frobenius norm. The non-negativity constraint ensures that the factors are
non-negative. We use the NTF inplementation in the open-sourced Python library Tensorly [58]
for our work.
The number of components, 𝑅, is an important hyperparameter; Too many or too few components
can lead to overfitting or underfitting, respectively. A useful method to help determine the suitable
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𝑅 is the Core Consistency diagnostics test [14], implemented in MATLAB’s N-way toolbox [4].
For every 𝑅 = 1, 2, ...10, we compute the core consistency value and study the slope of the core
consistency curve for the best fit model, which is the component number that leads up to the
biggest drop in the core consistency values. We find 𝑅 = 3 to be the most appropriate value after
applying this test. Every user is equipped with a latent representation in R𝑅 , which is retained and
used for further analysis.
5.4

User Clustering

NTF provides us the latent factors for each user, upon which we can cluster users who are most
similar to each other by fitting the K-means algorithm. We utilize silhouette analysis to select the
optimal number of clusters by plotting silhouette scores for various numbers of clusters 𝑘 using
the elbow method, which is where a sharp decline is observed in the plot of silhouette scores. We
also visually examine the silhouette plots to check if all the clusters are similar in silhouette sizes.
The number of clusters 𝐾, same as the number of components 𝑅, is determined to be 3 (silhouette
score = 0.445), signifying that there are three groups of users each primarily associated with one of
the three components.
6

RESULTS

Using our user behavior characterization framework, we discover users who are most similar to one
another along dimensions of diversity and conformity. In §6.1, we characterize each cluster in terms
of these dimensions and then discuss what these observations reveal about the gameplay styles
adopted by each user group. In §6.2, we study the evolution of the gameplay styles of members of
each group during season 5. Next, we analyze the overall performance of each user group during the
season in §6.3 and assess how effective each group is at adapting to a balance patch in §6.4. Finally,
in §6.5, we discuss the robustness of our results specifically considering potential confounding
variables and sampling biases in our dataset.

Fig. 2. Time series of behavior indices for the three clusters of user with bootstrapped 95% confidence interval.
Champion and champion type diversity indices are averaged.

6.1

RQ1: Player Styles

To understand the characteristics of the player clusters, we plot the time series of the behavior
indices for each of them (Fig. 2). Cluster 0 (𝑁 = 148), characterized by high champion diversity, high
position diversity, and low conformity, is a group of nonconformists who are especially exploratory
in terms of both champions and positions and have a consistent tendency to employ non-traditional
combinations of them. Their behavior aligns best with mavericks in our framework. Cluster 2
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Fig. 3. Left: Proportion of matches where mavericks, generalists and specialists selected each position. Right:
Relative probability of selecting a champion in each champion type compared to a uniformly random selection:
Ícount(𝐶𝑖 ,𝑢) · |𝐶𝑖 | , where count(𝐶𝑖 , 𝑢) is the number or matches played user group 𝑢 with champion type
count(𝐶 ,𝑢) 𝐾𝐶
𝑗

𝑗

𝐶𝑖 , |𝐶𝑖 | is the number of champions in champion type 𝐶𝑖 , and 𝐾𝐶 = 127 is the total number of champions.

(𝑁 = 79), characterized by low champion diversity, low position diversity, and high conformity, is a
small group of conformists who exploit their skill with a limited set of champion and positions,
which is the hallmark of specialists in our framework. Lastly, cluster 1 (𝑁 = 177) represents a group
of players whose champion diversity, position diversity, and conformity all lie between the two
polar opposites of clusters 0 and 1. However, as Figure 2 shows, the diversity of cluster 1 is nearly
as high as that of cluster 0 (mavericks), while their conformity is nearly as high as that of cluster 2
(specialists). This combination of high diversity and high conformity best aligns with generalists in
our classification. In our results, we do not observe a group of users that demonstrate characteristics
of niche players. This may be due to, as we discussed in 2.2.3, the LoL community being too dynamic
to allow niche formation in the long-term and also the relatively small number of players in our
data. In the rest of the paper, we refer to the identified clusters as mavericks (cluster 0), generalists
(cluster 1), and specialists (cluster 2), respectively.
6.1.1 Preferences in Positions and champions. Some positions and tactics may require specialization,
whereas others may allow greater degrees of freedom. Indeed, there are differences in the preference
of champions, champion types, and positions among the three clusters of players (X 2 test, 𝑝 < 0.001
for all three categories). In Figure 3, we visualize the probability that mavericks, generalists, and
specialists select each position and champion type.
Compared to their peers, mavericks are most likely to select independent positions and unique
champions. Their top positions are Top and Middle, followed by Jungle, all of which are conventionally solo positions. Comparatively, they favor champions who are Slayers, Fighters, and Mages.
Importantly, champions branded as Unique Playstyles are most likely to be played by mavericks, a
finding reflective of mavericks’ inclination to not be bounded by rules or conventions, as Unique
Playstyles champions are those who encompass such a diverse set of skills and abilities that the
game developers could not place them in any one existing category.
Specialists most often play as ADC and Support, the two bottom lane positions who work
together as a duo. This is consistent with their preferred champion types: specialists gravitate more
towards Marksmen, which is almost exclusively used for ADC, and Controllers, a popular pick for
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Support. There are several explanations for this correlation. For one, the bottom lane may require
more specialization to be successful, or its lane design attracts a certain type of player. Alternatively,
we theorize that this is a result of having to work closely with a stranger as a successful duo.
Studies have shown that collaboration is difficult when team members do not have an established
relationship, but having a clearly defined role for each team member can lead to better cooperation
[32]. By both being conforming specialists, the pair of strangers can work most effectively together
in the bottom lane.
Compared to specialists and mavericks, generalists have a more uniformly distributed selection
of positions and champion types. By a small margin, they are more likely to pick Tanks, which are
known as team-oriented, tough champions. Tanks help their teams succeed by disrupting enemies
and absorbing the damage to themselves, but at the same time Tanks are too weak to engage
in single combat. Overall, the results suggest that generalists have a wide variety of skills and
expertise, and are most similar to what we typically regard as “team players”.
6.2

RQ2: Evolution of gameplay styles

Figure 2 shows the temporal evolution of gameplay styles for each cluster, suggesting that players’
styles are relatively stagnant over time. Even as players grow more and more familiar with the game,
they are largely reluctant to change their gameplay styles. Although there are slight variations in
the indices over time within each user cluster, their distinctive characteristics are stable across the
clusters. The stability in user behavior is observed not only when plotted as a function of their first
100 matches but also as a function of absolute time, in terms of the match version, throughout the
entire season of matches from ALL-MATCHES.
It should be noted that our framework characterizes a player’s diversity over a sliding window.
As such, it is possible for a slow but steady increase in diversity to go unnoticed. For example, a
player may slowly branch out to more and more positions or champions, but their diversity indices
within a short time frame remain stable. However, the average diversity indices over a sliding
window of 10 for a player and the diversity index of all of their 100 matches have a Pearson’s
correlation of 0.93, 0.94, and 0.95 for the champion, champion type, and position diversity indices,
respectively. The high correlations suggest that small window diversity indices are highly indicative
of long-term diversity indices.
One follow-up observation is that players’ gameplay styles remain unchanged despite the fact that,
as we will see in the following sections, some styles can perform poorly under certain conditions.
If players are in fact compensating for their shortcomings, they must be doing so in ways that do
not fundamentally alter their gameplay styles. Another possible explanation is that players are not
motivated entirely by winning or outperforming, but are driven by the pleasure of gameplay in
whatever form they prefer. This is not an entirely foreign concept. For example, Kou et al. [61] finds
that winning streaks can negatively impact a player’s gaming experience, which demonstrates
the disconnect between performance and enjoyment in certain settings. Finally, whether this
persistence in behavior is conscious or not warrants further investigation. It cannot be conscious if
the players are not even aware of their playing style. In other words, is their unvarying playing
style a result of them not wanting to change, or them not being able to change?
6.3

RQ3: Performance

6.3.1 Overall performance. We evaluate the overall performance of all players using three metrics:
win rate, Trueskill, and KDA (Figure 4). Our findings suggest that specialists have a distinct
advantage over generalists and mavericks in terms of overall performance, while mavericks are,
on average, the worst performers. Using a series of one-sided, one-sample 𝑡-tests against an
expected win rate of 0.50, we find that generalists (𝜇 = 0.504, 𝑡 = 1.797, 𝑝 = 0.037) and specialists
Proc. ACM Hum.-Comput. Interact., Vol. 5, No. CSCW1, Article 191. Publication date: April 2021.

The Wide, the Deep, and the Maverick: Types of Players in Team-based Online Games

191:15

Fig. 4. KDE of win rate, final Trueskill, and mean KDA for each user’s first 100 matches.

Table 1. K-S test results on pairwise comparisons of every user group using their win rate, final Trueskill, and
mean KDA CDFs of each user’s first 100 matches.

Win Rate CDF

Final Trueskill CDF

Mavericks < Generalists 𝐷− = 0.126, 𝑝 = 0.069 𝐷− = 0.176**
Generalists < Specialists 𝐷− = 0.149, 𝑝 = 0.078 𝐷− = 0.186*
Mavericks < Specialists 𝐷− = 0.189*
𝐷− = 0.211**
* 𝑝 < 0.05, ** 𝑝 < 0.01, *** 𝑝 < 0.001

Mean KDA CDF
𝐷− = 0.205***
𝐷− = 0.168*
𝐷− = 0.241**

(𝜇 = 0.520, 𝑡 = 3.206, 𝑝 < 0.001) are more likely to win more than 50% of the time. The win rates
of Mavericks are not significantly different from 0.50 (𝜇 = 0.497, 𝑡 = −0.910, 𝑝 = 0.182). These
differences, while quite small, are particularly significant considering that LoL’s matchmaking
system seeks to maintain overall win rates at 50% and the implications they have for substantially
changing the odds of winning tournaments [64].
We further evaluate differences in the performance across specialists, generalists, and mavericks
by comparing their performance distributions against each other using the Kolmogorov–Smirnov
(K-S) test (Table 1). In terms of the win rate, specialists have a distinctly right-skewed distribution
compared to mavericks, but it is otherwise not significantly different between mavericks and
generalists or generalists and specialists. However, win rates in team-based games may not be the
best representation of the skill of an individual player. Examining the distributions of Trueskills
and mean KDA, which are more individualized measures of performance, we find that specialists
collectively outperform generalists who in turn perform better than mavericks, indicating a clear
hierarchy among the classes of players in terms of performance.
6.3.2 The best and worst players. Our next finding reveals which type of player is more likely to
become exceptional (top 10%) or worst (bottom 10%) of all players. Similar to our previous finding
regarding overall performance, We show that specialists are most likely to be the best players while
mavericks remain most likely to be the worst players. In Table 2, we rank players by their final
Trueskills and win rates from their first 100 matches, and find the percentage of people in each user
type in the top or bottom 10% of all players. Mavericks and generalists are comparably likely to be
the top 10% of players, while specialists are almost twice as likely. Considering the worst players,
we find that mavericks are the most likely to end up in the bottom 10%, while specialists are the
least likely.
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Table 2. The proportion of players in each user group who are in the top 10% and bottom 10% of all players
by win rate and by final Trueskill.

Top 10%
Mavericks
Generalists
Specialists

Bottom 10%

Trueskill

Win Rate

Trueskill

Win Rate

0.088
0.079
0.177

0.122
0.136
0.241

0.155
0.079
0.051

0.182
0.130
0.114

Table 3. Odds ratios of a logistic regression model predicting if the team wins given the number of additional
users they have in each user type (mavericks, generalists, or specialists) and the final Trueskill bracket.

Skill Level
Top

10%
10% - 20%
20% - 30%

Mavericks

Generalists

Specialists

1.377***
1.199***
1.141*

1.280***
1.187***
1.141**

1.319***
1.288***
1.223*

20% - 30% 0.907*
0.894
10% - 20% 0.851***
0.859**
10%
0.718***
0.733***
* 𝑝 < 0.05, ** 𝑝 < 0.01, *** 𝑝 < 0.001
Bottom

0.882*
0.791**
0.763**

6.3.3 Team Performance. So far, the win rate has been treated as an individual measure of success.
We now evaluate the impact of a player’s skill on the team’s win rate. Using a logistic regression
model, we measure the effect of having each type of player across a range of skill levels. We focus
on users in 6 deciles of the final Trueskill distribution: 3 deciles in the top 30% and 3 in the bottom
30%. For each match in 100-MATCHES, we randomly select one team as the reference team. We
then calculate the number of additional mavericks, generalists, and specialists that the reference
team has in comparison to their opponents in each of the 6 performance deciles, for a total of 18
categories. The odds ratios derived from the regression is shown in Table 3. Having a top 10%
maverick increases a team’s odds of winning the most, but having a specialist is the next best
option in the top 10% - 30% of players. In some cases, having a lower tier (top 10%-30%) specialist
could be even more advantageous than a higher-tier user of another type. In cases of having a
low-ranked teammate, the odds of winning are most adversely affected by having a bottom 10%
maverick, but otherwise a bottom 10%–20% or 20%–30% specialist is inferior to an equivalently
ranked maverick or generalist.
These findings imply that having a maverick on the team can be either a substantial risk or
substantial benefit depending on the level of play: The best mavericks are particularly beneficial to
the team and the worst mavericks can most dramatically bring the team down. When we move
away from the two extremes, it is the specialists who have the biggest positive or negative impact
on winning.
6.4 RQ4: Adaptation
In this section, we take a look at a more transient aspect of gameplay performance. Balance patches
can remarkably shake up or level the playing field, altering players’ champion preferences [107]
and transforming the metagame. To investigate how balance patches affect players, we gather the
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pick rates and average KDAs of all nerfed or buffed champions before and after patches separately
for each player type. We use KDA as a proxy for performance changes rather than the win rate.
Win rate is largely a team performance measure in that it can depend on the combined individual
performances of all team members in complex ways. KDA, in contrast, is a measure of individual
performance.
LoL is patched approximately every two weeks. Therefore, we characterize the effect of a patch
by comparing each champion’s gameplay statistics during the 7 day period before and after a patch
takes effect, which we denote 𝑡 1 and 𝑡 2 , respectively. To verify that any changes in gameplay are
not due to chance, we also use the period, capped at 7 days, that is one week away from the target
patch as the control period 𝑡 0 . For example, patch 5.5 was released on March 12, 2015, followed by
5.6 on March 25, 2015, 13 days later. For target patch 5.6, we will use the 6-day period March 12
(inclusive) to March 18 (exclusive) as the control period (𝑡 0 ), the 7 day period March 18 (inclusive)
to March 25 (exclusive) as the before patch period (𝑡 1 ), and the 7 day period March 25 (inclusive)
to April 1 (exclusive) as the after patch period (𝑡 2 ). Therefore, each target patch will have three
associated periods. We repeat this for all patches in season 2015, excluding patch 5.1 because it was
the first patch of the season.
The pick rate of champion 𝑐𝑖 for user type 𝑢 during period 𝑡 for target patch 𝑝 is given by
count(𝑐𝑖 , 𝑢, 𝑡, 𝑝)
,
Pick-Rate(𝑐𝑖 |𝑢, 𝑡, 𝑝) = Í
𝑗 count(𝑐 𝑗 , 𝑢, 𝑡, 𝑝)

(5)

where count(𝑐𝑖 , 𝑢, 𝑡, 𝑝) is the number of times a type 𝑢 user selected champion 𝑐𝑖 during period 𝑡
for patch 𝑝. We illustrate the changes in pick rates in figure 5.
Consistent with previous work, buffing champions raises the preference of those champions and
vice versa for champions that were nerfed [107]. We include the pick rate changes for unaltered
champions as a baseline, which shows virtually no changes in pick rate. We use paired t-tests to
analyze the differences in pick rates between consecutive periods (Figure 5, details in S.I.).
Our first and immediate observation is that buffs have a limited effect on increasing champion
preference, yet nerfs noticeably curtail champion popularity. Furthermore, different patches affect
each player type differently. Generalists display a significant increase in the preference for buffed
champions, but mavericks and specialists do not. Generalists are also sensitive to nerfs, suggesting
that their gameplay preferences are most directly influenced by balance patches. While a significant decline in champion preference is observed in all users, the effect is smallest for specialists.
Specialists remain the most loyal to the champions they specialize in even when these champions
are nerfed. At the same time, specialists are not inclined to increase their champion preferences
in spite of a buff patch. Their preferences remain the most stable compared to other user types.
Finally, we find that mavericks’ champion preferences, although not significantly impacted by buff
patches, are the most dramatically reduced by nerf patches compared to other players.
Figure 6 illustrates the effect of patches on game performance, measured by the mean champion
KDAs during a period. We apply Wilcoxon signed-rank tests to check for any significant differences
in the mean KDAs of each champion between consecutive periods (details in S.I.). Overall, buff
patches lead to larger changes in KDA compared to those of the control periods, but the effect is
not significant for any user type. Moreover, generalists adapt rather well to both nerfs and buffs,
showing no significant change in KDA. In contrast, nerf patches significantly decrease the KDA
output for mavericks (Δ𝐾𝐷𝐴 = −0.217) and specialists (Δ𝐾𝐷𝐴 = −0.580).
All players are quick to react to nerfs by significantly turning away from the nerfed champions, yet
those who stay with the nerfed champions show varying levels of success. Of all, generalists are the
least impacted by the nerf patches, indicating they can quickly adjust to champions with diminished
skills. Both specialists and mavericks are apparently less successful at adapting to nerfs. Specialists
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Fig. 5. The champion pick rate differences in the before patch period 𝑡 1 vs. the control period 𝑡 0 (“Before patch
and Control”) and the after patch period 𝑡 2 vs. before patch period 𝑡 1 patch (“Before and after patch”). The
total number of champion buffs, nerfs or unaltered champions are shown. We apply paired t-tests on the pick
rates between consecutive periods and mark all significant differences (* 𝑝 < 0.05, ** 𝑝 < 0.01, *** 𝑝 < 0.001).

Fig. 6. The difference in each champion’s mean KDA in the before patch period 𝑡 1 vs. the control period 𝑡 0
(“Before patch and Control”) and the after patch period 𝑡 2 vs. the before patch period 𝑡 1 patch (“Before and
after patch”). We apply Wilcoxon signed-rank tests on champions’ mean KDAs between consecutive periods
and mark all significant differences (* 𝑝 < 0.05, ** 𝑝 < 0.01, *** 𝑝 < 0.001).

may adapt poorly because they lack wide-ranging skills to quickly master modified champions, and
mavericks are likely to neglect widely accepted guides developed by the community in response to
the patch. Generalists can avoid the pitfalls of both: they have a diverse set of experiences and also
follow the established community conventions.
Although our results show that mavericks and specialists are the most negatively impacted by
nerfs, no user type significantly benefits from buffs. This phenomenon could be partly explained
by the learning curve associated with playing recently updated champions. Players need to learn
how to best navigate a champion’s new skills and abilities, even though the patch was meant to be
a buff. Though it is difficult to observe the long-term effects of adaptation due to the nature of the
rapidly changing gaming context in LoL, future work can evaluate players’ long-term adaptation
to more substantial changes in the environment.
6.5

Robustness checks and confounding factors

Player experience is a confounding variable that could potentially explain our results. For example,
the individuals labeled as mavericks may simply be new to the game and are still learning to play
the game prior to settling down on a gameplay style. However, we have restricted our attention to
ranked games, which are only available to players who have reached a certain level of experience by
which time we can reasonably assume that they would have settled down to a specific playing style.
Additionally, to validate that experience is not determining our clusters, we look at matches played
during late season 2014 and pre-season 2015. The proportion of users who participated during this
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time are nearly identical across the 3 user groups, being 90%, 88%, and 89% for mavericks, generalists,
and specialists, respectively. Moreover, the high proportion of players with prior experience is
evidence that most players in our analysis are experienced players. We also compute the number
of games played by each individual in season 2014 and pre-season 2015. A Kruskal-Wallis H test
indicates no significant difference in the number of prior games played by users in each group
(𝜒 2 = 3.430, 𝑝 = 0.180), with the average number of prior games being 253 for mavericks, 241 for
generalists, and 186 for specialists. Thus, these results do not support the idea that mavericks, or
any particular player cluster, are significantly less (or more) experienced.
In the absence of native time-evolving skill ratings for players from the Riot API, we have used
the Trueskills algorithm to estimate ratings. However, this algorithm requires that we have the
entire timeline of matches for an individual to derive an absolute ranking. Unfortunately, our dataset
only contains partial timelines for the players starting with the second half of season 2014. Thus our
Trueskill estimates, measured only based on season 2015 matches, are in fact more appropriately
interpreted as changes in the absolute Trueskill during that season. This limits our ability to
interpret our findings in terms of players being on a global skill hierarchy as any single player
would have had their own unique unobserved skill rating at the start of our study period. However,
this confounding effect is mitigated by LoL’s matchmaking system, which only matches people
in similar tiers together. As a result, while the Trueskill may not be an accurate representation
of a player’s skill level, it does represent how well a player has done since the beginning of the
season. As an additional robustness check, we repeat our analysis in §6.3.3 with a mixed effect
model, using their highest achieved tier in the previous season, which is an approximate measure
of their skill at the start of the season, as a fixed effect. We report the details of this experiment
in the S.I. This model confirms our findings regarding the relative contributions of skilled versus
unskilled mavericks, generalists, and specialists.
As a final robustness check, we replicate our analyses, from discovering user types to analyzing
individual and team-level performance, on the L&R dataset [64]. Since it was collected from a
different server (EU), it helps to remove some cultural biases from our main dataset. We present the
results of this additional analysis in the S.I. and confirm that our findings between the two datasets
are consistent.
7

DISCUSSION

In this study, we explored the dynamics of preference and its interaction with performance in
transient teams of strangers in competitive settings. Drawing on theories of individual behavior in
teams, we established a framework for classifying individuals in teams based on the dimensions of
diversity and conformity. Through computational analysis, we identified three prominent types of
players in League of Legends that aligned with our framework; (i) mavericks, (ii) generalists, and (iii)
specialists. We did not find a fourth type established by theory – niche players with low diversity
and low conformity. As LoL is a very dynamically changing game, any niche behaviors may be
difficult to observe in the long-term. Another possible explanation may be that there are fewer
niche players, which prohibited us from discovering a cluster of such players. However, we reached
the same conclusion about the existence of generalists, specialists, mavericks, and reinforced the
lack of niche players, in our secondary dataset (L&R), which has over 10 times the number of
players in our main dataset (see S.I.). Additional field studies can be conducted to validate if niche
players do exist in such settings.
That LoL players demonstrate stable preferences in playing styles over time implies motivations
go beyond winning games. Despite specialists being the most likely to perform best overall, most
people remain exploratory and unconventional throughout their gaming careers. This phenomenon
can be traced back to psychological theories of novelty-seeking [18] and risk-taking personality
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traits [55]. In a short-term, volatile setting, generalists are observed to adapt best both to beneficial
and detrimental changes while specialists are found to be most susceptible to detrimental changes.
The observations in this study seemingly contradict similar recent research which looked at
the performance of teams in scientific research and peer-production settings [65, 69, 73]. While
these studies demonstrate the presence of team members with broad and atypical background
experiences leads to greater impact in the scientific community, we show that – in the case of LoL –
specialists perform substantially better than individuals who have a broad range of experience or
try novel strategies. However, a more nuanced examination shows that these contradictions can
be explained by differences in settings. League of Legends is a comparatively stable environment
where developer updates only affect a few players at any given time. This has allowed the player
community to construct a well-documented metagame that leaves very little uncertainty about
how different strategies perform. In contrast, many domains of scientific inquiry contend with
significant uncertainty and depend on exploration. In fact, Nagle and Teodoridis [73] show that
even in the case of science, generalists and mavericks are superfluous or even an active hindrance
in well-established domains with little uncertainty, in contrast to developing domains that benefit
from exploration. This is further supported by our own finding that generalists and mavericks are
more resilient than specialists to changes in the game environment that negatively affect them.
The presence of skilled mavericks who have an outsized impact on team performance indicates
that even with a mature and established metagame, there are unorthodox strategies that offer
distinct performance gains. Further investigation is necessary to find whether mavericks play a
role in improving the quality and competitiveness of play by serving as trailblazers for the rest of
the community.
Implications for game design and user-related research. For game developers and interested researchers, our paper confirms the need to consider users with different playstyles. Games need to
be made competitive and appealing both to those who play-it-safe and those who, on the other end
of the spectrum, derive joy from taking risks in the unknown. Gamers either go deep (exploit) or go
wide (explore) in the game and rarely change their habits once they are formed. It is thus evident
that there is no one-size-fits-all approach to game design. Importantly, our paper reveals how the
heterogeneity of styles can impact players’ performance and adaptation. This can benefit other
game-related research such as improving the matchmaking system, reducing player churn (quitting
the game), and balancing the game with patches. Developers should be aware of what attracts
and deters different types of users, as well as who is more or less susceptible to changes in the
game. Since empirical research on virtual worlds is invaluable for studying real-world behaviors
[109], our framework can be extended to other domains such as academic research collaborations,
corporate team building, and competitive sports. The constructs we employed to describe user
diversity and conformity in the context of small teams can be utilized to understand phenomena in
more general societal and organizational settings.
Implications for team coordination. Due to the nature of transient teams in LoL and its matchmaking algorithm, most teams are not only transient but also opportunistic, with each player primarily
incentivized to improve their own rankings [53]. Recognizing that different player types have
different preferences for positions and champions (§6.1.1), the flexibility with which players can
play their favored positions or champions can crucially impact their performance. For example,
specialists may only want to play in a certain position or in a particular way. If that is the case, it
could be detrimental to the team and to the specialists themselves if this was not communicated
properly to the team early on. Generalists may be suitable for a range of positions but will do poorly
if a particular role, task, or champion calls for appropriate specialization. Mavericks’ way of playing
may be initially ill-received by their new teammates. One way to remedy these potential conflicts
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is to acknowledge or justify unconventional gameplay styles to avoid any negative impressions.
Kou and Gui [59] finds that players can get emotional and aggressive when social interaction is
lacking and when the team is performing poorly. Similar recommendations can be applied to other
transient team settings, for instance, when a temporarily assembled medical team responds to
a medical emergency, when a research project calls for multi-institution collaboration, or when
corporate employees are arranged in regularly reshuffled fluid teams. It is integral for the team
leader to balance both individual teammates’ preferences and the team’s collective congruency,
and relay relevant information to the team.
Implications for individual team players. As our study highlights the advantages and disadvantages
of different behavioral styles, it is worth considering if promoting behavioral changes in team
members can be beneficial. If the end goal of the team is to maximize achievement, it may be useful
to start by understanding what behaviors the players tend to exhibit. It is crucial that the playstyle
asked of the player aligns with their intrinsic preferences if any changes are to bring out the full
potential of the team and individual. A common form of miscommunication arises when players
offer advice to others by only relaying what worked for themselves, without considering other’s
style or preferences. A maverick, for example, may find it difficult to heed advice from a specialist
because they do not enjoy repetition.
That said, not all players are driven by achievement [110]. It is important to not criticize another
player because they are playing the game in a different manner. As we have seen in this paper, no
single gaming behavior is without its weakness. Even strategies that go against the established
metagames have merit. To foster harmonious gameplay experiences and non-toxic social interactions, players must be aware that other preferences for gaming exist and to devise team-level
strategies that combine the strength of individual members.
Implications for team sports. Unlike transient LoL teams, players in traditional sports teams
have well-defined and heavily constricted roles [24, 104]. There exists a limited body of research
suggesting individual diversity could be beneficial. In professional basketball, some diversity in
playstyles is beneficial, but too much can present challenges [96]. In soccer, the cultural diversity
of players can have a positive impact on team performance [45], while the diversity of experience,
through unstructured play early in their careers, have been shown to correspond to greater eventual
success [40].
As specialization is regarded as the norm in traditional team sports, it is worth questioning
if generalists and mavericks feel unable to explore alternative positions or strategies, thereby
hindering their enjoyment of the sport and development as players.
8

LIMITATIONS

A primary limitation of our study is the generalizability. Our study is based on data sampled from a
single season of LoL from the North American server. Moreover, as our research questions require
longitudinal analysis of individual players, we have limited our analyses to players who have
participated in a large number of matches during this time frame. Consequently, we rely on a
relatively small sample of individuals from a single region. We cannot remove any data biases or
cultural biases that may arise from this, and thus cannot conclusively say that our results generalize
to players with less experience or players from other regions. However, statistically significant
results from our analyses align very well with similar work in other domains such as science and
technology innovation and peer-production. Further, in the S.I., we show that our main findings
hold in a much larger dataset collected from a different geographical region (the EU server). Future
work could be directed at comparing and contrasting the gaming behavior of players hailing from
various cultural backgrounds.
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Our analysis of the interaction between individual playstyles and team-level outcomes does not
employ causal methods and therefore we cannot make strong claims regarding how individual
playstyles influence team outcomes. However, LoL’s matchmaking algorithm, the objective of
which is to give equal odds of winning to the two teams, takes skill and experience at the team
level into account [36, 66]. Additionally, there’s no publicly available information that suggests that
matchmaking in ranked solo games considers playstyles, as we’ve defined in this paper. Therefore,
we argue that our model coefficients provide strong circumstantial evidence regarding the relative
influence of different individual playstyles on team outcomes. Since we are not privy to the exact
matchmaking algorithm used in LoL, especially historical iterations of it that are relevant for our
study, we assume that any deviations from the stated goal of applying the matchmaking algorithm
are unbiased with respect to the variables of interest in the study.
Finally, our analyses rely on coarse-grained labels for players identified through clustering. A
direct benefit of this method is the ability to gather sufficient data points to perform a holistic
assessment of the performance and adaptation of all user groups. Future work can develop a more
nuanced evaluation of performance and adaptation dynamics based on continuous measures of
player diversity and conformity.
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