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ABSTRACT

The extant scholarship on player toxicity in multiplayer online
games has focused on the harms that it causes to players, commu-
nities, and developers, and has assumed, that it is in the interest of
all key stakeholders to mitigate such behaviors. Both research and
practice have developed measures to combat and curb toxicity, yet
these actions appear insufficient since negative behaviors persist. In
this paper, we examine the relationship between players’ propensity
to engage in toxic behaviors and their in-game purchasing behav-
ior. For this, we collected data from 204 League of Legends players
and performed a multiple regression analysis using demographics,
controls, and toxic behavior as independent variables to explain the
dependent variable purchase behavior. This analysis revealed a posi-
tive relationship between self-reported toxic behavior and purchase
behavior. This finding suggests that while developers may wish to
get rid of toxicity, it is not in their financial interests to ban toxic
players altogether. This, in part, may explain the persistence and
prevalence of toxicity in multiplayer online games. Future research
may look into characteristics such as deficient self-regulation as
potential explanations for the positive correlation between toxicity
and purchase behavior.
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+ Human-centered computing — Ubiquitous and mobile com-
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1 INTRODUCTION

In the context of multiplayer online gaming, toxic behavior (or tox-
icity for short) is generally understood as a collective term for “dis-
ruptive behaviors that are perceived as harmful by others”. [10, 13, 32].
Toxic behaviors occur due to the mix of often frustrating competi-
tion and real-time collaboration in a pseudonymous environment
where players lack social responsibility for their actions [35, 49].
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Toxicity is considered one of the biggest current challenges for
modern multiplayer online games, as the consequences of toxic
cultures and exposure to toxicity can cause harms, negative affect
and ruin the player experience [2, 6, 13, 42]. The harmful effects of
toxicity are, therefore, ingrained in our understanding of the very
concept, and the extant scholarship on the topic has demonstrated
that it remains a rampant issue in various multiplayer online games,
such as League of Legends, Defense of the Ancients 2, or Heroes of
the Storm [7, 12, 30, 37]. So far, toxic behavior has been described,
both in research and in practice, as something that most stakehold-
ers wish to eliminate [19, 29]. For example, it has been assumed
that unchecked rampant toxicity leads the diminishing of player
numbers, and that toxicity also has a negative impact on the mental
health and well-being of players [22, 28, 34]. This means that there
would be moral, ethical and financial reasons to curb toxicity.
Implementing counter-measures against toxicity in online gam-
ing environments presents several challenges for game develop-
ers. These include, on a regulatory level, maintaining sufficient
player freedom and expression despite toxicity counter-measures,
the validity of the effectiveness of (often subjective) reporting and
moderation systems, the functioning of tools to change cultural
and community norms, and the promotion of player education and
awareness [7, 32, 39, 40]. While efforts have been made to reduce
toxicity in multiplayer online games, not all potential countermea-
sures have been successfully implemented. For instance, Blizzard
Entertainment famously tried to eliminate toxicity in their online fo-
rum by revealing the real names behind players’ online pseudonyms
1, which disastrously backfired: it turned out that few people are
willing to spend any time online at all if it means revealing their
true identity on the Internet. This observation points to the impor-
tance of the online disinhibition effect [49], which describes the
anonymity and invisibility in online environments that gives people
the freedom to behave in ways they otherwise would not; recent
research has also shown that online disinhibition is also important

!See the story here: https://www.theguardian.com/technology/blog/2010/jul/12/blizzard-
warcraft-real-names-retreat, visited January 23, 2024
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for the occurrence and perception of toxicity in the gaming context
and is one of the most relevant predictors [5, 19].

Despite research and industry reports describing the harm that
toxicity has on players and gaming communities, toxicity is still
present and even increasing in frequency and severity [4]. In 2021,
the Anti-Defamation League’s (ADL) report on online harassment
found that 83% of players aged 18 to 45 and 60% of players aged 13
to 17 were harassed in online multiplayer games [3]. The following
year, the number of young people harassed had risen to 66%, and
serious harassment of adults had increased from 71% to 77% [4].
Organizations like the ADL and the Fair Play Alliance (FPA) are
asking what the games industry could do better to combat toxic-
ity and offering guidance to those who want to take action. For
example, developers could punish offenders more harshly more
often and impose harsher penalties more easily (e.g. permanent
bans and IP address bans). However, transparency reports show
that companies are more likely to ban accounts for cheating and
smurfing (i.e. deliberately creating an alternative account to play
at a lower game level than your own) than for disruptive behav-
ior and toxic communication [52] - a move that was reinforced
by a very public crackdown on smurfing in DotA 2 in September
2023 [48]. In practice, however, this is not the case. Many compa-
nies use methods to educate offenders and try to encourage them
to well behave. However, companies do not completely remove
these offenders from the game. Such approaches raise questions
about lack of progress to combat toxicity in games. Considering
large companies, it seems possible that "encouraging” players’ toxic
behavior or not taking drastic measures may be due to a positive
financial impact; simply, profits can be made from such behaviors -
even if they are concerning. In this article, we answer this question.
In addition, there are some HCI studies that suggest - at least in
theory - that toxic players often spend more money in the game
[1].

To this end, in this work-in-progress study, we aim to empirically
test the relationship between players’ self-reported propensity for
toxic behavior and their self-reported in-game purchasing behavior
for the first time. To this end, we draw on previous work on toxic
behavior [26, 27, 41, 42] and propose purchasing behavior as the
dependent variable [8, 11, 14, 47]. As a study context, we consider
the popular multiplayer online gaming genre of multiplayer online
battle arena (MOBA) games, using League of Legends as a specific
application context, which is currently one of the most successful
video games ever and represents a significant part of previous re-
search on toxic behavior [26, 39, 45, 46, 50]. Methodologically, we
use covariance-based statistics (in particular regression analyses)
to test the influence of toxic behavior in relation to the dependent
variable purchasing behavior in a data-driven manner. Furthermore,
we include several demographic (i.e., age, gender, education, server),
and control variables (i.e., experience of play, frequency of play)
to have the chance to control for a wide range of influences and
potential confounding variables. To collect an appropriate sample
of participants, we used an online questionnaire distributed via
Amazon’s Mechanical Turk (MTurk). To guide the content of this
study, we propose the following research question:

Research question: What influence does toxic behavior have on
players’ purchasing behavior in the context of the MOBA game League
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of Legends?

With this work in progress, we offer a novel empirical contri-
bution to the existing toxicity literature, providing a better under-
standing of toxicity by exploring the (economic) side of toxicity,
thus enabling the adoption of new perspectives and initiating new
discussions on how to better assess and treat toxicity. We are cur-
rently in the phase of collecting data for bigger study that seeks to
test the relationships in a more theory-guided manner.

The remainder of this study is organized as follows: First, we
present the methodology used (section 2), present the results of
our analysis (section 3), discuss them briefly (section 4), and give a
short conclusion at the end (section 5).

2 METHODOLOGY

Below we present relevant information related to Research Design
(section 2.1), Data Collection and Participants (section 2.2), and
Measurements (section 2.3).

2.1 Research Design

To analyze the relationships between the three variables in our
study, we used a cross-sectional survey approach. We collected
self-reported data from players of League of Legends using an on-
line questionnaire and the MTurk platform. Building on this, we
analyzed the data with covariance-based statistics (i.e., multiple
linear regression analysis) and widespread software applications
(i.e., SPSS 28). Specifically, we tested the influences of demographics
(i.e., age, gender, education, server, country), controls (i.e., experi-
ence and frequency of play), and toxicity explaining purchasing
behavior.

2.2 Data Collection and Participants

To test the specified relationships, we collected data from 220
League of Legends players via the crowd-sourcing marketplace
MTurk. To ensure ethical data collection, we obtained informed
consent, guaranteed the anonymity of participants, and complied
with the data protection regulations of our university, whereby the
survey was available for response over one day in the beginning
of January 2024. To ensure validity in our sampling, we asked par-
ticipants to name their three favorite in-game champions, which
led to the exclusion of nine participants. After cleaning the data
and excluding cases with (a) missing data (six participants) and (b)
nonsensical answers (one participant) the final sample consisted of
204 participants. All participants received USD $1.90 as a reward
for participating in our study. Furthermore, the average processing
time was slightly above 6 minutes (M = 6.20,SD = 1.30). For the
specific sample characteristics, please take a look at the subsequent
section.

2.3 Measurements

Following the best practices of psychometric research, we build an
online questionnaire using empirically validated scales and items
from previous research wherever available, asking participants for
their self-reported perceptions and behaviors. Concerning previous
research, the sample appeared representative [19, 24].
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2.3.1 Independent variables. To measure our independent vari-
ables, we make use of the subsequent variables:

Age. To measure our independent variable age, we presented
participants with an item asking them, “How old are you?”. Answers
ranged from 1 (“younger than 18”) to 5 (“older than 35”). Participants
reported being in their late 20s as an average (M = 3.85, SD = 0.79).

Gender. To measure our independent variable gender, we pre-
sented participants with an item asking them to specify their gender.
Based on the answers, 123 (56%) of participants identified as men,
followed by 79 (43%) who identified as women, and 2 participants
(1%) reported a different gender related identification.

Education. To measure our independent variable education, we
presented participants with an item asking them to specify their
education. Based on our results, the majority of participants were
holding a bachelor’s degree 164 (80%) during the time of answering
our questionnaire followed by participants who were holding a
masters degree 22 (11%).

Server. To measure our independent variable server, we pre-
sented an item to the participants, asking them on what server they
were playing, whereby most participants indicated to play on the
NA server 139 (68%).

Experience of play. To measure our independent variable ex-
perience of play, we asked participants when they have started to
play League of Legends. As an average, participants reported that
they have started to play League of Legends in season 6 in 2016
(M = 6.15,SD = 3.76)

Frequency of play. To measure our independent variable fre-
quency of play, we asked participants how many times a week they
play League Legends. Participants reported that they have played
the game around four times a week (M = 3.84,SD = 1.43).

Toxic behavior we used a validated scale with four items from
previous research [19]. The scale asked participants “If I get mad
during a (ranked) game of League of Legends, I..” and provided
four statements such as “...take away resources belonging to others”.
Based on the responses of participants, we aggregated the four items
to a mean value of toxic behavior (M = 4.03,SD = 1.65, @ = 0.91).

2.3.2  Dependent variable. To measure our dependent variable pur-
chase behavior, we used a wide range of 14 purchasable virtual items
(e.g., champions, skins, wards skins, summoner icons, emotes, bun-
dles, icons, battle pass, clash tickets, boosts, name change, region
change) that can be bought for Riot Points (i.e., in-game currency
that can only be purchased with real money) in the game’s store
and asked participants how frequently they purchased such an item
providing a scale ranging from 1 (“never”) to 7 (“frequently”). Based
on the participants’ responses, we calculated a mean value of (past)
purchase behavior based on the 14 items (M = 4.70,SD = 1.25, @ =
96).

3 RESULTS

To test the influences of the independent variables (i.e., age, gender,
education, server, experience of play, frequency of play, toxic behavior)
to explain the dependent variable purchase behavior, we carried out
a multiple linear regression analysis. Checking the assumptions
of linearity, auto-correlation, and multi-collinearity, neither the
scatter plots, the Durbin-Watson statistic (DW = 1.80), nor the Vari-
ance Inflation Factors (VIFs < 1.09) seemed to be problematic [43].
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Accordingly, we assumed that our data appeared suitable for para-
metric linear regression analysis. The regression equation showed
a significant result (F(7;196) = 12.65;p > .001) that explained 29%
of the variance of purchase behavior. After applying the Bonferroni
correction, only the regression weights of age (f = .19,p = .024)
and toxic behavior (f = .49, p = .008) indicated a significant rela-
tionship with the dependent variable purchase behavior (all others
p > .240). Accordingly, we concluded that only age and toxic behav-
ior had an influence more frequently than random on the dependent
variable purchase behavior. The subsequent Table 1 summarizes our
results.

4 DISCUSSION

To answer our research question (What influence does toxic behav-
ior have on the purchasing behavior of players in the context of the
MOBA game, League of Legends?), in this study we tried to better
understand the relationship between toxic behavior and purchasing
behavior empirically. To this end, we executed a multiple linear
regression analysis. Key findings are:

e Out of all predictor variables toxic behavior was the most im-
portant predictor of players’ purchasing behavior indicating
a positive relationship.

e Out of the demographic and control variables only age was
significantly associated with players’ purchasing behavior
that indicated a positive relationship.

Below we discuss the findings of our work in progress study
in terms of potential Implications for Research (section 4.1) and
Practice (section 4.2) and illustrate ways how to deal with relevant
Limitations and Outlook (section 4.3).

4.1 Implications for Research

Our results contain several implications that add value to existing
HCI research. The most important of these is arguably that toxicity
(as a specific form of player engagement behavior in the game)
had a significantly positive impact on players’ purchasing behavior,
which is consistent with assumptions from previous HCI work [1],
but has not yet been empirically demonstrated. Quite the contrary,
our results suggest that engagement in toxic behavior positively
correlate with players’ purchasing behavior, which is the reverse
of what has been assumed so far implicitly [19] or explicitly [19]
in some of the scholarship on toxicity. However, the correlation
between self-reported toxicity and purchasing behavior warrants
further study, but it also prompts a reappraisal of the fundamental
assumptions we have regarding toxic behavior as a holistically neg-
ative phenomenon. In fact, developers may be financially interested
in putting up with toxic players, as they are a particularly valuable
customer group.

Possible explanations for the toxicity-purchasing correlation
could be, for example, the players’ emotional investment, which is
also expressed in the representation of toxic behavior in the game,
since invested players perceive the grind (i.e., winning games and
leveling up their account) as particularly important. Consequently,
they may react more sensitively to stressful situations and try to
counter the negative stress through toxicity. In addition, previous
studies have shown that invested players (measured by identifica-
tion with the game) had a disproportionately large positive effect
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Table 1: Regression analysis explaining purchase behavior

Variable B SE B T p
Constant 77 72 1.07 > .999
Age .29 .10 .19 2.99 = .024x%
Gender -33 .15 -13 -2.18 =.240
Education .05 13 12 1.97 =.408
Server .03 .04 .08 1.22 > .999
Experience of play .01 .02 .08 1.35 > .999
Frequency of play .11 .05 12 1.20 =.376
Toxic behavior .37 .05 49 7.93 =.008x%*

Note. B = unstandardized coefficient; SE = standard error; § = standardized coefficient; T = t-statistic; p = p-value; **p <.01, *p <.05.

on purchasing behavior [18]. Another possible explanation could be
that so-called emotes (e.g., symbols or animations to communicate
and represent a player’s current emotional state during a game),
which can be purchased to a large extent in the game’s store, may be
used in the context of toxicity, because they are considered toxic by
the community (e.g., the BORF emote to call another player a “dog”
or the TOWA emote to say that a move was questionable). Thus,
toxic behavior could be understood as a new form of consumer
behavior. This emotional investment by players could also explain
more purchases, but this is only one of many possible explanations.
In this context, recent studies that have looked at emotions in the
context of League of Legends (as a relevant context related to perfor-
mance within the eSports phenomenon) are interesting [6]. Finally,
there could be shared personality characteristics that impact both
toxicity and purchasing, such as deficient self-regulation, which
has been framed as a key driver of impulsive and unwanted behav-
iors in other multiplayer online games [31]. Future research should
consider these incentives, drivers, and explanations to increase our
understanding further.

In addition to the relationship between toxicity and purchasing,
we were able to show that age has a positive influence on pur-
chasing behavior, which is in line with previous empirical studies
[19]. The most logical explanation comes from consumer behav-
ior modeling, where increasing age after adulthood is associated
with increasing disposable income on the one hand and decreas-
ing budget constraints for consumer goods on the other. With this
empirical finding, we were able to show that age is also a relevant
economic driver in the context of League of Legends, and thus,
increase the external validity of previous work in neighboring con-
texts [8]. In other words, as the player base grows older, the average
purchasing power per player and their willingness to make pur-
chases increases. From the perspective of research related to the age
of players, we recommend (due to the relevance of age shown in
our study) that future work use theoretical frameworks that allow
for a theory-driven distinction between different age groups, such
as generational cohorts [21, 44] and take a closer look at them in
terms of their purchasing behavior.

4.2 Implications for Practice

Our findings also have some practical implications, which we will
briefly discuss below. For example, we were able to show empir-
ically for the first time that toxicity has a positive influence on
players’ purchasing behavior. This empirical finding is one possi-
ble explanation as to why the industry’s attempts to curb toxicity
have been rather hesitant in some areas. For example, Riot Games
(the game developer of League of Legends) still (predominantly)
relies on subjective reporting features (e.g., sometimes also as a
tool to threaten players during gameplay) and heuristic tools of
player behavior (e.g., AFK bans, regardless of whether the player is
responsible or their ISP) to reduce in-game toxicity. Our empirical
results are one possible explanation for this hesitant behavior.

This is reinforced by the fact that the industry still propagates
a rather monocausal understanding of toxicity and does not take
into account the different roles (e.g. perpetrator, victim, bystander)
and their considerable overlap. However, there is already research
on this in the context of HCI [23]. A consistent prosecution of toxic
offenders would therefore lead to the exclusion of a significant
part of the player population in the medium term, which would be
associated with substantial financial losses.

Our findings with regard to the age of players can also be seen as
an indication that a more individualized approach (human-centered
computing) to game design is needed to protect young players
from questionable in-game purchasing behavior. According to the
information available to us, this is not currently the case and could
be given greater consideration in the future. This is in line with
previous research that has already shown cultural and national
differences in the process of toxicity occurrence [20, 25].

Furthermore, the empirical insight of the positive correlation be-
tween stress experienced in the game and sequential sleep problems
indicates that it could be useful for gaming companies to provide
players with ways to better deal with the stress experienced in the
game. For example, through findings related to coping with toxic-
ity [2, 50, 51] and the field of exergaming [9, 16, 17], the researchers
and companies can design intervention techniques to reduce stress
for better sleep. To this end, players could be nudged with relevant
incentives (such as special skins) at the end of their (ranked) gaming
sessions.
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4.3 Limitations and Outlook

As with any empirical study, this study is not without limitations
that should be taken into account when interpreting the results.
In the following, we will address some of these limitations and
suggest ways in which they can be adequately addressed in future
research. First, we only examined League of Legends players in our
study. Therefore, our main finding that toxicity increases purchases
can only be made in relation to League of Legends, and future
research is needed to determine whether these findings can be
generalized to other MOBA games and game genres. A first step
could be to examine the extent to which our findings also apply to
the neighboring MOBA game DOTA 2 that describes a substantial
part of toxicity research to date [33, 38] and other multiplayer
contexts [15, 32, 36, 46]. In addition, there are various aspects to
consider in connection with our data. For example, we collected self-
reports from players about MTurk as part of the study. In addition,
future work may attempt to collect behavioral data in the field
and compare it to our results. We also collected our data cross-
sectionally for feasibility reasons. In response, future studies can
conduct experiments (in the field) and identify evidence of causal
relationships. Third, it seems important to interpret our results in
light of the time at which the players completed our study (as active
players). Thus, we do not see our results as primarily contradictory
to commonly held assumptions, such as that toxicity deters new
players or drives away existing players, but rather complementary,
as we were able to show that toxicity also has an economic benefit
for companies during the active player career (in contrast to the time
windows before and after). In response, we recommend longitudinal
studies (ideally over several decades) for future research.

5 CONCLUSION

The results of our study show that the discussion about toxicity
and its consequences for game studios and their player base is
currently still fuzzy and may be more complex than previously
thought. While toxicity (undoubtedly) has a negative impact on
players’ immediate gaming experience and well-being, our study
provides the first empirical evidence that toxic players may be a
disproportionately profitable consumer group. Our findings raise
the question of whether it may be capitalism that is preventing
parts of the industry from fully reducing and effectively moderating
toxicity. These novel findings suggest a line of thought that should
be critically reflected upon in future research and industry reports.
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