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Abstract 
The rising popularity of professional team esports 

has brought along an unwelcome increase in toxic 

behavior during live esports streams. To better 

understand the dynamics of toxic behavior, we 

collected a survey sample of League of Legends (LoL) 

Esports audience (n = 430) members and delved into 

the influence of Big Five and Dark Triad personality 

traits, game identification, team identification, as well 

as demographics on toxic behavior. Employing the 

fuzzy set qualitative comparative analysis (fsQCA) 

and partial least squares structural equation modeling 

(PLS-SEM), we found that conscientiousness, 

openness to experience, neuroticism, psychopathy, 

game identification, and gender were significant 

predictors of toxic behavior. The fsQCA results 

highlighted that both high or low levels of toxic 

behavior would arise from a composite mix of 

variables rather than a single determinant. This study 

emphasizes the intricate interconnections between 

various toxic behavior influencers and provides new 

insights into the complexity of toxic behavior.   

 

Keywords: esports, toxicity, personality traits, 

identification, demographics. 

1. Introduction  

Esports, the competitive landscape of video 

gaming, has seen exponential growth over the past 

decade, and much of its rise can be attributed to the 

influence of professional team esports, which is 

analogous to traditional sports leagues in that it has 

structured tournaments, sponsorships, and a dedicated 

fanbase (Hamari & Sjöblom, 2017).  As one example, 

League of Legends (LoL), developed by Riot Games, 

premiered in 2009 and quickly became a cornerstone 

of the esports industry. Its annual World 

Championship garners millions of viewers worldwide, 

making it one of the most watched esports events. 

Much like professional sports, professional esports 

captivates spectators with a compelling blend of 

passion, competition, loyalty, and community (Seo, 

2016; Sjöblom et al., 2020). However, esports diverge 

from sports in that the majority of spectating activities 

occur online, specifically on social live streaming 

(SLS) platforms, such as Twitch and YouTube (Qian 

et al., 2020; Wang & Fan, 2022). While these 

platforms substantially promote virtual interaction, the 

anonymity, lack of restraint, and minimal regulation 

inherent in the SLS environment have also given rise 

to toxic behavior among esports spectators (Irwin et 

al., 2023; Qian & Seifried, 2023). Toxic behavior 

manifests in forms such as trolling, flaming, and 

blatant harassment, directed at players, coaches, 

casters, and fellow online viewers, all of which can 

negatively affect the spectating experience and cause 

rifts within the esports community (Cook et al., 2023; 

Kordyaka et al., 2020; Qian et al., 2022; Shen et al., 

2020). 

 Given the severity and potential repercussions of 

toxic behavior in professional team esports, it is 

imperative to understand the factors that contribute to 

esports spectators’ antisocial behaviors. Previous 

research has examined what causes toxic behavior 

among esports players (Tang et al., 2019; Shen et al., 

2020; Shulze et al., 2023). However, there is a dearth 

of literature understanding the factors that contribute 

to toxic behavior among the audience, especially 

individual factors such as personality traits, 

identification, and demographics (Qian et al., 2023). 

Two broad categories of personality traits that may be 

particularly relevant are the Big Five (Big5) and the 
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Dark Triad (Dark3) personality traits as they have 

been shown to affect a wide range of behaviors, both 

online and offline (Chang et al., 2019; Hossain, 

Quaddus, Warren, et al., 2022; Zhuang et al., 2022). 

Adding to this, the unique identities of esports 

spectators add another layer of complexity to toxic 

behavior. Individuals may form an affiliation with a 

specific esports game (game ID) and a certain esports 

team (team ID). This phenomenon can be linked to the 

emergence of out-group hostility among esports 

spectators (Qian et al., 2023). Furthermore, the 

examination of demographic variables could offer 

insightful perspectives (March et al., 2023; Yu et al., 

2022). Factors such as gender and age, could 

potentially sway the experiences and actions of esports 

spectators, thereby enhancing our comprehension of 

their toxic behavior propensity.  

In light of these considerations, this study sets out 

to investigate the role of personality traits (Big5 and 

Dark3), esports fan identification (game ID and team 

ID), and demographic variables (age and gender), in 

explaining toxic behavior in professional team esports. 

This exploration would help illuminate the ways in 

which individual differences among spectators may 

contribute to toxic behavior. We also utilize fuzzy set 

qualitative comparative analysis (fsQCA) as a 

complementary tool alongside partial least squares 

structural equation modeling (PLS-SEM) to explore 

the complex relationship between toxic behavior (both 

high and low) and its predictors. Given the 

multifaceted nature of toxic behavior, it is likely that a 

combination of different antecedents, rather than a 

single factor, contributes to its occurrence. This 

approach provides a way to identify these 

combinations and could potentially uncover novel 

insights about the dynamics of toxic behavior.  

2. Background 

2.1. Toxic behavior and personality traits 

Prior research has indicated that toxic behavior—

spanning cyberbullying, grieving, trolling, and 

flaming—poses a significant challenge to the esports 

community (Kordyaka et al., 2020). Qian et al. (2023) 

defined this toxicity in professional esports as harmful 

actions targeting teams, players, and fans online. The 

increasing acceptance of such behavior and fans’ 

oversight of its repercussions threaten esports’ 

sustainability and credibility (Freitas et al., 2021).  

Studies across various fields such as hospitality 

management, social media usage, and sport marketing, 

have extensively explored how personality traits 

influence human actions (Chang et al., 2019; Chuah et 

al., 2022; Xiao & Mou, 2019). The two theoretical 

frameworks often employed in these studies are the 

Big Five (Big5) and Dark Triad (Dark3) personality 

traits (Goldberg, 1990; Paulhus & Williams, 2002). 

These models have been increasingly used in research 

to elucidate aberrant online behaviors, like 

cyberbullying (Hossain, Quaddus, Warren, et al., 

2022). The Big5 is widely recognized for its 

comprehensiveness and ubiquity, serving as a 

prevalent framework in personality research to 

understand how individual differences influence 

human behaviors (Hossain, Quaddus, Warren, et al., 

2022; March et al., 2023; Xiao & Mou, 2019). 

Simultaneously, there is a growing interest in using the 

Dark3 to investigate antisocial online behaviors 

(Furian & March, 2023; Sparavec et al., 2022; Tang et 

al., 2022). While the Big5 possesses a wide spectrum 

of personality traits, the Dark3 provides a focused lens 

through which researchers can explore the darker 

aspects of the human psyche. Thus, these models, in 

their distinct capacities, offer meaningful frameworks 

for understanding esports spectator behaviors. The 

following sections briefly introduce the Big5 and 

Dark3 and further discusses their potential effects on 

toxic behavior. 

The Big5 encapsulates five key dimensions: 

extraversion, agreeableness, neuroticism, 

conscientiousness, and openness to experience. 

Extraversion, characterized by assertiveness and 

sociability (Goldberg, 1990), can be associated with 

toxic behavior. Extraverts may seek social status 

through negative online interactions due to outward-

facing energy (Hossain, Quaddus, Warren, et al., 

2022). Further, the more extraverted one is, the more 

likely they are to pursue interactions with online 

audiences. Contrarily, agreeableness, marked by 

kindness and cooperation (Goldberg, 1990), can act as 

a deterrent to toxic behavior. Agreeable individuals 

are less likely to engage in toxic behavior as they are 

more focused on helping others than increasing 

personal gain (March et al., 2023). Neuroticism, 

defined by emotional instability and insecurity 

(Goldberg, 1990), has been linked with online hostility 

as individuals high in neuroticism can overreact to 

seemingly complex situations, leading to excessive 

online negativity (Xiao & Mou, 2019). 

Conscientiousness, epitomized by organization and 

dependability (Goldberg, 1990), is often negatively 

associated with detrimental online behaviors. As 

conscientious individuals typically display careful 

behaviors and respect towards others, they are less 

likely to engage in toxic behavior (Buckels et al., 

2014). Finally, openness to experience (Goldberg, 

1990) can have a dual role. While an open, curious 

nature could lead to exploring aggressive online 

behaviors (Hossain, Quaddus, Warren, et al., 2022), 
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some studies suggest a negative correlation with 

online deviant behaviors (Mitsopoulou & Giovazolias, 

2015). 

Machiavellianism, narcissism, and psychopathy, 

the key components of the Dark3, are generally 

recognized as driving forces behind problematic 

online social behaviors (Buckels et al., 2014; Furian & 

March, 2023; March et al., 2023; Sparavec et al., 

2022). Machiavellianism, characterized by self-

interest and manipulation, is linked with 

cyberbullying, especially when perceived benefits are 

high and personal risks low (Paulhus & Williams, 

2002). Narcissism, defined by a grandiose self-view 

and desire for admiration, can trigger harmful online 

behaviors when the inflated self-image is threatened 

(Qian et al., 2023). Psychopathy, denoting lack of 

empathy and callousness (Paulhus & Williams, 2002), 

is a strong predictor of antisocial behaviors like 

cyberbullying due to the disregard for distress caused 

to others (Furian & March, 2023; March et al., 2023). 

These are further exacerbated by the online format 

through which esports is consumed, allowing fans to 

behave as if their actions have no consequence 

(Hayday et al., 2021). Canossa et al. (2021) suggested 

that the anonymity provided in this format allows for 

these toxic behaviors to be more normalized.    

Despite the significance of the Big5 and Dark3 in 

deciphering toxic behavior, there are discrepancies 

within the current literature regarding individual 

influences of the distinct personality traits. For 

example, Buckels et al. (2014) identified lower 

agreeableness and conscientiousness as key factors in 

increased trolling activities. Conversely, March et al. 

(2023) indicated that conscientiousness did not seem 

to influence trolling behavior and instead found that 

higher self-reported toxic behavior corresponded to 

higher psychopathy levels and lower agreeableness. 

These varying results underscore the subtle influence 

of personality traits in determining toxic behavior 

propensity, thereby signaling the need for further 

research.  

2.2. Esports fan identification, demographic 

variables, and toxic behavior 

The diverse identities of esports spectators, who 

associate with games and teams in the professional 

team esports context, underscore the importance of 

understanding identification. Game communities are 

distinct social entities with attractive and meaningful 

identities, allowing individuals to shape their self-

identity by affiliating themselves with particular 

gaming groups (Badrinarayanan et al., 2015; Tajfel & 

Turner, 1985; Tang et al., 2020). Similarly, esports fan 

identification can also expand to esports teams, 

resulting in a range of behaviors contingent on team 

performance. Past research has suggested that elevated 

levels of identification may prompt positive behaviors, 

however, any perceived threats to such identification 

could provoke adverse reactions, unveiling the two-

sided nature of identification (Larkin & Fink, 2016, 

2019; Wakefield & Wann, 2006). As such, examining 

fans’ relationships with esports games and teams is 

conducive to an improved understanding of toxic 

behavior.  

Previous studies also underscore the role of 

demographic factors in modulating negative behaviors 

(Chang et al., 2023; Furian & March, 2023; Hossain, 

Quaddus, Warren, et al., 2022; Mitsopoulou & 

Giovazolias, 2015). One such element is gender, 

although its effect demonstrates varied outcomes 

(Furian & March, 2023; Hossain, Quaddus, Warren, et 

al., 2022; Qian et al., 2022). Some research indicates a 

more prevalent tendency toward problematic online 

conduct among men (Furian & March, 2023), while 

other studies, like Hossain, Quaddus, Warren, et al., 

(2022), suggest a complex gender dynamic in 

cyberbullying. Age is another factor, with younger (< 

25) individuals reportedly more inclined to engage in 

antisocial behaviors (Hossain, Quaddus, Warren, et 

al., 2022). Nonetheless, despite these insights, the 

impact of these demographic variables is not 

consistently reported across various studies, 

accentuating their complex influences and 

emphasizing the need for an encompassing approach 

rather than concentrating solely on discrete effects. 

2.3. Symmetric and asymmetric modeling 

Prior investigations have generally assumed that 

the relationships between online negative behaviors 

and their antecedents are linear and symmetrical 

(Chang et al., 2023; Furian & March, 2023; March et 

al., 2023; Tang et al., 2020, 2022). However, recent 

work suggests that the process of online antisocial 

behaviors is much more intricate (Hossain, Quaddus, 

Warren, et al., 2022; Qian et al., 2023; Shen et al., 

2020). It could be contended that toxic behavior 

cannot be entirely accounted for by a singular variable; 

rather, it is likely a product of the interplay of multiple 

contributing factors. 

In this study, we embrace both symmetric and 

asymmetric techniques by easing the uniformity 

assumption inherent in conventional statistical 

methodologies like PLS-SEM (Rasoolimanesh et al., 

2021). This allows us to uncover possible variable 

configurations that contribute to both high and low 

levels of toxic behavior, a phenomenon referred to as 

“equifinality” in the context of fsQCA (Ragin, 2008).  
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Hence, our study goes beyond merely evaluating 

the net effects of the proposed suggested variables 

using traditional quantitative approaches. By 

employing fsQCA, we aim to discern the 

configurations of conditions that lead to the presence 

or absence of toxic behavior. This set-theoretic 

method allows us to identify multiple pathways and 

combinations of variables that can potentially instigate 

or mitigate toxic behavior. Through this nuanced 

analytical approach, we shed new light on this critical 

phenomenon, emphasizing its configurational nature 

and the interplay of different conditions. With this in 

mind, our study is directed towards answering the 

subsequent two research questions (RQs): 

RQ1: How do personality characteristics, esports 

fan identification, and demographic variables affect 

toxic behavior? 

RQ2: What configurations of personality traits, 

esports fan identification, and demographic variables 

contribute to both high and low levels of toxic 

behavior? 

3. Methods 

3.1. Procedure 

Our research was conducted in the context of the 

LoL Esports, the professional esports program of LoL. 

Specifically, we focused on the Chinese LoL Pro 

League (LPL), targeting spectators who had watched 

the live streams of the LPL 2022 Summer 

competitions. LPL is a testament to LoL massive 

following in China, with millions avidly tuning in for 

matches. This vast online viewership, combined with 

enthusiastic arena attendances and a vibrant fan 

culture, positions the LPL among the world’s leading 

esports leagues. We developed an online survey and 

disseminated it in the last week of October 2022 

through Wenjuanxing (www.wjx.cn), a leading 

Chinese platform for experience management, widely 

used by researchers and professionals to acquire a 

representative sample and gain valuable insights from 

a designated target population (Qian et al., 2023). To 

incentivize participation, we offered monetary 

rewards (10 RMB/$1.43 USD) for every valid 

response. Considering that the LPL was broadcasted 

in China and was in the Chinese language, the survey 

was originally developed in English and then back 

translated into Chinese. 

3.2. Participants 

A total of 761 participants took part in the survey. 

After removing responses due to non-qualification 

(e.g., lack of game watching, no specific team 

following) or invalidity (e.g., straight-lining answers, 

responses completed within half a minute), we were 

left with 430 valid responses, exceeding the minimum 

sample size requirement suggested by Hair et al. 

(2017). The demographic breakdown of our study 

participants revealed a split of 27.5% identified as 

female and 72.5% as male, the majority (77.8%) fell 

within the 20 to 40 age range, and a significant 

proportion reported having been following LPL 

(95.6%) for over a year. 

3.3. Materials 

To measure Big5 personality traits (e.g., I am 

outgoing and sociable), we used the adapted scales by 

Chang et al. (2019). Dark3 personality traits (e.g., I 

like to use clever manipulation to get my way) were 

measured using the scales developed by Jones and 

Paulhus (2014). Game ID (e.g., the successes of LoL 

are my successes) and Team ID (e.g., Being a fan of 

<team’s name> is important to me) were measured 

using scales from Badrinarayanan et al. (2015) and 

Qian et al. (2023), respectively. Furthermore, we 

adapted the scale from Qian et al. (2023) to assess 

toxic behavior in professional esports (e.g., I verbally 

attack teams or players when I see them screwing up). 

We opted for the toxic behavior scale from Qian et al. 

(2023) over Kordyaka et al.’s (2019) version because 

while the latter was crafted for measuring toxic 

behavior in video game players, Qian et al.’s scale is 

attuned to the nuances of professional esports, 

capturing toxic behavior towards teams, players, and 

viewers of online competitions. Big5, Dark3, game ID, 

and team ID were measured reflectively using a 7-

point scale, from strongly disagree to strongly agree. 

toxic behavior was evaluated formatively using a 5-

point scale, ranging from never to always.  

Several procedural steps were adopted in our 

online survey to mitigate common method bias 

(CMB). These included ensuring respondent 

anonymity and clarifying the subjectivity of survey 

responses (Hulland et al., 2018). Participants were also 

informed of their right to withdraw at any point. 

Additionally, variance inflation factor (VIF) scores for 

all examined constructs were found to be below 3, 

suggesting a minimal presence of CMB (Kock, 2015).  

4. Data analysis and results 

4.1. PLS-SEM analysis and results 

SmartPLS 4 (Ringle et al., 2022) was 

implemented to estimate the PLS path model, with a 

Page 4456



two-step approach in line with the guidelines by Hair 

et al. (2017). For the formative measurement model, 

we examined its validity through a review of 

multicollinearity (i.e., VIF < 3), along with an analysis 

of the significance and relevance of the indicator 

weights and loadings (Hair et al., 2017). With respect 

to the reflective measurement model, the average 

variance extracted (AVE) ranged between .51 to .86, 

and the construct reliability (CR) ranged from .72 

to .93, indicating good convergent validity (Hair et al., 

2017). To assess discriminant validity, we employed 

the heterotrait-monotrait ratio of correlations (HTMT) 

analysis. The results demonstrated that the HTMT 

values ranged between .02 and .77, less than the 

critical threshold of .85. The collective evidence 

revealed that both the constructs and the items 

demonstrated good measurement properties (Table 1 

and 2).  

 
Table 1. Key properties of the measurement 
model 

Construct CR AVE VIF 

Agreeableness .82 .69 1.31 

Extraversion .88 .79 1.78 

Neuroticism .93 .86 1.52 

Openness to 
experience 

.87 .78 1.45 

Conscientiousness .72 .57 1.37 

Machiavellianism .84 .57 1.66 

Narcissism .83 .51 1.43 

Psychopathy .84 .57 1.74 

Game ID .83 .62 1.29 

Team ID .85 .66 1.28 

Toxic behavior   1.45 

 

The assessment of the structural model began 

with the examination of the R2 values for toxic 

behavior, which demonstrated moderate with a value 

of .35 (Hair et al., 2017). Next, we evaluated the direct 

effects of the proposed antecedents (Table 2). Among 

the Big5 personality traits, conscientiousness (β = 

-.17; p = .20) and openness to experience (β = -.12; p 

= .20) were found to negatively correlate with toxic 

behavior, while neuroticism showed a positive 

relationship (β = .12; p = .04). As to the Dark3, only 

psychopathy was significantly associated with toxic 

behavior, showing a positive influence (β = .37; p 

< .01). When considering fan identification, game ID 

was the only factor showing a significant positive 

relationship with toxic behavior (β = .12; p = .05). 

Lastly, gender displayed a significant, positive 

influence on toxic behavior (β = .35; p < .01), 

indicating a higher likelihood of men participating in 

toxic behavior. 

 
Table 2. Structural model results 

Path β t-value 

AG -> Toxic behavior .01ns .32 

AGE -> Toxic behavior .03ns .78 

CST -> Toxic behavior -.17* 2.41 

EX -> Toxic behavior .03ns .90 

GENDER -> Toxic 
behavior 

.35** 3.95 

GID -> Toxic behavior .12* 1.94 

MA -> Toxic behavior .08ns 1.60 

NA -> Toxic behavior .08ns 1.17 

NE -> Toxic behavior .12* 2.08 

OPS -> Toxic behavior -.12* 2.41 

PS -> Toxic behavior .37* 4.70 

TID -> Toxic behavior 0ns .09 

Note: *p < .05, **p < .01, ns = Not significant. 

4.2. fsQCA analysis and results 

We employed fsQCA 3.0 to ascertain 

configurations that resulted in toxic behavior. Unlike 

PLS-SEM, fsQCA presumes an asymmetry between 

variables, we transformed latent variable scores into 

fuzzy sets and established case set membership by 

following Hossain, Quaddus, Hossain, and 

Gopakumar (2022) and Rasoolimanesh et al.’s (2021) 

procedures. These standardized scores were calibrated 

between -3 (full non-membership) and 3 (full 

membership), with 0 marking the crossover point. For 

age calibration, we adopted the grouping proposed by 

Zhang et al. (2020), where values 3, 1, and 2 

respectively indicated full membership (adults above 

40 years old), non-membership (adults under 25 years 

old), and intermediate membership (adults between 25 

and 40 years old). For gender, calibration was not 

required since 1 and 0 was for male and female, 

respectively.  

With the calibrated data, we performed an 

analysis of the necessary conditions for both high and 

low levels of toxic behavior. A condition is deemed 

necessary when its consistency and coverage values 

are .80 or higher (Hossain, Quaddus, Hossain, & 

Gopakumar, 2022). Following this, we created a truth 

table to analyze the sufficient conditions, aiming to 

uncover possible condition combinations predicting 

toxic behavior (Olya et al., 2023; Pappas & Woodside, 

2021). Any combinations with a PRI consistency 

below .75 were assigned an outcome of 0 in the truth 

table, ensuring configurations demonstrating 

sufficiency maintained an acceptable level of quality 

(Hossain, Quaddus, Hossain, & Gopakumar, 2022). 

Furthermore, we excluded from the truth table any 

Page 4457



alternative solutions with fewer than two cases 

(Pappas & Woodside, 2021; Ragin, 2008). The 

necessary condition test identified the following as 

necessary for a high toxic behavior score: low 

conscientiousness (coverage = .80; consistency = .82), 

high Machiavellianism (coverage = .80; consistency 

= .83), high neuroticism (coverage = .80; consistency 

= .81), and high psychopathy (coverage = .84; 

consistency = .84). Conversely, high 

conscientiousness (coverage = .82; consistency = .81), 

low Machiavellianism (coverage = .83; consistency 

= .81), low neuroticism (coverage = .81; consistency 

= .80), and low psychopathy (coverage = .85; 

consistency = .85) were necessary conditions for a low 

toxic behavior score. Table 3 reveals the outcomes 

from the sufficient condition test, illustrating the 

configurations that led to both high (S1 and S2) and 

low (S3 and S4) toxic behavior levels. A condition 

within a solution may be present, negated, or hold no 

influence. 

 
Table 3. The diagrammatic representation of the 
configurational solutions for high and low toxic 
behavior 

Conditions 

Configuration 
solutions  
(high toxic 
behavior) 

Configuration 
solutions  
(low toxic 
behavior) 

 S1 S2 S3 S4 

Agreeableness ⊗ ⊗ ●  

Extraversion ⊗ ● ● ● 

Neuroticism ⊗ ⊗ ⊗ ⊗ 

Conscientiousness ⊗ ● ★ ★ 

Openness to 
experience 

● ● ● ● 

Machiavellianism ★ ★ ⊗ ⊗ 

Narcissism ● ● ● ⊗ 

Psychopathy ★ ★ ⊗ ⊗ 

Game ID ⊗ ●  ● 

Team ID ⊗ ⊗  ● 

Gender ● ● ● ● 

Age ⊗ ● ● ● 

Raw coverage .26 .24 .27 .24 

Unique coverage .09 .07 .05 .02 

Consistency .99 .99 .95 .97 

Solution coverage .33 .30 

Solution 
consistency 

.99 .95 

Note: ● High level of a condition; ⊗ Low level of a 

condition; ★ Necessary condition (high level); Blank, 

do not care; Letter S stands for Solution. 

5. Discussion  

This study aimed to bridge the current knowledge 

gaps in our understanding of the factors contributing 

to toxic behavior within the realm of professional team 

esports. Additionally, it sought to address the 

methodological constraints present in existing 

research. In light of these objectives, we formulated 

two specific research questions. In addressing RQ1, 

we found that several factors including 

conscientiousness, openness to experience, 

neuroticism, psychopathy, game identification, and 

gender significantly influenced toxic behavior. For the 

Big5, our study revealed negative relationships 

between both conscientiousness and toxic behavior, 

and openness to experience and toxic behavior. 

Conversely, neuroticism was found to have a positive 

association with toxic behavior. These results largely 

resonated with prior studies, indicating that these 

personality traits could either encourage or dissuade 

engagement in toxic behavior (Buckels et al., 2014; 

Mitsopoulou & Giovazolias, 2015). Among the Dark3 

personality traits, only psychopathy was found to have 

a significant impact on toxic behavior, a finding 

consistent with earlier research (Furian & March, 

2023; March et al., 2023). We also found a positive 

correlation between game ID and toxic behavior, 

furthering previous research which mainly focused on 

the positive effects of identifying as a fan or gamer 

(Badrinarayanan et al., 2015; Qian et al., 2023). 

Lastly, we lent support to earlier research findings that 

males were more likely to engage in online antisocial 

behaviors (Hossain, Quaddus, Warren, et al., 2022; 

Furian & March, 2023). 

With respect to RQ2, our study underscored that 

although factors such as low conscientiousness, high 

Machiavellianism, high neuroticism scores, and high 

psychopathy were individually necessary (which 

supported the PLS-SEM results), none of these on 

their own would be enough to predict high toxic 

behavior. Instead, a more comprehensive 

understanding of toxic behavior could be achieved 

through more than one specific arrangement of 

conditions (Pappas & Woodside, 2021; Woodside, 

2014). Specifically, we identified two distinct 
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solutions predicting high toxic behavior levels. S1 

suggested that young males with high levels of 

Machiavellianism and psychopathy (necessary 

conditions) were more prone to toxic behavior, 

particularly if they exhibited low identification with 

the esports game and team, and scored low in other 

personality traits, with the exception of openness to 

experience and narcissism. On the other hand, S2 

predicted a higher likelihood of toxic behavior among 

older males who strongly identified with the game and 

possessed high levels of Machiavellianism and 

psychopathy (necessary conditions). This group was 

also likely to be extraverted, conscientious, and open 

to new experiences, coupled with high narcissism. 

However, they tended to show a low sense of team 

identification. Additionally, we identified two 

solutions that forecasted low levels of toxic behavior. 

S3 indicated that older males with high agreeableness, 

extraversion, and conscientiousness (necessary 

condition), coupled with low levels of neuroticism and 

Machiavellianism, were less likely to engage in toxic 

behavior. These individuals also showed high 

openness to experience and narcissism, along with low 

psychopathy. Interestingly, this group did not display 

any significant identification with either the esports 

game or team. In comparison, S4 projected a lower 

likelihood of toxic behavior among older males, who 

demonstrated high extraversion, conscientiousness 

(necessary condition), and openness to experience, 

alongside low neuroticism, Machiavellianism, 

narcissism, and psychopathy. This group also showed 

strong identification with the game and team. 

5.1. Theoretical implications 

Our study is perhaps one of the initial attempts to 

combine PLS-SEM and fsQCA as an analytical 

approach to provide a more nuanced understanding of 

the complexities of toxic behavior, offering a more 

comprehensive picture of the dynamics at play. There 

are three primary theoretical implications.  

First, in contrast to the bulk of studies on toxic 

behavior that assume that a symmetrical relationship 

between toxic behavior and its antecedents, this 

research acknowledges the complex and asymmetrical 

nature of these relationships. Second, by integrating 

two personality trait perspectives (the Big5 and the 

Dark3) with demographic data, this study offers a 

more detailed and comprehensive theoretical 

explanation for toxic behavior. We illuminate the 

heterogeneity of conditions leading to both high and 

low toxic behavior and their asymmetric relationships 

in predicting them. Take Machiavellianism as an 

example, although it was not a significant predictor of 

toxic behavior per the PLS-SEM analysis, it emerged 

as a necessary and sufficient condition for toxic 

behavior according to fsQCA results. Finally, the 

study provides a configuration theory of toxic 

behavior, arguing that an array of combined conditions 

explains the phenomenon of toxic behavior more 

effectively than a single condition. This finding sheds 

light on why existing knowledge about the influence 

of personality traits and demographics on toxic 

behavior has been inconclusive. For example, traits 

such as high openness to experience and low 

neuroticism were found in all four solutions for both 

high and low toxic behavior. However, these traits 

were connected to unique sets of other personality 

traits, ultimately shaping their influence on toxic 

behavior. This clarifies the mixed and inconsistent 

findings in the literature, supporting our argument that 

conditions do not operate in isolation but work 

collectively (Hossain, Quaddus, Warren, et al., 2022; 

Mitsopoulou & Giovazolias, 2015). As such, we offer 

insights into how individual variables would interact 

and encourage researchers to reevaluate their models 

to determine whether a configurational model could 

provide a more accurate explanation of their research 

problems and contexts. 

5.2. Empirical implications 

Our research also carries significant implications 

for professional team esports stakeholders that are 

keen in fostering a more positive and respectful 

environment and formulating strategies and policies 

aimed at curbing toxic behavior. Likewise, we provide 

three principal empirical implications.  

First, we found that personality traits play a 

pivotal role in eliciting toxic behavior. Specifically, 

esports fans to who engage in toxic behavior must 

have psychopathic tendencies with high 

Machiavellianism (necessary conditions). Therefore, 

when creating programs to mitigate toxic behavior, it 

is crucial to focus on fans exhibiting these specific 

personality profiles. Esports team and league 

managers as well as SLS platform administrators 

could employ techniques like self-assessment surveys 

or chat analyses to gauge fans’ personalities. They 

may also provide personalized supportive programs 

based on personality profiles. This approach can 

effectively educate esports fans about the detrimental 

consequences of toxic behavior. Second, it is 

suggested that not all spectators indulging in toxic 

behavior should be viewed as equal, as they possess 

diverse personality traits and demographic profiles. 

These findings could be instrumental to various 

stakeholders, including SLS platform administrators, 

legal entities, and social psychologists, to develop 

profiles of potential perpetrators, aiding in the 
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prediction of possible offenders. Finally, our results 

also offer guidelines to not only understand conditions 

resulting in high toxic behavior levels but to also 

identify individuals who are less likely to engage in 

toxic behavior. For instance, fans with low levels of 

neuroticism, Machiavellianism, and psychopathy are 

less likely to indulge in toxic behavior. These insights 

can be vital in the development of automated warning 

systems and more tailored rules against toxic behavior, 

such as determining when to apply temporary 

suspension versus permanent ban (Hossain, Quaddus, 

Warren, et al., 2022). In line with our findings, team 

ID emerged as a possible factor for mitigating toxic 

behavior. This suggests that practitioners could 

effectively reduce toxic behavior by integrating team 

ID elements into regulation mechanisms. For instance, 

during live streams, positive reinforcement can be 

rewarded through methods like highlighting fans who 

display strong team ID in a positive manner, such as 

cheering for their team, promoting their team in chat 

forums, or even creating supportive fan content (for 

instance, “Fan of the Match”). Furthermore, it would 

be beneficial to prime fans with positively framed 

messages over negative ones. This could involve 

tactics like pre-game messages stressing the 

importance of sportsmanship and fair play, positively 

themed discussions, or showcasing success stories of 

good behavior stemming from fans with strong team 

ID. This method could also be extended to social 

media platforms, where esports teams could promote 

positive messages emphasizing the values of respect, 

camaraderie, and competitive spirit.  

5.3. Limitations and future research 

While our study contributes valuable insights into 

toxic behavior within professional team esports, we 

acknowledge a few limitations. First, our analysis was 

based on self-reported data, which, despite being 

considered a valid and reliable approach, might still 

present inherent bias. Second, our data was collected 

from Chinese esports fans, thereby suggesting limited 

generalizability. Future research should consider 

several directions. For one, conducting cross-cultural 

comparisons to create robust configurations of 

personality traits affecting toxic behavior across 

varying cultural contexts would be valuable. 

Interviews with individuals who participate in toxic 

behavior could also provide additional insights into the 

underlying reasons and motivations. While the present 

sample was more than 75% male, the finding that 

gender was positively related to toxic behavior falls in 

line with prior research. Considering females are less 

likely to play esports due to a lack of social support 

and increased negative comments from their male 

counterparts (Canossa et al., 2021; Hossain, Quaddus, 

Warren, et al., 2022), further research is needed to 

examine the interplay with gender and toxic behavior. 

Further research could also consider integrating other 

influencing factors such as team performance into 

analysis. Future research could also explore the impact 

of toxic behavior on the viewing experience, 

depending on the extent of toxic behavior experienced 

in SLS. Finally, given the dynamic nature of toxic 

behavior and personality traits, future studies should 

aim for longitudinal data collection to capture this 

temporal variation, thus providing a more thorough 

understanding of toxic behavior in esports. 

6. Reference  

Adinolf, S., & Turkay, S. (2018, October). Toxic behaviors 

in Esports games: player perceptions and coping 

strategies. In Proceedings of the 2018 Annual 

Symposium on computer-human interaction in play 

companion extended abstracts (pp. 365-372).  

Badrinarayanan, V. A., Sierra, J. J., & Martin, K. M. (2015). 

A dual identification framework of online multiplayer 

video games: The case of massively multiplayer online 

role playing games (MMORPGs). Journal of Business 

Research, 68(5), 1045-1052.  

Buckels, E. E., Trapnell, P. D., & Paulhus, D. L. (2014). 

Trolls just want to have fun. Personality and 

Individual Differences, 67, 97-102.  

Canossa, A., Salimov, D., Azadvar, A., Harteveld, C., & 

Yannakakis, G. (2021). For honor, for toxicity: 

Detecting toxic behavior through gameplay. 

Proceedings of the ACM on Human-Computer 

Interaction, 5(CHI PLAY), 1-29.  

Chang, K., Uhm, J.-P., Kim, S., & Lee, H.-W. (2023). 

Paradoxical relationship between esports toxicity and 

toxicity tolerance: Moderated mediation by gender and 

positive reappraisal coping. International Journal of 

Sports Marketing and Sponsorship (ahead-of-print).  

Chang, Y., Ko, Y. J., & Jang, W. (2019). Personality 

determinants of consumption of premium seats in 

sports stadiums. International Journal of 

Contemporary Hospitality Management, 31(8), 3395-

3414.  

Chuah, S. H.-W., Jitanugoon, S., Puntha, P., & Aw, E. C.-X. 

(2022). You don’t have to tip the human waiters 

anymore, but… Unveiling factors that influence 

consumers’ willingness to pay a price premium for 

robotic restaurants. International Journal of 

Contemporary Hospitality Management (ahead-of-

print).  

Cook, C. L., Karhulahti, V. M., Harrison, G., & Bowman, 

N. D. (2023). Trolligans: Conceptual links between 

trolling and hooliganism in sports and esports. 

Communication & Sport, 21674795231153005. 

Freitas, B. D. A., Contreras-Espinosa, R. S., & Correia, P. 

A. P. (2021). A model of the threats that disreputable 

behavior present to esports sponsors. Contemporary 

Management Research, 17(1), 27–64.  

Page 4460



Furian, L., & March, E. (2023). Trolling, the Dark Tetrad, 

and the four-facet spectrum of narcissism. Personality 

and Individual Differences, 208, 112169.  

Goldberg, L. R. (1990). An alternative “description of 

personality”: The big-five factor structure. Journal of 

Personality and Social Psychology, 59(6), 1216–1229.  

Hair Jr, J. F., Sarstedt, M., Ringle, C. M., & Gudergan, S. P. 

(2017). Advanced issues in partial least squares 

structural equation modeling. Thousand Oaks: Sage. 

Hamari, J., & Sjöblom, M. (2017). What is eSports and 

why do people watch it? Internet Research, 27(2), 

211-232.  

Hayday, E. J., Collison, H., & Kohe, G. Z. (2021). 

Landscapes of tension, tribalism and toxicity: 

configuring a spatial politics of esport 

communities. Leisure Studies, 40(2), 139-153. 

Hossain, M. A., Quaddus, M., Hossain, M. M., & 

Gopakumar, G. (2022). Data-driven innovation 

development: An empirical analysis of the antecedents 

using PLS-SEM and fsQCA. Annals of Operations 

Research, 1-43.  

Hossain, M. A., Quaddus, M., Warren, M., Akter, S., & 

Pappas, I. (2022). Are you a cyberbully on social 

media? Exploring the personality traits using a fuzzy-

set configurational approach. International Journal of 

Information Management, 66, 102537.  

Hulland, J., Baumgartner, H., & Smith, K. M. (2018). 

Marketing survey research best practices: Evidence 

and recommendations from a review of JAMS articles. 

Journal of the Academy of Marketing Science, 46(1), 

92-108.  

Irwin, S. V., Naweed, A., & Lastella, M. (2023). 

Consuming esports and trash talking: How do social 

norms and moderating attributes influence behaviour? 

Sport in Society, 1-19.  

Jones, D. N., & Paulhus, D. L. (2014). Introducing the short 

dark triad (SD3) a brief measure of dark personality 

traits. Assessment, 21(1), 28-41.  

Kock, N. (2015). Common method bias in PLS-SEM: A 

full collinearity assessment approach. International 

Journal of e-Collaboration (IJeC), 11(4), 1-10.  

Kordyaka, B., Jahn, K., & Niehaves, B. (2020). Towards a 

unified theory of toxic behavior in video games. 

Internet Research, 30(4), 1081-1102.  

Larkin, B. A., & Fink, J. S. (2016). Fantasy sport, FoMO, 

and traditional fandom: How second-screen use of 

social media allows fans to accommodate multiple 

identities. Journal of Sport Management, 30(6), 643-

655.  

March, E., McDonald, L., & Forsyth, L. (2023). Personality 

and internet trolling: A validation study of a 

representative sample. Current Psychology, 1-4.  

Mitsopoulou, E., & Giovazolias, T. (2015). Personality 

traits, empathy and bullying behavior: A meta-analytic 

approach. Aggression and violent behavior, 21, 61-72.  

Olya, H., Kim, N., & Kim, M. J. (2023). Climate change 

and pro-sustainable behaviors: Application of nudge 

theory. Journal of Sustainable Tourism, 1-19.  

Pappas, I. O., & Woodside, A. G. (2021). Fuzzy-set 

qualitative comparative analysis (fsQCA): Guidelines 

for research practice in information systems and 

marketing. International Journal of Information 

Management, 58, 102310.  

Paulhus, D. L., & Williams, K. M. (2002). The dark triad of 

personality: Narcissism, Machiavellianism, and 

psychopathy. Journal of Research in Personality, 

36(6), 556-563.  

Qian, T. Y., Matz, R., Luo, L., & Xu, C. (2022). 

Gamification for value creation and viewer 

engagement in gamified livestreaming services: The 

moderating role of gender in esports. Journal of 

Business Research, 145, 482-494.  

Qian, T. Y., & Seifried, C. (2023). Virtual interactions and 

sports viewing on social live streaming platforms: The 

role of co-creation experiences, platform involvement, 

and follow status. Journal of Business Research, 162, 

113884. 

Qian, T. Y., Sonkeng, K., & Luo, L. (2023). Exploring the 

dark side of esports online spectatorship: Passion as a 

mediator and collective narcissism as a moderator. 

Communication & Sport, 21674795231164305.  

Qian, T. Y., Zhang, J. J., Wang, J. J., & Hulland, J. (2020). 

Beyond the game: Dimensions of esports online 

spectator demand. Communication & Sport, 8(6), 825-

851.  

Ragin, C. C. (2008). Redesigning social inquiry: Fuzzy sets 

and beyond. Chicago, IL: University of Chicago Press. 

Rasoolimanesh, S. M., Ringle, C. M., Sarstedt, M., & Olya, 

H. (2021). The combined use of symmetric and 

asymmetric approaches: Partial least squares-structural 

equation modeling and fuzzy-set qualitative 

comparative analysis. International Journal of 

Contemporary Hospitality Management, 33(5), 1571-

1592.  

Ringle, C. M., Wende, S., & Becker, J.-M. (2022). 

SmartPLS 4. Bönningstedt: SmartPLS. Retrieved from 

http://www.smartpls.com 

Seo, Y. (2016). Professionalized consumption and identity 

transformations in the field of eSports. Journal of 

Business Research, 69(1), 264-272.  

Shen, C., Sun, Q., Kim, T., Wolff, G., Ratan, R., & 

Williams, D. (2020). Viral vitriol: Predictors and 

contagion of online toxicity in World of Tanks. 

Computers in Human Behavior, 108, 106343.  

Shulze, J., Marquez, M., & Ruvalcaba, O.  (2023). The 

biopsychosocial factors that impact eSports players’ 

well-being: A systematic review. Journal of Global 

Sport Management, 8(2), 478-502. 

Sjöblom, M., Macey, J., & Hamari, J. (2020). Digital 

athletics in analogue stadiums: Comparing 

gratifications for engagement between live attendance 

and online esports spectating. Internet Research, 

30(3), 713-735.  

Sparavec, A., March, E., & Grieve, R. (2022). The dark 

triad, empathy, and motives to use social media. 

Personality and Individual Differences, 194, 111647.  

Tajfel, H., & Turner, J. (1985). The social identity theory of 

intergroup behavior. In S. Worchel & W. G. Austin 

(Eds.), Psychology of intergroup relation (pp. 7-24). 

Chicago: Hall Publishers. 

Tang, W. Y., Reer, F., & Quandt, T. (2020). Investigating 

sexual harassment in online video games: How 

Page 4461



personality and context factors are related to toxic 

sexual behaviors against fellow players. Aggressive 

Behavior, 46(1), 127-135.  

Tang, W. Y., Reer, F., & Quandt, T. (2022). The interplay of 

the Dark Triad and social media use motives to social 

media disorder. Personality and Individual 

Differences, 187, 111402.  

Wakefield, K. L., & Wann, D. L. (2006). An examination of 

dysfunctional sport fans: Method of classification and 

relationships with problem behaviors. Journal of 

Leisure Research, 38(2), 168-186. 

Wang, W., & Fan, J. (2022). Topic mining of real-time 

discussions: What catches the attention of live-

streaming esports viewers? European Sport 

Management Quarterly, 1-22. 

Woodside, A. G. (2014). Embrace•perform•model: 

Complexity theory, contrarian case analysis, and 

multiple realities. Journal of Business Research, 

67(12), 2495-2503.  

Xiao, L., & Mou, J. (2019). Social media fatigue-

Technological antecedents and the moderating roles of 

personality traits: The case of WeChat. Computers in 

Human Behavior, 101, 297-310.  

Yu, B., Brison, N. T., & Bennett, G. (2022). Why do 

women watch esports? A social role perspective on 

spectating motives and points of attachment. 

Computers in Human Behavior, 127, 107055.  

Zhang, L., Shao, Z., Li, X., & Feng, Y. (2020). 

Gamification and online impulse buying: The 

moderating effect of gender and age. International 

Journal of Information Management, 102267.  

Zhuang, W.-L., Wu, S.-C., Wang, L.-H., & Huan, T.-C. 

(2022). Exploring the relationship between the Dark 

Triad personality traits and voice behaviour of hotel 

employees with the moderating effect of intention to 

leave. International Journal of Hospitality 

Management, 107, 103294.  

Page 4462


