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Abstract

In this work, we analyze what effect streaming gameplay on Twitch has on players’
in-game behavior and performance. We hypothesized that streaming can act as a
form of implicit incentive to boost players’ performance and engagement. To test
this hypothesis, we continuously collected data about all Twitch streams related to a
popular Multiplayer Online Battle Arena (MOBA) game, League of Legends (LoL),
and data of all LoL matches played during the same time frame, and cross-mapped
the two data sets. We found that, counterintuitively, streaming significantly dete-
riorates players’ in-game performance: This may be due to the burden of carrying
out two cognitively intensive activities at the same time, namely, playing the game
and producing its commentary for streaming purposes. On the other hand,
streaming increases engagement keeping players in significantly longer game ses-
sions. We investigate these two effects further, to characterize how they vary upon
individual characteristics.
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Introduction

Game streaming platforms like Twitch play a pivotal role in the growing popularity
of esports, accounting for a huge cohort of players that daily broadcast their game-
plays live, attract viewers, and gather donations. They not only allow players to
share their content online but also constitute a possible source of engagement in the
game for both players and their audience.

On the one hand, many studies have focused on human engagement in streaming
platforms, as well as trying to understand the motivation that users have to stream
(Hilvert-Bruce, Neill, Sjoblom, & Hamari, 2018; Hu, Zhang, & Wang, 2017; Sj6-
blom & Hamari, 2017), and their behavioral patterns on such platforms (Hamilton,
Garretson, & Kerne, 2014; Lessel, Mauderer, Wolff, & Kriiger, 2017; Zhu, Yang, &
Dai, 2017). On the other hand, engagement and motivation has been analyzed from
the game perspective, by studying what are the characteristics of the game that drive
users to be more engaged, such as the game ranking systems (Kou, Gui, & Kow,
2016), team composition (Kou & Gui, 2014), and that retain them over an extended
period of time in online games (Park, Cha, Kwak, & Chen, 2017).

However, whenever a game is streamed, the user is actually engaging on two
different platforms: the streaming platform and the game platform. Thus, to better
understand what are the factors that affect players in both their engagement and
performance when streaming, we need to consider both the streaming and the game
platform and identify any change in their behavior that would lead to better perfor-
mance and engagement.

In the present work, we aim at shedding light on the effects that streaming has on
players’ performance and engagement by taking into account their behavior in
different conditions: streaming and nonstreaming. To this aim, we collect data about
players in a popular Multiplayer Online Battle Arena (MOBA) game: League of
Legends (LoL). Since its release in 2009, LoL has not only attracted the attention of
millions of users that regularly play on the platform but has also become one of the
most streamed online games on YouTube and Twitch.tv. Due to its popularity and
huge cohort of streamers, we focus on the study of players’ performance and engage-
ment in LoL and how they are affected by streaming on Twitch. Moreover, the
accessibility to both streamed data and in-game data allows us to compare how
streamers’ behaviors change when streaming and nonstreaming as well as to study
the differences between streamers and nonstreamers.

We are particularly interested in identifying the effects of streaming on perfor-
mance and engagement at different levels. First, we study the effect of streaming in
the long term, by comparing the level of engagement in LoL of streamers and
nonstreamers over the entire observation period. Second, we investigate if streaming
leads to longer engagement in the game in the short term, namely, during an indi-
vidual match and over the course of a session, that is, a sequence of matches played
consecutively without an extended break. We use an analogous analysis to study the
performance dynamics over time and corroborate previous results which show how
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performance deteriorates over game sessions. Here, we also try to disentangle dif-
ferent aspects that can influence players’ performance, for example, popularity and
skill level. Finally, we use a mixed effect model to test our hypothesis about stream-
ing impact on performance.

The article is organized as follows. In second section, we introduce the platforms
studied and explain our data collection process. In third section, we summarize the
methods used throughout the article to analyze the impact of streaming on players’
performance and engagement. In fourth section, we outline the results obtained in
our study and report the work relevant to our findings in fifth section. Finally, we
report our main findings and related conclusions in sixth section.

Data Collection and Preprocessing
Data Sources

LoL. LoL is a popular MOBA game developed and released by Riot Games in 2009.
LoL players collaborate with other four teammates or computer-controlled charac-
ters to defeat the opposing team. The final goal of the game is to conquer the
enemy’s base, also known as, nexus, a tower on the opposite side of a symmetrical
map which is protected by several defensive structures. Each player in the team is
assigned with a specific role and thus impersonates a character, that is, champion,
whose characteristics and special powers change depending on the role, or class of
the champion, for example, defensive (tanks), offensive (fighters, slayers), support
(controllers), and so on.

Since its release, LoL has grown in popularity with a community of players that at
the beginning of 2014 reached over 67 M participants playing per month. Of all
MOBA games, LoL has so far the largest footprints in streaming platforms such as
YouTube and Twitch.! Due to its popularity, here, we just focus on Twitch users that
stream LoL matches.

Together with the Twitch data (described in the next section), we collected
information about LoL players and their matches through the official Riot Games
Application Programming Interface (API) (Riot Games API: https://developer.
riotgames.com/), which allows us to get data about players’ actions, for example,
number of kills, number of assists, number of deaths, and so on, per match, and
compute the kill and assist to death (KDA) ratio metrics, which we will use as a
proxy for in-game players’ performance, similarly to previous literature (Sapienza,
Zeng, Bessi, Lerman, & Ferrara, 2018).

Twitch

Twitch is a live streaming video platform owned by Twitch Interactive, first intro-
duced in 2011 as a spin-off of Justin.tv. The main focus of the platform is the live
streaming of video games, including broadcasts of esports tournaments, individual
players’ streams, and online game related talk shows, which can be viewed both live
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and on demand. Since its release, Twitch has attracted the attention of millions of
users and rapidly became one of the most popular live streaming video platforms,
now accounting for 15 million daily active viewers and over 2.2 million streamers
(see official statistics: http://twitchadvertising.tv/audience/). Twitch users can
stream popular online games, such as Fortnite, LoL, and Dota 2, share their game
content, and collect donations from their viewers.

In the present work, we focus on a specific MOBA game that is usually streamed
on the Twitch platform: LoL. To this aim, using the Twitch official API (Twitch API
v5: https://dev.twitch.tv/docs/v5/), we collect data of Twitch users that streamed
LoL matches. This API gives access to the list of current live streaming, and their
broadcasters’ metadata, for example, name, ID, number of followers, number of
views, and number of viewers at the time of the request. Leveraging this input, we
followed LoL streamers over time and gathered their data by updating our API
requests every 5 min. The data collection occurred from March 6, 2018, to June
30, 2018. This process allowed us to collect time-varying data and thus understand
different aspects characterizing streamers, for example, popularity growth, time
spent in streaming, and its frequency.

Mapping and Sessions

As the gaming platform (LoL) and the streaming one (Twitch) are independent, to
consistently collect data about the same users, we need to map each user we
followed on Twitch (340,230 streamers in total) to their correspondent player in
LoL. To this aim, we queried the Riot Games API to get the playing history of
Twitch streamers, by using their Twitch user name. Among the original number of
streamers, we then successfully mapped 1,426 players in LoL both by their name
and matches. In particular, for each player, we marked as “streaming game” any
match in LoL that occurred at the same time of a Twitch stream by that user, while
any other match in the player’s history has been flagged as “nonstreaming game,”
accounting for a total of over 94,000 matches. Moreover, with the aim of under-
standing the impact of streaming on players’ performance and engagement in the
game, we collected data of 2,168 LoL players who were not streamers and played
during the same time frame.

Finally, to understand how a player’s performance changes over consecutive
matches, we divided each player’s history of matches in sessions, that is, sequences
of matches played consecutively without an extended break (Halfaker et al., 2015;
Kooti, Moro, & Lerman, 2016; Kooti, Subbian, Mason, Adamic, & Lerman, 2017;
Sapienza et al., 2018; Singer, Ferrara, Kooti, Strohmaier, & Lerman, 2016). To this
aim, we set a threshold of 1 hr break to mark different sessions, which covers over
50% consecutive games as shown in Figure 1. Once we identified the sessions, we
discarded those having both streaming and nonstreaming games (mixed sessions), as
we are interested in identifying the impact of streaming on a player’s behavior and
wanted to avoid introducing possible confounders like the presence of nonstreamed
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Figure |. Time difference between consecutive matches.

Table I. Basic Statistics for Twitch Users.

Total Play Total #  Session Play
# Matches # Session Time Per  Followers Time Per Match

Statistics  Per Player Per Player  Player Per Player Player Duration KDA
Mean 66.38 3595 111,726.85 12,010.31  4,072.76 1,683.05 3.23
Standard 47.87 23.47 80,924.55 109,685.60  3,288.48 501.02 3.89
Minimum 1.00 1.00 1,005.00 0.00 191.00 190.00 0.00
25% 29.00 18.25 47,297.75 61.00 1,830.00 1,348.00 .00
50% 60.00 35.00 101,808.00 157.02  3,081.00 1,677.00 2.00
75% 94.00 50.00 160,211.50 52397 5221.00 2,005.00 4.00

Maximum  256.00 148.00 411,961.00 2,235,845.40 48,746.00 4,255.00 51.00

matches within a given session. The same procedure was repeated for LoL players
that were not on Twitch (here, any session is marked as a “nonstreaming session”).
Additional information about the final data set can be found in Tables 1 and 2,
respectively, for Twitch players and non-Twitch players.

Method

In the following, we describe the methods used in the present study to understand both
a player’s engagement and performance and how these two aspects are affected by
streaming. On the one hand, to study the effect of streaming on players’ engagement in
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Table 2. Basic Statistic for Users Not on Twitch.

Total Play
# Matches # Session  Time Per Session Play
Statistics  Per Player Per Player =~ Player =~ Time Per Player Match Duration KDA

Mean 34.26 13.67 51,813.42 3,800.50 1,512.23 3.16
Standard 41.53 16.04 65,239.47 3,166.12 531.64 3.98
Minimum 1.00 1.00 978.00 191.00 191.00 0.00
25% 5.00 4.00 7,973.50 1,690.00 1,124.00 1.00
50% 11.00 6.00 16,150.00 2,863.00 1,445.00 2.00
75% 53.00 18.00 79,039.25 4,909.00 1,863.00 4.00
Maximum  209.00 97.00  340,473.00 50,009.00 7,228.00 119.00

the game, we compare how much time players spend in their matches (when streaming
or not), by both looking at the average duration of each match and how many matches
in a session they play. On the other hand, we compare performance over the course of
sessions of different lengths in three scenarios: Twitch user sessions (streamed and
nonstreamed) and non-Twitch user sessions. Finally, we investigate players’ charac-
teristics and their relation to in-game performance.

Average Match Duration Difference

The first metric we use to investigate a player’s engagement is the average match
duration of both streamed games and nonstreamed games. To compare the two cases,
we compute the difference A’ for each user i as:

M i,/=streamed N i,/=nonstreamed
Al = Zt:O Xt Zz:o Xt (1)
M N ’
where N is the number of streamed matches and M is the number of nonstreamed
matches of player i. A’ is then the average game duration difference of user i, which

is positive if he or she spent more time in streaming matches, and negative
otherwise.

Survival Rate

The second metric used to understand users’ engagement is the survival rate, which
we define as the probability that a user will play another match after the last one.
This analysis allows to identify different levels of engagement between players and
their relation to streaming. In particular, we can distinguish between a long-term and
shot-term survival rate.

The former refers to the probability of having, in the life span of our data set, a
certain survival time, which is the temporal distance (measured in days) between the
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last and first match played in the player’s whole records. Thus, if N days separate the
first and the last recorded match, then a player’s survival time will be N.

The latter is defined as the probability that a player will start a new match after
another one in the same session. Analogously to the long-term metric, here, we
consider the distance between the last and first match of a session. However, the
distance is measured by the match index in the session and thus by the session
length, that is, the number of matches in a session.

The computation of the survival rate in both short term and long term helps us
understanding the effect of streaming on a player’s engagement in the game. By
studying the long-term effect, we can indeed measure how long streamers keep
playing the game in comparison with nonstreamers, while the short-term effect
highlights differences between streamers and nonstreamers (streamed sessions vs.
sessions of players not using Twitch) and effects of streaming on individuals
(streamed vs. nonstreamed sessions of Twitch users).

Performance Indicator: KDA

To investigate the consequences of streaming on users’ performance, we study how
a user’s performance changes over time, and in particular over the course of sessions
of different lengths. To this aim, we use a proxy for in-game performance that is
popular between MOBA game players: the KDA ratio. The KDA ratio can be
computed as follows:

#of kills + #of assists
KDA =
max (1, #of deaths)

(2)

In a nutshell, the KDA is a ratio between qualitatively positive actions that a
player performs during the game (killing enemies and assisting teammates) and
negative actions that are harmful to the player and his teammates (champion’s
deaths). Thus, if a player kills a lot of enemies (or assists teammates in doing so)
but he or she also dies very frequently in such exchanges, the final KDA score will
be lower than a player who actually manages to kill or assist while staying alive
during these fights.

Performance Over the Course of a Session

Once the KDA of each match in a player’s history is computed, we can study how it
changes over the course of a session. To this aim, we report the KDA transition from
the first to the last match of a session, for sessions of different lengths and user
categories. It has been indeed shown in previous works (Ferrara, Alipourfard, Bur-
ghardt, Gopal, & Lerman, 2017; Kooti et al., 2016; Singer et al., 2016) that users’
performance tends to deteriorate over time due to mental fatigue and the higher
effort in keeping focus after a certain period of time. In the following, we compute
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the average KDA over sessions of the same length in our data and plot them to
observe this phenomenon.

We are particularly interested in understanding whether performance deteriora-
tion differs in relation with a player’s category (streamers vs. nonstreamers) and
their characteristics: popularity and skill. Here, the popularity of a player is provided
by the number of followers on Twitch, while the skill is computed as the player’s
average KDA. On the basis of both popularity and skill level, we can further dis-
tinguish between players that have high/low popularity and high/low skill level.

Mixed Effect Models

Finally, we aim at identifying the relation between a player’s performance and his or
her characteristics. To this aim, we use a mixed effect model. Our hypothesis is that
streaming and game session length both affect player performance. Streaming might
indeed increase players’ engagement in the game, as streamers have to demonstrate
their abilities in front of an audience. Furthermore, players’ performance may dete-
riorate over time due increased mental fatigue effects. The mixed effect model
allows us to assume these two factors to be heterogeneous among users, by incor-
porating both fixed and random effects.

Given a condition / with / 2L where, L = {session length, streaming}, a user i, and
his or her vector of observations y; we can compute:

Ei(y:) = BiXi, (3)

where B is the fixed effect for condition /.
Given the two conditions, we can then write our model for each user i as follows:

Y = ZEl + voi + Bo + € (4)

leL

where By and v; are, respectively, the fixed and the random effect intercepts, and €;
is an unknown vector of random errors. Note that the parameter vy varies depending
on the user, while B is fixed for each user in the data set.

There are different possible configurations for the mixed effect model, in which
we can decide to add a random effect to either one variable X; or to all of them. Given
the condition / in which a random effect is applied together with the fixed effect, its
expectation will be:

Ei(y;) = (B, +v)Xi. (5)

We tested all the four possible combination of the model. However, as explained
in fourth section, we did not find any relevant difference in the results of the different
models. Thus, we chose to use the simplest model, where we define the expectation
as in Equation 3 under both conditions /. This not only is the simplest model but also
does not require us to further manipulate our data as needed in the other models.
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Figure 2. Average match duration differences between each user’s streamed and non-
streamed matches.

Results

In the following, we report the results of our study on the effects of streaming on
both players’ engagement and performance. We are particularly interested in under-
standing how a player’s engagement varies in the long term and short term under the
effect of streaming, and if streaming can have a positive effect in mitigating the
performance depletion that has been shown to affect users that play multiple matches
in sequence.

Effects of Streaming on Engagement

A natural metric to measure a player’s engagement is the time the player spends in
doing different activities in the game. This can be measured at different levels. In the
case of MOBA games, players can indeed play longer games when they are highly
engaged, display longer sessions (more matches played in sequence), and become
regular users of the platform (i.e., have a long-term engagement in the game).

For this reason, we first study how streaming affects engagement at the level of
each match. To this aim, we compute the average match duration of Twitch users
when they are (respectively, are not) streaming the game and compute the difference
as shown in Equation 1. The result of this operation is shown in Figure 2. Here, we
can observe that the average match duration is longer when players stream their
games, as the distribution is shifted on the right (note that positive differences
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Figure 3. Kaplan—Meier survival rate plot of players for different categories: Twitch user with
streaming games and with nonstreaming games and users not on Twitch.

correspond to longer streamed matches). On average, the streamed matches result to
be longer that the nonstreamed one of about 5 min.

We then investigate the effect of streaming on the short-term engagement, by
analyzing the Kaplan—Meier survival rate over the course of sessions of different
length for three categories of matches: Twitch user’s streamed matches, Twitch
user’s nonstreamed matches, and matches of LoL players that do not stream on
Twitch.

Figure 3 shows how many times players play their game consecutively under
different settings. We can observe that the sessions with streaming are longer than
without streaming. When the Twitch users do not stream their videos, they tend to
play shorter sessions than when they stream. Even though Twitch users’ engagement
without streaming is lower, Twitch users still show higher engagement than the users
not on Twitch. As we can observe in Figure 3, users who do not stream on Twitch
show lower survival rate than the one of streamed and nonstreamed matches. This
result unveils the behavior of streamers when they do not stream their matches.
Twitch users play a shorter session than they usually do with streaming and average
nonstreaming users, but they show higher engagement than users not on Twitch.

We are also interested in the longer term engagement. Figure 4 shows the survival
rate in a long term, and analogously to what observed on the short-term effect, Twitch
users show higher engagement. Across the entire period, the survival rate of
Twitch users is higher than the users not on Twitch. In other words, the duration that
Twitch users play LoL is longer than the one of non-Twitch users. Not only in the short
term but also in the long term, Twitch users tend to play LoL in a longer period.
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Figure 4. Kaplan—Meier survival rate plot of players for different categories: Users on Twitch
and not on Twitch.

Effect of Streaming on Performance

Analogously to what we have done with the match duration, we used Equation 1 to
compute the average win rate difference for each user, which is shown in Figure 5. In
spite of what we observed with the match duration differences, the distribution of
win rate differences does not display any shift and it is instead centered around zero.
Therefore, even if streaming has been shown to have an effect on the in-match
engagement of players, this does not reflect on a direct effect on players’ win rates.

There are however some confounding factors when considering the win rate of
players. The win rate is indeed dependent on other aspects of the game, such as
teammates cooperation, team composition, and matchmaking game design. For this
reason, in the following, we focus on a different proxy for players’ performance,
which is the KDA ratio.

Figures 6-9 plot game performance transition over the course of a session for
each game categories and sessions of different lengths. The transitions of perfor-
mance over the course of sessions illustrate how the session length affects players’
performance. We can observe clear performance deterioration over the session in
Figure 6 while the patterns shown in Figures 7 and 8 do not significantly decrease.
However, downward transitions of game performance can be still identified. This is
not the case for transitions of players that do not stream, as Figure 9 does not show
any clear downward performance.

To see whether the users’ characteristics matter for the performance transition,
we further segment our data by popularity in Twitch and skill in LoL. To this aim,
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Figure 6. Average kill and assist to death of Twitch users’ streaming game.

we divide the game performance data according to users’ popularity in Twitch and
plot them in the course of a session. We use the number of followers as a proxy
variable of popularity in Twitch. While Figures 10 and 11 do not show an evident
difference, both of them show performance deterioration. We also compare
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Figure 7. Average kill and assist to death of Twitch users’ nonstreaming games.
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Figure 8. Average kill and assist to death of Twitch users’ streaming game.

performance transitions of Twitch users with a lower skill to those who with higher
skill in LoL (Figures 12 and 13). These results suggest that high-skill players are less
affected by performance deterioration than low-skill players. This can be due to the
fact that high-skill players tend to maintain their performance and focus over time
better than low performers and amateurs.
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Figure 10. Average kill and assist to death of few follower users’ game (bottom 25%
follower).

Finally, as we observed that performance during a streaming session deteriorates
over time, we want to further investigate the effect of streaming and thus conclude
that it correlates with deterioration effects. To this aim, we use the mixed effect
model described in Mixed Effect Models subsection.
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Figure 12. Average kill and assist to death of low-skilled users’ game (bottom 25% follower).

As mentioned in third section, we computed four different mixed effects
models, by adding on either one or both variables X; a random effect. We tested
all four models on our data, and we found that the results are consistent. Thus,
we decided to use the simplest model, by not adding any random effect on the
variables.
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Figure 13. Average kill and assist to death of high-skilled users’ game (top 25% follower).

Table 3. Mixed Linear Model Regression Results.

Dependent
Model Mixed LM Variable KDA
Number of 73,485 Method Restricted Maximum
observations Likelihood (REML)
Number of groups 1,426 Scale 14.2225
Minimum group size | Likelihood —202,717.2711
Maximum group size 212 Converged Yes
Mean group size 51.5
Standard
Coefficient  Error  Z P> |z| [0.0255 -> 0.975 ->
Lower Upper
Cl 95% Cl 95%]
Intercept 3.330 .040 82.567 .000 3.251 3.409
Match index —0.057 013 —4248 .000 —0.083 —0.031
Streaming dummy —0.140 .035 —4.024 .000 —0.208 —0.072
Groups random effect 0.858 013

Note. LM = linear model; KDA = kill and assist to death.

The mixed linear model regression results are reported in Table 3. As we
hypothesized, the results indicate that there is a negative relation between the match
index and game performance. Moreover, our streaming variable shows a negative
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relation with game performance as well. Thus, not only the match index in a session
(i.e., the session length) but also the streaming factor have a critical effect on
players’ performance, which under these two conditions decreases.

In conclusion, we found that streaming has the power of boosting players’
engagement in the game, by not only increasing the time spent in both matches and
sessions but also committing players to play the game in the long term. However, we
observed that streaming has a negative effect on players’ performance. We indeed
found that players’ performance shows a decay that is more marked when a player is
streaming a match. This result has been also confirmed by our statistical model,
which has clearly shown the negative relation between playing longer sessions, and/
or streaming them, with players’ performance.

Related Work

This study draws from several research topics: game streaming, game engagement,
and performance deterioration. In the following, we describe the literature relevant
to our work and highlight the common points as well as differences in the findings.

Game Streaming

Many studies have been devoted to analyze user behavioral patterns in game stream-
ing platforms. Kaytoue, Silva, and Cerf (2012) have done one of the first research
studies using qualitative data from Twitch.tv. In this work, the authors characterize the
community structures on Twitch and propose a way to rank users by popularity. Other
studies have been done to investigate different aspects of live streaming related to user
motivations (Hilvert-Bruce et al., 2018; Hu et al., 2017; Sjoblom & Hamari, 2017),
detection of the relevant features used to attract viewers (Sjoblom, Térhénen, Hamari,
& Macey, 2017), communication between viewers and streamers (Hamilton et al.,
2014), and subscription and donation behavioral patterns (Lessel et al., 2017; Zhu
etal., 2017). Despite the large amount of work that has been done to study the different
characteristics involving live streaming platforms, our work focuses on the impact that
streaming has on the game performance and engagement of a player. Thus, unlike
prior work, we combine data from both streaming and players’ history in the game, to
identify whether a player’s behavior changes in presence of streaming.

Game Engagement

Game engagement is used to describe a player’s commitment into the different
gaming actions, which is a crucial factor to retain players in the platform and make
them become regular users. Multiple studies have tried to identify the main causes of
a user’s engagement in playing games. Kou and collaborators focused on game
engagement in relation to players’ collaboration (Kou & Gui, 2014), by trying to
understand how temporary teams of strangers coordinate to reach their common
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goal. By means of semistructured interviews, they also studied how player ranking
mediates social practices in LoL (Kou et al., 2016). In particular, the authors found
that the ranking system not only act as a motivator for players’ engagement but also
contribute to the creation of social stratification and stereotypes, thus affecting the
way players learn and collaborate with each other. Other studies focused on inves-
tigating long-term engagement mechanisms.

Park et al. (2017) relied on data about Massive Multiplayer Online Role-Playing
Game to identify the factors that are indicative of long-term commitment in the
game. In particular, they found that these factors change accordingly to the game
level: Sense of achievement and the related incentives are fundamental in the initial
to the advanced phases of the game, while features related to the social aspects of the
game become important to predict long-term engagement when a player reaches the
highest levels in the game.

Other studies focused on motivations for playing either online games (Yee, 2006)
or watching esports (Hamari & Sjoblom, 2017) and on the underlying causes that
brings individuals to stop playing a game (Anderson & Green, 2018). Our research
adds on previous work results by using quantitative data of two different platforms to
detect a possible external factor that plays a role in driving users’ engagement. This
is particularly important when considering online games whose majority of players
stream on a daily basis.

Performance Deterioration

In the context of analyzing users’ performance, an increasing number of works have
shown the importance of breaks and the negative effects that extended efforts have
on performance. Sapienza et al. (2018) have shown that players’ performance in
MOBA games deteriorates over the course of sessions. This decreasing trend in
performance has been also observed in several online platforms such as Reddit
(Singer et al., 2016), Twitter (Kooti et al., 2016), and Stack Exchange (Ferrara
et al., 2017).

Kooti et al. (2017) compared the performance down turning among users with
different characteristics on Facebook. In particular, they found that the time users
spend in doing several activities on Facebook depends on their demographic attri-
butes, the number of friends, and the time spent since the start of the session.
Deterioration phenomenon has been also observed in relation to student performance
(Sievertsen, Gino, & Piovesan, 2016), driving (Borghini, Astolfi, Vecchiato, Mattia,
& Babiloni, 2014), data entry (Healy, Kole, Buck-Gengler, & Bourne, 2004), and
self-control (Muraven & Baumeister, 2000). Finally, the causes of performance
deterioration are a controversial issue that several studies tried to address (Boksem
& Tops, 2008; Kurzban, Duckworth, Kable, & Myers, 2013; Marcora, Staiano, &
Manning, 2009). However, in their experimental study, Bernstein, Shore, and Lazer
(2018) have shown that to improve human performance in complex tasks, the key is
to take intermittent breaks.
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In alignment with the previous research in the field, we also observed that per-
formance deteriorates over the course of sessions of different lengths. However, we
made a step forward in disentangling the factors that lead to performance deteriora-
tion, by studying performance of different categories of players (streamers vs. non-
streamers) and by further dividing them based on their popularity and skill level.

Conclusions

In the present work, we studied the effects that streaming has on both a player’s
performance and engagement in a game. To this aim, we collected data of players
streaming LoL, one of the most streamed MOBA games on Twitch, as well as their
match information and history through the official Riot Games API. This data set
allowed us to study not only the changes in streamers behaviors, by comparing their
performance and engagement in streamed and nonstreamed matches, but also the
difference between streamers and nonstreamers (we collected additional data of LoL
players that do not stream on Twitch).

First, we analyzed engagement differences in these categories of players. We
found that streaming a match has a positive effect on players’ engagement: Stream-
ing a match leads to play longer matches, and streamers tend to have higher engage-
ment both in the short term and in the long term. We indeed identified that streamers
engage in longer sessions than in the case in which they do not stream, thus dis-
playing higher survival rates. This is also true when comparing streamers and non-
streamers. Moreover, we observed higher survival rates in the long term: Streamers
tend to engage in the game for long periods of time and have a longer player history
than nonstreamers.

Second, we analyzed the effects of streaming on players’ performance. We
noticed that there is no difference in the win rate of streamed and nonstreamed
matches. However, the variable “win” can be biased by other aspects of the game
such as composition of teams, teammates abilities, in-game matchmaking design,
and so on. Therefore, we used the KDA ratio as a proxy for a player’s performance.
The KDA ratio of a player indeed reflects the actions that the player performs in each
match and thus provides an estimator of the quality of playing in the match.

We studied performance over the course of a session, for each of the three session
types: streamed session, nonstreamed session, and sessions of players that do not
stream their matches. The results, in line with prior literature, show that in general
players are subject to performance depletion when playing a sequence of matches
without an extended break.

Performance over the course of a session does decay; however, we observed that
streamers are more affected by this mechanism when streaming than in the case in
which they are not streaming. This result suggests that streaming might be a source
of distraction for players, taking cognitive bandwidth away from gameplay, as
players often comment and try to engage with their audience while streaming.
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To detect possible factors connected to performance decay, we further analyzed
sessions of players segmented by popularity, that is, number of followers, and skill,
that is, KDA levels. The results of our analysis led to the conclusion that perfor-
mance decay is not affected by the number of followers one player has. However, if a
player has higher skills, his or her performance does not reflect the typical perfor-
mance depletion pattern. This mechanism is indeed mitigated by the fact that higher
skill players most likely can keep focus on the game for longer time while producing
the streaming commentary at the same time.

Finally, we studied what players’ characteristics have the strongest effect on
performance. In particular, on the basis of our previous results, we assumed that
both the match position in a session and streaming can negatively affect players’
performance. To test this hypothesis, we used a mixed effect model that allows us to
incorporate heterogeneous effects of these two gaming aspects among players. We
confirmed that streaming has a negative influence on a player performance even if it
boosts engagement in the game.

In conclusion, through the combined study of Twitch and LoL data, we found that
streaming has a major impact on a user engagement in the game, by making users
both playing longer and more regularly over time. We have also shown how per-
formance deteriorates over sessions, thus corroborating the extant literature. How-
ever, we found that performance decay is mitigated in high-skill players, and that it
is not affected by streamer’s popularity.

Authors’ Note

This project does not necessarily reflect the position/policy of the government; no official
endorsement should be inferred. Approved for public release; unlimited distribution.

Acknowledgments
The authors are grateful to DARPA for support (grant #D16AP00115).

Declaration of Conflicting Interests

The author(s) declared no potential conflicts of interest with respect to the research, author-
ship, and/or publication of this article.

Funding

The author(s) received no financial support for the research, authorship, and/or publication of
this article.

ORCID iD
Akira Matsui (& https://orcid.org/0000-0003-3953-378X

Note
1. In the top 3 of all platforms in June 2018.


https://orcid.org/0000-0003-3953-378X
https://orcid.org/0000-0003-3953-378X
https://orcid.org/0000-0003-3953-378X

Matsui et al. 29

References

Anderson, A., & Green, E. A. (2018). Personal bests as reference points. Proceedings of the
National Academy of Sciences of the United States of America, 115, 1772-1776.

Bernstein, E., Shore, J., & Lazer, D. (2018). How intermittent breaks in interaction improve
collective intelligence. Proceedings of the National Academy of Sciences of the United
States of America, 115, 8734-8739.

Boksem, M. A., & Tops, M. (2008). Mental fatigue: Costs and benefits. Brain Research
Reviews, 59, 125-139.

Borghini, G., Astolfi, L., Vecchiato, G., Mattia, D., & Babiloni, F. (2014). Measuring neu-
rophysiological signals in aircraft pilots and car drivers for the assessment of mental
workload, fatigue and drowsiness. Neuroscience & Biobehavioral Reviews, 44, 58-75.

Ferrara, E., Alipourfard, N., Burghardt, K., Gopal, C., & Lerman, K. (2017). Dynamics of content
quality in collaborative knowledge production. In Proceedings of the Eleventh International
AAAI Conference on Web and Social Media (ICWSM 2017), Montréal, Québec, Canada,
15-18 May 2017, pp. 520-523. Palo Alto, California: AAAI Press.

Halfaker, A., Keyes, O., Kluver, D., Thebault-Spicker, J., Nguyen, T., Shores,
K., ... Warncke-Wang, M. (2015). User session identification based on strong regu-
larities in inter-activity time. In Proceedings of the 24th International Conference on
World Wide Web (pp. 410-418). Republic and Canton of Geneva, Switzerland:
International World Wide Web Conferences Steering Committee. doi:10.1145/
2736277.2741117

Hamari, J., & Sjoblom, M. (2017). What is esports and why do people watch it? Internet
Research, 27, 211-232.

Hamilton, W. A., Garretson, O., & Kerne, A. (2014). Streaming on twitch: Fostering parti-
cipatory communities of play within live mixed media. Proceedings of the SIGCHI
Conference on Human Factors in Computing Systems (pp. 1315-1324). Retrieved from
http://dl.acm.org/citation.cfm?id=2557048 doi:10.1145/2556288.2557048

Healy, A. F., Kole, J. A., Buck-Gengler, C. J., & Bourne, L. E. (2004). Effects of prolonged work
on data entry speed and accuracy. Journal of Experimental Psychology: Applied, 10, 188.

Hilvert-Bruce, Z., Neill, J. T., Sjoblom, M., & Hamari, J. (2018). Social motivations of live-
streaming viewer engagement on Twitch. Computers in Human Behavior, 84, 58—67. doi:
10.1016/j.chb.2018.02.013

Hu, M., Zhang, M., & Wang, Y. (2017). Why do audiences choose to keep watching on live
video streaming platforms? An explanation of dual identification framework. Computers
in Human Behavior, 75, 594-606. doi:10.1016/j.chb.2017.06.006

Kaytoue, M., Silva, A., & Cerf, L. (2012). Watch me playing, | am a professional: A first
study on video game live streaming. In Proceedings of the 21st International Conference
Companion on World Wide Web (pp. 1181-1188). Retrieved from http://dl.acm.org/cita
tion.cfm?id=2188259 doi:10.1145/2187980.2188259

Kooti, F., Moro, E., & Lerman, K. (2016). Twitter session analytics: Profiling users short-term
behavioral changes. In International Conference on Social Informatics (pp. 71-86).
Springer, Cham.


http://dl.acm.org/citation.cfm?id=2557048
http://dl.acm.org/citation.cfm?id=2557048
http://dl.acm.org/citation.cfm?id=2188259
http://dl.acm.org/citation.cfm?id=2188259
http://dl.acm.org/citation.cfm?id=2188259

30 Games and Culture 15(1)

Kooti, F., Subbian, K., Mason, W., Adamic, L., & Lerman, K. (2017). Understanding short-
term changes in online activity sessions. In Proceedings of the 26th International
Conference on World Wide Web Companion (ed Rick Barrett & Rick Cummings), pp.
555-563. Perth, Australia: Murdoch University. Retrieved from https://dl.acm.org/cita
tion.cfm?id=3041021&picked=prox

Kou, Y., & Gui, X. (2014). Playing with strangers: Understanding temporary teams in league
of legends. In Proceedings of the First ACM Sigchi Annual Symposium on Computer—
Human Interaction in Play (ed Lennart E. Nacke), Toronto, Canada, pp. 161-169.
Retrieved from https://dl.acm.org/citation.cfm?id=2658537&picked=prox

Kou, Y., Gui, X., & Kow, Y. M. (2016). Ranking practices and distinction in league of
legends. In Proceedings of the 2016 Annual Symposium on Computer-Human
Interaction in Play (ed Anna Cox & Zachary O. Toups), Austin, TX, pp. 4-9. Retrieved
from https://dl.acm.org/citation.cfm?id=2967934&picked=prox

Kurzban, R., Duckworth, A., Kable, J. W., & Myers, J. (2013). An opportunity cost
model of subjective effort and task performance. Behavioral and Brain Sciences,
36, 661-679.

Lessel, P., Mauderer, M., Wolff, C., & Kriiger, A. (2017). Let’s play my way: Investigating
audience influence in user-generated gaming live-streams. In Proceedings of the 2017
ACM International Conference on Interactive Experiences for TV and Online Video (pp.
51-63). Hilversum, the Netherlands. doi:10.1145/3077548.3077556

Marcora, S. M., Staiano, W., & Manning, V. (2009). Mental fatigue impairs physical perfor-
mance in humans. Journal of Applied Physiology, 106, 857-864.

Muraven, M., & Baumeister, R. F. (2000). Self-regulation and depletion of limited resources:
Does self-control resemble a muscle? Psychological Bulletin, 126, 247.

Park, K., Cha, M., Kwak, H., & Chen, K.-T. (2017). Achievement and friends: Key factors of
player retention vary across player levels in online multiplayer games. In Proceedings of
the 26th International Conference on World Wide Web Companion, (ed Rick Barrett &
Rick Cummings), pp. 445-453. Perth, Australia. Retrieved from https://dl.acm.org/cita
tion.cfm?id=3041021&picked=prox

Sapienza, A., Zeng, Y., Bessi, A., Lerman, K., & Ferrara, E. (2018). Individual performance
in team-based online games. Royal Society Open Science, 5, 180329.

Sievertsen, H. H., Gino, F., & Piovesan, M. (2016). Cognitive fatigue influences students
performance on standardized tests. Proceedings of the National Academy of Sciences,
113,2621-2624.

Singer, P., Ferrara, E., Kooti, F., Strohmaier, M., & Lerman, K. (2016). Evidence of online
performance deterioration in user sessions on Reddit. PLoS One, 11, ¢0161636.

Sjoblom, M., & Hamari, J. (2017). Why do people watch others play video games? An
empirical study on the motivations of Twitch users. Computers in Human Behavior, 75,
985-996. doi:10.1016/j.chb.2016.10.019

Sjoblom, M., Térhonen, M., Hamari, J., & Macey, J. (2017). Content structure is king: An
empirical study on gratifications, game genres and content type on Twitch. Computers in
Human Behavior, 73, 161-171. do0i:10.1016/j.chb.2017.03.036


https://dl.acm.org/citation.cfm?id=3041021&picked=prox
https://dl.acm.org/citation.cfm?id=3041021&picked=prox
https://dl.acm.org/citation.cfm?id=3041021&picked=prox
https://dl.acm.org/citation.cfm?id=3041021&picked=prox
https://dl.acm.org/citation.cfm?id=2658537&picked=prox
https://dl.acm.org/citation.cfm?id=2658537&picked=prox
https://dl.acm.org/citation.cfm?id=2658537&picked=prox
https://dl.acm.org/citation.cfm?id=2967934&picked=prox
https://dl.acm.org/citation.cfm?id=2967934&picked=prox
https://dl.acm.org/citation.cfm?id=2967934&picked=prox
https://dl.acm.org/citation.cfm?id=3041021&picked=prox
https://dl.acm.org/citation.cfm?id=3041021&picked=prox
https://dl.acm.org/citation.cfm?id=3041021&picked=prox
https://dl.acm.org/citation.cfm?id=3041021&picked=prox

Matsui et al. 31

Yee, N. (2006). Motivations for play in online games. Cyberpsychology & Behavior, 9,
772-7175.

Zhu, Z.,Yang, Z., & Dai, Y. (2017). Understanding the gift-sending interaction on livestream-
ing video websites. In International Conference on Social Computing and Social Media
(ed Meiselwitz & Gabriele), pp. 274-285. Vancouver, Canada.

Author Biographies

Akira Matsui is a PhD student in computer science at the USC Information Sciences Insti-
tute. He holds BA and master’s degrees in economics from Kobe University. His research
interests are at the intersection between data science and economics.

Anna Sapienza is a postdoctoral research associate at the Information Sciences Institute,
University of South California. She holds a PhD in applied mathematics from the Polytechnic
University of Turin, for which she worked in the Data Science group at the ISI Foundation of
Turin. Her research aims at monitoring and modeling human behaviors in social networks.
Her research interests stay at the intersection between computational social science, machine
learning, and network analysis.

Emilio Ferrara is an assistant research professor at the University of Southern California,
Research Team Leader at the USC Information Sciences Institute, and Principal Investigator
at the Machine Intelligence and Data Science (MINDS) research group. He is a recipient of
the 2016 DARPA Young Faculty Award, the 2016 Complex System Society Junior Scientific
Award, and the 2018 DARPA Director’s Fellowship. Her research focuses on machine learn-
ing to model individuals’ behaviors and characterize information diffusion in technosocial
systems.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 266
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 175
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50286
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 266
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 175
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50286
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 900
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 175
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50286
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
  /PDFXOutputConditionIdentifier (CGATS TR 001)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /CreateJDFFile false
  /Description <<
    /ENU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 9
      /MarksWeight 0.125000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
  /SyntheticBoldness 1.000000
>> setdistillerparams
<<
  /HWResolution [288 288]
  /PageSize [612.000 792.000]
>> setpagedevice


