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The rapid growth of online live streaming platforms has generated vast interaction data that presents
opportunities for a quantitative analysis of streamer behavior and the dynamics of streamer popularity. Despite
this, there remains a significant gap in understanding how streaming behaviors and co-playing relationships
impact streamer popularity. This study addresses this gap by utilizing a comprehensive dataset encompassing
over 450 thousand streamers from January 2020 to April 2023. We demonstrate that features derived from
streaming and co-playing behavior can effectively forecast both short- and long-term popularity, achieving an
AUC of 0.93 to 0.99. Our analysis indicates that streamer popularity is significantly impacted by the average
number of followers and viewers, as well as their strategic positioning within the co-playing network, notably the
number of weakly connected components. These findings elucidate strategies for streamers to attract and retain
followers, enhancing their presence within the community. This research is the first to explore the influence of
the live streamer co-playing network on popularity dynamics, revealing how interactions among online content
creators can drive popularity beyond individual behaviors. Moreover, the insights gained can assist brands and
businesses in collaborating with streamers more effectively, maximizing their influence and creating mutual

value.

1. Introduction

Live (video) streaming is the real-time audio and video transmis-
sion of user-generated content (UGC) over the Internet (Chen and Lin,
2018). In a live stream, viewers can watch content while interacting
with the broadcaster and other viewers (Kim et al., 2020). They have
the opportunity to send virtual gifts to the broadcaster, and engage in
free likes and chats (Lin et al., 2021). In recent years, live streaming has
become a global economic and social phenomenon, along with the ex-
panding number of users (Ye et al., 2024). Many streaming platforms
such as Twitch and YouTube Live have been founded and are experi-
encing unprecedented growth around the world (Hu et al., 2017). For
example, with over 7.7 million monthly active streamers and 1.2 bil-
lion visits in August 2022 (StreamScheme, 2023), a popular US-based
live streaming platform Twitch has become one of the largest online
communities for streamers and live streaming fans. Douyu, a Chinese
game-centric live streaming platform, has 471.8 million registered users
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and 57.4 million mobile monthly active users (MAU) in the fourth quar-
ter of 2022 (Douyu, 2022). Similarly, by the first quarter of 2023, the
average DAU of Kuaishou has reached 374 million, and its average MAU
has reached 654 million (Kuaishou, 2023). Douyin (Chinese version of
TikTok) allows people to express themselves creatively, enjoy enter-
taining content, and connect with a diverse global community (TikTok,
2023). In 2022 it provided services for nearly 23.9 billion e-commerce
orders, benefiting over 1 billion users (TrendInsight, 2023). In short,
live streaming has become a career and livelihood for many people,
and it has also become an active and emerging field for individuals,
enterprises, governments, and other organizations to promote culture,
disseminate information, develop e-commerce and so on.

In the live streaming landscape, streamers, as the core creators and
disseminators of content, have emerged as pivotal figures. A significant
number of popular streamers have emerged as influencers, attracting a
loyal fan base, fostering unique personal brands and leveraging their in-
fluence to drive related industries forward (Kim and Kim, 2022; Ye et
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al., 2024). It is crucial to focus on the dynamic pattern of streamers’
popularity and explore the factors that influence it. By understanding
streamers’ popularity dynamics, brands and businesses can more effec-
tively collaborate with streamers, leverage their influence, and drive
meaningful results for all parties involved (Zhang et al., 2024; Sun et
al., 2024; Ma et al., 2024). Furthermore, it can also provide guidance
for streamers’ professional growth. In a broader context, it also presents
tailored behavioral advice to online content creators, empowering them
navigate online engagement and maximize impact (Netzorg et al., 2021;
Guo et al., 2022; Tian and Frank, 2024).

For social media platforms, considerable research has focused on un-
derstanding user popularity based on social network theory (Strogatz,
2001), finding that the characteristics of users’ behavior and users’ so-
cial network structures are both indicative of their popularity (Lesser et
al., 2017; Abbas et al., 2018; Cao et al., 2020; Zhang et al., 2021; Gur-
jar et al., 2022). However, when it comes to live streaming, despite the
burgeoning popularity of this medium, there has been relatively limited
exploration in applying social network theory to understand and pre-
dict the popularity dynamics of live streamers (Netzorg et al., 2021).
The majority of existing literature has qualitatively analyzed influential
factors of live streamers’ performance from the perspective of emotional
cognition (Guo et al., 2022; Dang-Van et al., 2023; Li et al., 2024; Luo
et al., 2024) or game theory (Zhu and Liu, 2023; Huang et al., 2024).
Additionally, some research has utilized the streaming behavior char-
acteristics of streamers to understand their popularity (Jia et al., 2016;
Netzorg et al., 2021). There remains a significant gap in understanding
how streaming behaviors and co-playing relationships—defined as the
social network among streamers—impact the popularity of streamers.

To address this knowledge gap, this paper delves into a vast and
long-term dataset of real-time live streaming content sourced from
Douyu platform, representing the third basic form of live streaming e-
commerce. In this context, e-commerce transaction functionalities are
introduced on the basis of the original production of live content, mark-
ing a unique and authentic approach to live streaming e-commerce
(Daniel, 2022). Given the absence of a universal agreement on the met-
rics used to measure streamer popularity (such as the number of fol-
lowers, viewers, and gifts received), this study initially defines streamer
popularity from both absolute and relative perspectives, with a focus
on the trajectory of change in follower amount. Specifically, we repre-
sent streamer popularity through two indicators (Netzorg et al., 2021)
P, and P,: ranking within the top 10% of follower amount (streamers
with a large follower base), and exceeding the median growth rate of
follower amount (the fast-growing streamers).

Inspired by latest methods of influential factor analysis, such as re-
gression model (Lu et al., 2021), dynamic simulation (Yang et al., 2023),
factor analysis (Yang et al., 2024), this study utilizes predictive features
extracted from both streaming behaviors (e.g., the number of viewers,
followers, streaming days) and streamers’ co-playing relationships (e.g.,
indegree, PageRank, eigenvector centrality), and constructs a series of
machine learning models to accurately predict streamers’ popularity at
both short- and long-term levels by adjusting the prediction interval,
thereby identifying the salient features that significantly influence the
dynamics of streamers’ popularity.

The rest of this paper is organized as follows: Section 2 reviews social
network theory’s applications in social media analytics, live streaming
platform development, data analysis, and popularity prediction. Sec-
tion 3 introduces the unique, large-scale live streaming dataset, and
explains methods of streamer behavior feature extraction and streamer
popularity prediction. Section 4 presents network analysis and illus-
trates prediction performance of streamer popularity, showing the influ-
ential factors of short-term and long-term growth of streamer popularity.
Section 5 summarizes key findings and limitations of this research.
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2. Related works

2.1. Social network theory and its applications in social media analytics

In recent years, the emergence and rapid proliferation of diverse so-
cial applications and media platforms have significantly reshaped the
landscape of online interactions. As the backbone of these systems, net-
work structure has evolved into a complex and influential force driv-
ing the dynamics of various social processes. Social network theory
(Wasserman and Faust, 1994; Freeman, 2004; Liu et al., 2017) pro-
vides a theoretical foundation and an analytical framework to study such
phenomena, offering a multidimensional lens to explore relationships,
behaviors, and interactions. Especially in the context of big data and so-
cial media, it demonstrates powerful insights and application potential
when integrated with other analytical methods.

Extensive research shows that the socioeconomic characteristics of
individuals or communities are closely related to their network positions
(Blumenstock et al., 2015; Bollen et al., 2017; Gao et al., 2019; Jusup
et al., 2022). For instance, individuals with high degree or betweenness
centrality often act as opinion leaders, significantly influencing informa-
tion dissemination and behavior trends (Peng et al., 2018; Rehman et al.,
2023). Therefore, it is essential to identify these influential nodes and
implement targeted interventions to mitigate the spread of misinforma-
tion (Vosoughi et al., 2018; Aimeur et al., 2023). Similarly, community
detection methods, such as modularity maximization, identify tightly-
knit groups within networks, offering insights into patterns of shared
interests and collective behaviors (Newman, 2006; Su et al., 2022). In
addition, content diffusion research emphasizes the role of weak ties
in spreading information across diverse communities, while strong ties
reinforce ideas within close-knit networks (Granovetter, 1973; Aubert
et al., 2012). Other applications of social network theory include senti-
ment and opinion analysis, which examines how attitudes and emotions
spread through networks, shaping public discourse and contributing to
polarization (Lee et al., 2014; Xing et al., 2022). Studies on network evo-
lution explore the dynamics of relationship formation and dissolution,
uncovering socioeconomic drivers such as education, occupation, and
shared interests that influence network structures (Zhou et al., 2007;
Hu et al., 2024).

Overall, social network theory provides a framework for understand-
ing the intricate relationships and dynamics that govern various social
processes. By integrating social network theory with advanced analyt-
ical methods, researchers gain valuable insights into how individuals’
network positions influence their behaviors, shedding light on the com-
plexities of online networks and their societal impact.

2.2. Development of live streaming platforms

In recent years, live streaming platforms have emerged and prolifer-
ated rapidly. The large-scale interaction data of the online live streaming
platform provides experimental datasets for the quantitative analysis of
human behavior, and offers a new opportunity for the mining of the
online interaction mechanism with collective dynamics. With the con-
tinuous development and popularization of technology, the live stream-
ing industry will continue to maintain a high-speed development trend,
bringing more opportunities and possibilities to more people. Table 1
shows the development of some major live streaming platforms.

2.3. Statistical analysis of live streaming data

The statistical analysis research of live streaming data mainly fo-
cuses on mining workload patterns (Claypool et al., 2015; Farrington
and Muesch, 2015; Pires and Simon, 2015), behavioral characteristics of
viewers and streamers (Li et al., 2016; Nascimento et al., 2014; Tang et
al., 2006; Zhao et al., 2017; Arnett et al., 2019; Pires and Simon, 2014;
Zhang and Liu, 2015), community of interactive networks (Churchill
and Xu, 2016; Clauset et al., 2004; Hamilton et al., 2014; Lykousas et
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Table 1
Development of several major live streaming platforms.
Launch  Users Streaming Publicly Parent
Platform . .
Year (MAU) Categories Listed Company
E-commerce;
TikTok 2016 1 billion + Sports; Games; No Douyin
Entertainment.
. Games; Sports; Yes
D 2014 51.7 mill ’ ’ D
ouyu mution Entertainment. (NASDAQ) ouyu
Games; Yes
Huya 2014 239 million Entertainment; Tencent
(NYSE)
Sports.
Lifestyle;
. o X Yes .
Kuaishou 2016 230 million Entertainment; Kuaishou
(SEHK)
Games.
Games; Films; Yes
Bilibili 2 1 illi ’ ’ Bilibili
ilibili 009 69 million Animation. (NASDAQ) ilibili
Twitch 2011 182million  oameS ESPOIS g, Amazon
Creativity.
Films; Music;
YouTube 2005 2 billion + 1ims; MUsic; No Google
Games.
Social; News; Yes
Facebook 2 2.4 billi ’ ’ M
aceboo 004 4 billion Entertainment. (NASDAQ) eta
Lifestyle; News;
Periscope 2015 - Hesty’e; Tews; No Twitter
Entertainment.

al., 2018), and so on. In this field, heavy tail distributions of the view-
ing frequency and duration of the audience, the number of rewards and
the number of comments, the frequency and duration of broadcasting,
and the ability to attract audience have already been discovered, which
show the heterogeneity and burstiness of human behavior.

Some studies explore the viewing habits, interaction preferences, and
purchase intentions of live streaming users in different situations with
data collected through questionnaires (Lim et al., 2020; Park and Lin,
2020; Wongkitrungrueng and Assarut, 2020), or analyze how the live
streaming affect sale performance, audience engagement and platform
development (Luo et al., 2021; Zhao et al., 2023). Some conclusions
are drawn, such as that live streaming can increase sales and customer
loyalty, that the number of followers and viewers has a positive effect
on sales, and that viewers’ wishful identification and emotional engage-
ment have indirect effects on behavioral loyalty.

Other research focuses on exploring the relationship among live
streaming platforms, streamers, viewers, and retailers based on game
models and simulation experiments, to regulate the behaviors of these
agents (Liu et al., 2022; Lv et al., 2022). By analyzing the complex dy-
namics among them, researchers find that there is a unique optimal
decision on the goods price and live streaming effort; the reputation
environment in viewers’ social networks have an impact on information
dissemination in live streaming e-commerce.

2.4. Live streaming popularity prediction

In the context of live streaming, streamer popularity generally per-
tains to streamer’s follower and viewer count, as well as the value of
virtual gifts received (Guo and Lu, 2020). Several studies have focused
on live streaming popularity. For example, Kaytoue et al. (Kaytoue et
al., 2012) have found a high correlation between early and late popu-
larity of a stream in terms of viewer numbers, and proposed a log-linear
regression model with a Pearson correlation score varying from 0.75 to
0.9. Netzorg et al. (Netzorg et al., 2021) have proposed a popularity pre-
diction model based on streamers’ behavior with AUC (Ling et al., 2003)
varying from 0.6 to 0.9, and found streamer efforts, such as increasing
the frequency and regularity of live streams, as well as streaming for
longer durations, are positively correlated with follower growth. Zhu et
al. (Zhu et al., 2017) have conducted a linear correlation analysis be-
tween the total number of viewers and the total value of gifts, yielding
a regression coefficient of 0.64. Jia et al. (Jia et al., 2016) have found a
high correlation score (over 0.83) between streamer popularity and the

number of broadcasting times, suggesting that streamers who are more
active in broadcasting may be more popular.

Table 2 exhibits the problem definition, methods and metrics in re-
cent research on predicting live streaming popularity. It is evident from
the above review that a number of studies have paid attention to live
streaming popularity prediction using different methods, indicating the
significant role it plays in the digital media and entertainment industry.
However datasets used in previous studies were relatively small, limiting
the applicability of these findings. In addition, the variables considered
in statistical or predictive models were relatively simplistic and incom-
plete, overlooking streamer interactions. There is an urgent need in live
streaming popularity research to explore user behavior characteristics
and the structure of user interaction networks.

3. Data and methods
3.1. Dataset

To quantitatively analyze streamer popularity dynamics and to in-
vestigate its influential factors, we have continuously collected and
maintained a comprehensive live streaming dataset. The dataset is the
primary repository of our online open data collection effort initiated
since 2018, and continuously updated with daily information from ma-
jor streaming platforms in China, including Douyu (Douyu, 2023a),
Huya (Huya, 2023) and Bilibili (Bilibili, 2023) utilizing APIs provided
by each platform. Note that all the collected data are based on public
information on the platform.

The complete dataset covers the period from January 2020 to April
2023. For this study, we have extracted two datasets of the Douyu live
streaming platform from this repository.

The first dataset (D1) contains of long-term streaming data for all
streamers at 30-minute intervals, spanning from January 1% 2020 to
April 30" 2023. The streaming data provided by API for each streamer
contains 5 attributes: number of followers, number of online viewers,
live streaming category, start time of a stream, and the time the data
was collected. The live streaming category refers to the category of live
broadcast content of streamers. Douyu platform has set up over 3,000
secondary live streaming categories, which belong to 10 primary live
streaming categories, such as online games streaming, mobile games
streaming, single player games streaming, entertainment streaming, and
appearance-based streaming.

To explore both short-term and long-term streamer popularity dy-
namics, we split all streaming data in D1 into 40 monthly streaming
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Table 2
Research on live streaming popularity prediction.
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Research Target

Method Metric

(Kaytoue et al., 2012;
Zhu et al., 2017; Wang
et al., 2018; Tu et al.,
2018)

(Netzorg et al., 2021;
Chen et al., 2021; Xi et
al., 2023)

Regression on the number of
viewers or followers of streamers

Binary classification on the
number of followers, concurrent
viewers, cumulative views, cheers,
gift value

Influential factors analysis on the
number of views of live streaming

(Arnett et al., 2019; Jia
et al., 2016)

(Guo et al., 2022; Zhao
et al., 2019)

Correlation analysis of influential
factors on live streaming
popularity consumers’ watching
and consuming intention

Log-linear regression model,
Regression tree, Random
forests, CART, Adaboost,
GBDT

Logistic regression model,
SVM, LASSO, multimodal
time-series methods

MSE; NMSE; Pearson
correlation score; Regression
coefficient score; Significance
value

AUC, F1-score, Precision,
Recall, Time consumption

Correlation analysis, Pearson correlation score
popularity distribution
comparison

Structural equation model Coefficient score

Table 3
Brief statistics of D1-34 to D1-40.
D1-34 D1-35 D1-36 D1-37 D1-38 D1-39 D1-40

No. streamers 0.31M 0.31M 0.31M 0.30M 0.29M 0.28M 0.28M
No. viewers 2.82B 2.89B 2.84B 2.79B 2.78B 2.83B 2.96B
No. continued - 020M 016M 012M 011M 010M 0.10M
streamers
a 1.99 1.99 1.98 1.97 1.97 1.96 1.97
Popular category  OG oG oG oG oG oG oG

Note: “OG” is the abbreviation of live streaming category “online games”. OG is short.

series, D1-1 (f = 1, from January 1% to 31"* 2020) to D1-40 (¢ = 40,
from April 1% to 30" 2023). As an example to illustrate the dynamics
of the live streaming platform, we have computed five statistical indi-
cators for D1-34 to D1-40 (34 <t <40) in Table 3. No. streamers shows
the number of unique streamers who broadcast in each month is around
0.3 million, and No. viewers shows the average number of viewers is
over 2.75 billion. No. continued streamers at D1-f refers to the number
of streamers who have broadcasted on both D1-f and D1-t — 1, and it is
around 0.1 million (30% of No. streamers). @ means that the power law
coefficient of follower count (similar to Fig. 5) is around 1.95, and the
most popular category of live streaming for streamers is online games,
especially League of Legends, which has not changed from D1-34 to D1-
40.

The second dataset (D2) captures streamers’ co-playing behavior,
collected on October 14", 2022. Douyu provides a special function
called ‘neighborhood’, allowing streamers to add other streamers as
friends (Douyu, 2023b). This tool facilitates directing traffic to other
streamers and showcases their co-playing relationships. This function is
particularly suitable for streamers within unions with shared interests,
reflecting streamers’ teamwork, organization, and business planning.
Because all streamers are free to add any others (up to 54), the co-
playing relationships are directed. As illustrated in Fig. 1, when A adds
B and C adds A as a friend, we designate C as A’s source friend, and B
as A’s target friend.

We included all streamers from December 2018 to October 2022 in
the sample streamer list, and iteratively crawled each sample streamer’s
target friends. Any new streamer found in the sample streamer’s target
friend list but not in the sample streamer list were added to the sam-
ple streamer list. Once all sample streamers in the sample streamer list
were iterated, D2 was completely collected. Ultimately, D2 includes all
streamers’ neighbors.

Building on social network theory, we construct a network to repre-
sent the co-playing relationships among streamers on the live stream-
ing platform. By analyzing this network, we investigate how a stream-
er’s structural position—such as centrality or connectivity—affects their
popularity, offering insights into the influence of network dynamics on
individual success in live streaming environments. A friend relationship

One of the

target friends

Follow|and View

Follower
2

Follower
& Viewer1

Fig. 1. Various relationships of a streamer and other users on the live streaming
platform.

can be described as a directed edge from the source streamer to the tar-
get streamer, and D2 can be formed as a network G(V, E) with V' nodes
and E edges. Here we exclude components only have one streamer in
G(V,E) and get the streamers’ co-playing network Ggcp, containing
456,717 nodes and 1,317,275 directed edges. The giant weakly con-
nected component of G ¢y, called G-y _gc, contains 396,164 nodes
and 1,275,506 directed edges.

We illustrate the co-playing relationships among streamers in Fig. 2.
The nodes represent streamers in the giant strongly connected compo-
nent of G g¢ 5 Who have also streamed in D1-34, and the edges represent
the co-playing relationships among streamers. To clearly display the
streamers with high connectivity, only nodes whose k;, > 10 are re-
tained in the figure. A total of 623 nodes (6.63%) and 3,552 edges
(11.0%) are visible. The colors of nodes mean the live streaming cate-
gories of streamers. The larger the node, the more followers the streamer
has. The ten nodes that display each streamer’s nickname are the top ten
nodes in terms of k;, in the network.

There are several communities formed by nodes with the same color,
such as the orange community (OVERWATCH?2), the blue community
(World of Warcraft) and the black community (CS: GO). The top ten
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Fig. 2. Streamers’ co-playing network.

nodes in k;, basically have a large number of followers, and distribute
at the center of the graph. For example, the streamer “PDD about to have
mermaid line” has more than 19 million followers, whose k;, = 259 is
also very high. But streamer “pigff” and streamer “Yyfyyf” respectively
have 5.1 million and 2.7 million followers, lower than some streamers
with smaller k;,. From Fig. 2 we observe that streamers are likely to have
co-playing relationships with streamers in the same stream category.
Streamers with more followers are more likely to attract streamers to
co-play with them.

We also visualize the streamers’ live streaming categories in Ggcon
(Fig. 3), where streamers with the same live streaming category are in-
tegrated into one node, with the node size positively correlated with the
number of streamers in that category. All nodes are distributed in a co-
ordinate system with indegree (the number of edges whose target friend
uses the live streaming category) as the horizontal axis and outdegree
(the number of edges whose source friend uses the live streaming cate-
gory) as the vertical axis. Nodes with the same color belong to the same
community, detected by Infomap algorithm (Rosvall and Bergstrom,
2008). The color of edges is determined by the source node, and the
thickness of edges is determined by the number of streamers.

There are 1,054 nodes, 33,862 edges and 13 communities in the di-
agram. In addition to the edges between nodes, there are also many
self-loops, indicating that streamers in the same category have numerous
co-playing relationships. Some streaming categories with large amount
of streamers have a significantly large indegree and outdegree. For ex-
ample, League of Legends has 50,758 streamers with an indegree of 806
and an outdegree of 479. Many streamers from streaming categories
with small amount of streamers choose to interact with streamers from
streaming categories with large amount of streamers, such as League of
Legends, Hornor of Kings and Top games.

We also demonstrate the basic statistic information of Ggc-y and
Ggcn-gc in Table 4. From Table 4 we can tell that the average indegree

Table 4
Brief statistics of Ggoy and Ggen_ge-
GSCN GSCN -GC
14 456,717 396,164 (86.7%)

E 1,317,275 1,275,506 (96.8%)
d(G) 34 34

(d) 8.65 8.65

D(G) 6.32x10¢  8.13x107°

N 393,509 1

Modularity 0.06 0.05

k™" 2.88 3.22

kot 2.88 3.22

k™ and outdegree k' are equal (around 3) in Ggcy and Ggen_gos
and the network density D(G) are quite sparse when there are over 300
thousand disconnected components (N = 393,509) in Gg¢ . The con-
nectivity efficiency is relatively low when the network diameter d(G) is
around 30, the average shortest path distance (d) is around 8 and the
network modularity is around 0.05.

3.2. Feature extraction

Using the broadcasting and co-playing behavior dataset, we design
and calculate a series of streaming features (SF) from D1, and co-
playing network features (NF) of streamers from D2, respectively, to
reveal the key performance indicators (KPIs) for streamers’ live stream-
ing popularity. These features are then fed into a number of machine
learning models to evaluate the effectiveness of predictive powers on
live streaming popularity.
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Fig. 3. Live streaming categories in streamers’ co-playing network.

3.2.1. Streaming features

As mentioned above, we split all streaming data in D1 into 40
monthly streaming series D1-1 to D1-40. Each streamer who had
streamed during a month has 3 kinds of data sequence: the number of
online viewers, the number of followers and the streaming category. All
streamers’ data sequences constitute the data matrices of D1-1, M ;...
Mfollower’ and Mcategary:

Vit Vig Vig = Vig
Moo =| 20 132 T2 0 0
Vii Viz Vaz = Vi
Fiy Fip Fiz o Fig]
M sor10wer = FZ] F22 F23 FZd @
Foo Fp Fso Fal
Cii Cp Ciz = Cry
Meesry=| 3 G2 2 @
Cit Cp Gz Gyl
V. > F;; and C; ; respectively represent the number of online view-

ers, the number of followers and the streaming category of streamer i in
the j'* day of the month. d means that a month can have a maximum of
d days. If the streamer i don’t stream in the j"* day, the value of matrix
in the position i, j will be Nan. Based on the matrices above, we calcu-
late 5 streaming features for each streamer in D1-1 to D1-40 to reveal
how streamers’ live streaming behaviors influence their popularity.

1) The number of streaming days of streamer i:

d
_ 1, ifC;;# Nan
S5D; = Z{ { 0, ifC;;=Nan &

2) The average amount of online viewers of streamer i:

iV
SAV, = == 5
' SSD; 2
3) The average amount of followers of streamer i:
i By
SAF, =222 6
! SSD; ©)

4) Considering the scale of the number of followers of streamers may
impact the streamer popularity dynamics, we artificially divide SAF;
into three levels:

SAF, <100
100 < SAF, < 10000 %)

L
SFL,={2,
3, SAF,>10000

5) The category entropy of streaming category of streamer i:

SCE; ==Y p(c)log(p(c)), C; ={C;,C;p,-.C g} ®)

ceC;

Table 5 shows the brief introduction and statistics of each feature
for streamers in D1-34 (October 2022). The mean value of all stream-
ers’ SSD is 8 days, with a standard error of 9. The distributions of SAV
and SAF are both non-uniforms, with a significant difference between
the mean and median values. The distribution of SCE shows a smaller
difference, with both the mean and median values being close to 1, and
a standard deviation of 0.45. SFL is a classification display of SAF, where
the proportions of streamers with SFL values of 1, 2, and 3 are 27.78%,
68.72%, and 3.50%, respectively.

3.2.2. Co-playing network features

In the streamer co-playing network Ggcn(V, E), anode v € V' rep-
resents a streamer v, and a directed edge from node u to node v is (4, v) =
e € E, which represents the co-playing relationship from streamer u to
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Table 5

Statistics of streaming features (SF) and co-playing network features (NF).
Feature =~ Mean Median std. Range
SSD 8 4 9 [1,31]
SAV 9,194 350 69,023 [0, 7,094,554]
SCE 1.12 1.00 0.45 [1.00, 11.00]
SAF 4,833 336 126,951 [0, 24,618,243]
SFL - - - 1,2,3
NID 3 0 129 [0, 42,072]
NOD 3 1 5 [0, 54]
NWC 2 0 81 [0, 29,894]
NSC 3 0 128 [0, 41,852]
NPK 2.19%107%  521x1077 3.82x107°  [5.21x1077,0.01]
NRE 0.12 0 0.29 [0, 1]
NCL 0.32 0.23 0.25 [0.07, 1]
NBT 2.71%x 10° 0 6.91x 10° [0, 1.82x 10°]
NCR 3 2 4 [1, 29]
NEC 7.33x 1073 1.39x 1072 6.75x 1073 [0, 1]

streamer v. To investigate the influence of streamers’ positional features
within the co-playing network on their popularity, we also calculate 10
network features of all nodes in Ggcp -

1) The indegree of v, i.e., the number of source friends of a streamer:

NID=|ueV|u,v)€ E| (©)]
2) The outdegree of v, i.e., the number of target friends of a streamer:
NOD=|ueV|(w,u) € E| (10)

3) The number of weakly connected components (WCC) (Zhang et
al., 2021) of v’s source friends:

NWC=|WCC,,WCC,,..., WCC,| 11

4) The number of strongly connected components (SCC) (Zhang et
al., 2021) of v’s source friends:

NSC=|SCC|,5CC,,...,SCC,| (12)
5) PageRank value (Brin and Page, 1998) of v:
PR(u)
NPK=(1- 13
(-o+c Y Tw a3)

ueM v)

where ¢ is the damping factor. M (v) is the set of all nodes that link to
v. PR(u) represents the PageRank value of u, which is a node that links
to v. L(u) represents the outdegree of u.

6) Reciprocity value (Newman, 2003) of v:

NRE = |(u,v) € E|(v,u) € E|/|(v,u) EE | a4
7) Closeness centrality (Freeman, 1979) of v:

n—1
NCL= ——— (15)
ey dw,u)
where n is the number of nodes in Ggcpy, d(v,u) is the length of the
shortest path from v to u. ), d(v,u) is the sum of the distances from
v to all other nodes in Ggcy .
8) Betweenness centrality (Freeman, 1979) of v:

NBT= Y 210 (16)
s#vELEV Ost
where V is the set of all nodes in Gg¢y, s and ¢ are two distinct nodes
in Ggcy, different from v. 6, denotes the number of all shortest paths
from s to t. 6,(v) denotes the number of shortest paths from s to ¢ that
pass through v.
9) Coreness value (Batagelj and Zaversnik, 2003) of v:

NCR =max{k|if all nodes u with d(u) < k and their incident edges

are removed, then v still belongs to Ggcy }
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where d(u) is the degree (indegree and outdegree) of u.

10) Eigenvector centrality (Bonacich, 2007) of v:

The eigenvector centrality formula for directed graphs is based on
the largest eigenvalue 4 of the adjacency matrix A and its corresponding
eigenvector x. The formula can be represented as:

Ax = Ax (18)

where A is the adjacency matrix for Gy . 4 is the largest eigenvalue
of the adjacency matrix A. x is the eigenvector associated with A. The
eigenvector centrality value of a node (NEC) is the corresponding ele-
ment’s value in x.

Table 5 also provides a concise overview and statistics of each intro-
duced feature. The average value of NID and NOD is 3, which means that
each streamer has an average of 3 source friends and 3 target friends.
Due to the restriction of maximum number of target friends that can be
added, maximum NOD is 54 while maximum NID is 42,072. The NWC
and NSC of most streamers are small (about 3), and the NWC and NSC of
a small number of streamers are large (about 30,000). The other features
show the structural importance of streamers in G g from different as-
pects.

3.3. Problem definition and prediction settings

3.3.1. Popularity: definition and dynamics

Online streaming popularity prediction is typically modeled as a bi-
nary classification problem (Netzorg et al., 2021; Chen et al., 2021).
This study defines streamer popularity from two dimensions: absolute
popularity (P,) and relative popularity (P,.).

1) P,

Assuming a streamer has a follower count of SAF, at time 7 (1 <
t £39), and a follower count of SAF, s at time 1 + 6 (2 <t 4 6§ <40),
if SAF, s ranks within the top 10% among all streamers, P, of the
streamer is assigned as 1; otherwise, it is assigned as 0. P, = 1 repre-
sents streamers who rank within the top 10% of follower amount. These
streamers possess a large and dedicated follower base, indicating their
widespread appeal and established presence in the streaming commu-
nity. By focusing on this metric, we aim to capture the most influential
and recognizable streamers in the field.

2) P,

Assuming a streamer has a follower count of SAF; at ¢ (1 <t <39)
and a follower count of SAF, s att+6 (2 <t+ 6 <40), the growth rate
of the streamer’s follower count is calculated as:

_ SAF,; - SAF,
SAF,

SGR (19)

If SGR of the streamer exceeds the median SGR of all streamers,
P. of the streamer is assigned as 1; otherwise, it is assigned as 0. P. =1
represents streamers who exceed the median growth rate of follower
amount. These streamers demonstrate rapid and sustained growth in
their follower count, indicating their ability to attract and retain new au-
diences over time. By including this metric, we aim to identify emerging
talents and trends within the streaming industry.

By considering both P, and P, simultaneously, we can gain a compre-
hensive understanding of a streamer’s popularity and potential. While
P, highlights established streamers with a large and dedicated follower
base, P. uncovers emerging talents who are growing rapidly. This dual
focus allows us to not only recognize the current leaders in the streaming
community but also anticipate future trends and rising stars. Therefore,
this dual-measurement approach significantly improves the ability to
predict popularity dynamics accurately and comprehensively.

On the other hand, the prediction interval parameter 6, which ranges
from 1 to 39, plays a crucial role in capturing both short- and long-term
trends in streamer popularity. Given the dataset D1 covers a time span of
40 months from D1-1 to D1-40, we leverage predictable features avail-
able at any given time 7 (1 <t <39) to forecast the streamer popularity
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P, and P,, at a future time ¢ + 6 (2 <t + 6 <40). As 6 increases from 1
to 39, it reflects the dynamic evolution of streamer popularity, transi-
tioning from short-term popularity gains to long-term popularity.

First, we observe the temporal patterns of the number of streamers
and viewers which implying the workload level of the live streaming
platform during D1-35 to D1-36 as an example (Fig. 4). It can be seen
that the number of viewers of Douyu TV from October to November of
2022 has a clear and fluctuating rise trend. The number of viewers in-
creases from the beginning of 210 million to the ending of 233 million.
On the other hand, the number of streamers has been relatively stabi-
lized between 80 thousand and 90 thousand.

Fig. 5 shows the temporal dynamics of the streamer count for each
live streaming category from the year of 2020 to 2023. As we can see, a
significant proportion of streamers both joined the live streaming plat-
form (Not yet present) and left it (Absent), with the respective percent-
ages reaching as high as 32% and 42%. There are two main categories,
Mobile games and Online games, attracted more than 26% streamers
over years. From 2020 to 2022, many streamers opted to switch stream-
ing categories, while a consistent proportion of streamers (14% to 17%)
remained in the same category for live streaming.

3.3.2. Prediction settings

In the prediction process, we choose six commonly used binary clas-
sification models: LightGBM (Ke et al., 2017), Random forest (Biau and
Scornet, 2016), Adaboost (Freund and Schapire, 1997), Logistic (LaVal-
ley, 2008), Decision tree (Myles et al., 2004) and GBDT (Friedman,
2002) as candidate prediction models. We use two classical evaluation
metrics for binary classification: F1-score (Chicco and Jurman, 2020)
and AUC as performance metrics.

To evaluate the importance of features in popularity prediction, we
conduct prediction experiments on three feature combinations, i.e., SF,
NF, SF&NF. All categorical features are encoded by one-hot method. All
features in the training dataset and test dataset are Min-Max standard-
ized to reduce the impact of extreme values. The size of test dataset is
set as 20% with dataset shuffling to avoid overfitting.

When 6 changes from 1 to 39, the size of dataset may change because
the streamers may leave live streaming platform at any time. To avoid
this situation, we set the size of dataset of all prediction experiments to
be 10,000 random samples with P, or P, equals to 1 and 10,000 random
samples with P, or P, equals to 0.
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By observing the changes in prediction performance under different
time intervals and feature combinations, we can identify the influential
factors of short-term and long-term live streaming popularity, as well as
determine the feature combinations that yield the best prediction per-
formance.

3.3.3. SHapley Additive exPlanations (SHAP) values

SHAP is an additive method to overhaul each feature contribution
to the prediction results in the learning model (Lundberg, 2017). Let f
be the original prediction model to be explained and g the explanation
model. The output value is given as:

M
g(Z)=do+ ), ;2 (20)
j=1
where g is the explanation model; z’ € {0,1}™ indicates whether each
feature exists; M is the number of input features; ¢, is the Shapley
regression value of feature i for model f in the presence of multi-
collinearity; summing the effects of all feature attributions approximates
the output f(x) of the original model f.

S|! F|—1|S|-D!
4- 3 ISieari=isi-y

SCF{i} |F]!

[£sutiy (xsugiy) = Fs (xs)] 21

where F is the set of all features; The model f is trained on all possible
feature subsets S C F,S C F/{i}. fg is the model retrained on S. xg
means the values of input features in S. Finally, the feature importance
is ranked by calculating the total SHAP values magnitude ¢; over all
predictions.

4. Results
4.1. Network analysis of broadcasting and co-playing activities

4.1.1. Degree distribution of streamers

We illustrate probability distributions of NID and NOD in Fig. 6(a)
and Fig. 6(b). The distributions of NID and NOD follow a power-
law distribution, with coefficient a of 1.57 (+? = 0.99) and 2.30 (r2 =
0.99), respectively, indicating significant heterogeneity in the number
of streamer friends, both source and target.

The majority of streamers (65%) either have no source friends or
just 1 source friend (22%). Only 11 out of 456,717 streamers have more
than 10 thousand source friends, all of whom are famous and popular
streamers in Douyu. This result implies that majority streamers are not
easy to be added as target friends. Streamers may add other streamers
as target friends for 2 reasons: 1) to direct their own viewers and fol-
lowers to a few streamers and 2) to seek recognition or reciprocation
from popular streamers. We also conducted a single factor analysis of
variance (ANOVA) to assess the significant differences among different
groups of source friend amount on the number of follower and viewers,
and found that the differences to be significant (p < 0.001).

Most streamers (88%) tend to add fewer than 5 streamers as target
friends. The first 3 commonly used target friend amount is 1 (44%), 0O
(14%) and 2 (14%). This phenomenon imply that streamers are inclined
to direct their viewers and followers to a few streamers to prevent exces-
sive resource decentralization. We also conducted ANOVA to assess the
significant differences among different groups of target friend amount
on the number of followers and viewers, and found that the differences
to be significant (p < 0.001).

4.1.2. Second order degree distribution of streamers

We then explore the distribution of the number of source friends of
streamers’ source friends, i.e. the second order indegree (Fig. 7(a)). For
streamers with only 1 source friend (22%), their source friends are likely
to have an average of 5 source friends with variance of approximately
101. Streamers with 2 to 10 source friends (11%) have source friends
with an average of 9 source friends and a variance of approximately
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110. Streamers with 11 to 100 source friends (2%) have source friends
with an average of 15 source friends and a variance of approximately
82. Streamers with over 10 thousand source friends (fewer than 0.01%)
with an average of 3 source friends and a variance of approximately 2.

Similarly, we also conduct ANOVA to assess significant differences
among different groups of average number of source friends of each
streamer’s source friends on the number of followers and viewers, and
found that the differences to be significant (p < 0.001).

Fig. 7(b) illustrates the distribution of the number of target friends
of streamers’ target friends, i.e., the second order outdegree. Streamers
with fewer than 5 target friends are more likely to have target friends
who add fewer than 6 streamers as target friends. On the other hand,
streamers with over 5 target friends are likely to have target friends who
add 7 to 9 streamers as target friends. The number of target friends of
streamers’ target friends does not show significant difference among 10
groups, from (5-10] to (50, 55].

We also conduct ANOVA to assess significant differences among dif-
ferent groups of the number of target friends of streamers’ target friends
on the number of followers and viewers, and found that the differences
to be significant (p < 0.001).

4.1.3. Friendship preference analysis

In this section, we explore the preferences of source streamers (those
who add others as target friends) and target streamers (those who are
added by other streamers as target friends) in G gc,. The Pearson cor-
relation scores (r) of SAF, SAV, SSD, NID and NOD between source
streamers and target streamers are shown in Table 6.

We can find that source streamers are weakly correlated with target
streamers in SAF, SAV, SSD, NID and NOD (-0.15 < r < 0.15). Target
streamers tend to have more followers (more than 4 million) and viewers
(more than 1 million) compared to source streamers. Target streamers
tend to be more active in the streaming platform, with average active
streaming days in a month is 22 days. Additionally, the average number
of source friends of source streamers is 10 but the average number of
source friends of target streamers is 6,008.

Fig. 8 shows the preferences for streaming category among source
streamers and target streamers. Each row and column represent a stream
category, and the darker the blue color, the greater the number of
streamers. Streamers are more likely to add streamers from the same
streaming category as target friends (56%). For example, 387,861 of
484,604 (80%) online games source streamers have target streamers in
online games streaming category and 96,743 (20%) have target stream-
ers in other nine streaming categories.

4.2. Popularity prediction

4.2.1. Prediction model comparison

We use all 6 candidate models for streamer popularity prediction.
Table 7 shows the average AUC and F1-score (when 6 varies from 1 to
39) of 6 candidate models, using the feature combination SF, NF, SF&NF,
respectively.

By comparing prediction performances of 6 candidate models, it can
be clearly found that LightGBM has the best average AUC (0.95) and F1-
score (0.95), so we finally choose LightGBM as the streamer popularity
prediction model.

4.2.2. Prediction performance

Fig. 9 shows the prediction results of streamer popularity using Light-
GBM. The best prediction performance of P, and P, are both gained by
SF&NF. When § varies from 1 to 39, SF&NF achieves AUC values rang-
ing from 0.93 to 0.99 in P, prediction and 0.78 to 0.94 in P, prediction,
as well as F1-scores ranging from 0.93 to 0.99 in P, prediction and 0.79
to 0.94 in P, prediction. SF&NF demonstrates a superior ability to pre-
dict streamers’ popularity, achieving the highest AUC values of 0.99 for
P, and 0.94 for P,, as well as the best F1-scores of 0.99 for P, and 0.94
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Table 6
Friendship preference in Gg¢cy -

Mean value of source streamers ~ Mean value of target streamers  r

SAF 10,600 4,214,391 —-0.02**
SAV 12,227 1,757,547 —-0.05**
SSD 7 22 —0.11**
NID 10 6,008 —0.12**
NOD 11 8 0.02**

** represents the significant value is p < 0.01.

Table 7

Candidate model comparison in streamer popularity prediction.

P, prediction AUC (SF)  Fl-score (SF)  AUC(NF)  Fl-score (NF)  AUC (SF&NF)  Fl-score (SF&NF)
Adaboost 0.91 0.90 0.79 0.77 0.91 0.91
Decision tree 0.91 0.91 0.80 0.78 0.92 0.92
GBDT 0.92 0.92 0.81 0.80 0.94 0.93
LightGBM 0.93 0.92 0.83 0.82 0.95 0.95
Logistic 0.90 0.90 0.56 0.69 0.52 0.68
Random forest 0.92 0.91 0.80 0.79 0.92 0.92
P, prediction AUC (SF) Fl-score (SF) AUC (NF) Fl-score (NF) AUC (SF&NF) F1-score (SF&NF)
Adaboost 0.75 0.75 0.63 0.67 0.75 0.76
Decision tree 0.76 0.77 0.64 0.67 0.75 0.77
GBDT 0.78 0.78 0.66 0.69 0.79 0.80
LightGBM 0.78 0.78 0.68 0.71 0.81 0.82
Logistic 0.63 0.53 0.54 0.15 0.58 0.37
Random forest  0.76 0.77 0.64 0.67 0.76 0.77

10
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for P.. These results markedly surpass the popularity prediction per-
formances reported in previous studies, with AUC value approximately
0.90 (Netzorg et al., 2021) and F1-score approximately 0.60 (Chen et
al., 2021; Xi et al., 2023).

When 6 is the same, using SF&NF to predict P, can gain the maxi-
mum AUC value improvement of 5% and 31% compared to using SF and
NF alone, respectively. Similarly, for predicting P,, the maximum im-
provement is 9% and 25%. Compared with NF, the advantage of SF&NF
is more prominent when 6 is small. Compared with SF, the advantage
of SF&NF is more prominent when § is large.

Comparing prediction performances in P, and P,, it is evident that
P, prediction is superior. The best AUC of P, and P, are 0.99 and 0.95,
respectively, both in the situation with SF&NF feature combination and
6 = 39. Importantly, our prediction model (regardless of the feature
combination) can perform better in long-term popularity prediction, in-
dicating that the extracted features can capture streamer popularity in
the long-term future.

4.2.3. Feature importance analysis

The importance of streaming behaviors and streamers’ co-playing
relationships in predicting streamer popularity P, and P, is confirmed
by SHAP values. Fig. 10(a) and Fig. 10(b) respectively depict the mean
SHAP value contributed by each predictive feature in P, and P, pre-
dictions. The inner panels illustrate SHAP value distributions of top 5
features. This analysis pinpoints three crucial features for predicting
both P, and P,: the average amount of followers (SAF), the number
of weakly connected components (NWC) and the average amount of
online viewers (SAV). Notably, streamer popularity is profoundly influ-
enced not only by the sheer numbers of followers and viewers but also
by their strategic positioning within the interconnected network of co-
playing relationships.

We then assess the impact of important features on streamer popular-
ity. For features SAF, SAV, SSD, NPK, NCL and NEC, we divide streamers
into five groups based on ascending order of feature values, with an
equal number of samples in each group. By observing the patterns of
popularity variation with feature values and time intervals, we analyze
the impact of these features on P, (Fig. 11(a)) and P, (Fig. 11(b)). The
average values of P, and P, achieved by each feature group are included
in Table A.1.

11

As we can see, when values of SAF, SAV, SSD, NPK and NEC increase
from the group with the lowest value to the group with the highest
value, there is a significant pattern of P, increases and P, decreases.
This pattern illustrates the promoting effect of these features on P, and
weakening effect on P,. Then, we focus on the optimal group of each
feature on P, and P, when § increases from 1 to 39. As ¢ increases,
the optimal group of SAF, SAV, SSD, NPK and NEC all perform worse
and worse on P, but better and better on P,. This pattern means that
if the feature can achieve a high P, at the current month, its future
performance on P, will become worse. While if the feature can achieve
a high P,, its future performance on P, will be better. Unfortunately,
the impact of feature NCL on P, and P, is not very clear.

5. Discussion and conclusion

This study underscores the potential of utilizing streaming behaviors
and streamers’ co-playing relationships to make accurate streamer pop-
ularity prediction. Our approach bridges the gap in understanding the
streamer popularity dynamics and provides a comprehensive disclosure
of influential factors that shape streamer popularity. Through rigorous
quantitative analysis and prediction experiments based on a long-time
real live streaming dataset, we have discovered that the SF&NF feature
combination proposed in this study significantly predicts both short- and
long-term popularity of streamer. Notably, the average number of fol-
lowers, viewers, and weakly connected components in the co-playing
network, profoundly affect streamer’s popularity dynamics.

Beyond merely applying previous methods of streaming behaviors
analysis, this study delves into the initial exploration of the co-playing
network among streamers on live streaming platforms, recognizing it as
a intricate weave of social and interest-based connections. By applying
social network theory to this context, we have demonstrated the theory’s
relevance and applicability in this new domain. Our analysis has shown
that the streamer co-playing network holds significant predictive power
for popularity, emphasizing how the synergy between collaboration and
individual efforts can amplify visibility and success. This underscores
the pivotal role of personalized strategies in bolstering a streamer’s in-
fluence.

While our approach in predicting streamer popularity indeed
achieves significant performance, it is important to acknowledge sev-
eral limitations. The predictive features for streamers were derived from
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Fig. 11. Heatmap of relationships between feature groups and streamer popularity. (a) P, (b) P.,.

a long-term, real-world dataset in the Douyu live streaming platform,
which falls within the third category of live streaming. Consequently,
the generalizability of our findings may be restricted to other live
streaming categories. Additionally, the underlying causal mechanisms
that drive these predictive features and streamer popularity are not fully
revealed in this study. Furthermore, P, and P, are tailored to capture
the dynamics of streamer popularity by focusing on the evolution of
the number of followers over time, rather than the static total count of
followers or viewers. This focus may limit their applicability to static
metrics, such as the total count of followers or viewers, across different
contexts.

Future studies may delve into the formation and evolutionary mech-
anisms of the streamer co-playing network, offering deeper insights into
the dynamics of online content creation and promotion. By doing so, we
can further understand the multifaceted nature of streamer popularity
and the strategic pathways to achieving it.
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Appendix A. Popularity of groups divided by different features

Table A.1 shows the average values of P, and P, achieved by each
feature group. SAF, SAV, SSD and NCL were divided into 5 groups, while
NPK and NEC were divided into 4 groups. Due to the large number of
small value samples for NPK and NEC, the samples from the first two
groups were merged.

Table A.1

The average values of P, and P, in different feature

groups.
Group name  Group range P, P,
SAF_1 [0, 81] 0.04  0.67
SAF_2 [82, 326] 0.02  0.37
SAF_3 [327, 1,220] 0.04  0.32
SAF_4 [1,221, 4,875] 0.12  0.22
SAF_5 [4,876, 25,808,670] 0.81 0.11
SAV_1 [0, 120] 0.03  0.46
SAV_2 [121, 569] 0.05  0.56
SAV_3 [570, 2,752] 0.08  0.50
SAV_4 [2,753, 19,545] 0.19 0.25
SAV 5 [19,546, 38,466,581] 0.66  0.19
SSD_1 [1,3] 0.06  0.50
SSD_2 [4,7] 0.06  0.49
SSD_3 [8, 14] 0.10 0.43
SSD_4 [14, 26] 0.30  0.30
SSD_5 [27, 311] 0.51 0.18
NPK_1 [0, 5.4x1077] 0.04  0.53
NPK_2 (5.4x1077, 1.2x107¢] 0.12  0.40
NPK 3 (1.2x107°, 3.6x107¢] 0.21  0.31
NPK_4 (3.6x107°, 1.1x1072] 0.56  0.19
NCL_1 (7.3x1072, 1.9 x 1071] 0.11  0.42
NCL_2 (1.9x1071, 2.2x1071] 0.15  0.37
NCL_3 (2.2x1071, 2.4x107'] 023 0.34
NCL_4 (2.4x1071, 2.7x1071] 0.37  0.32
NCL_5 (2.7x1071, 1.0] 0.20  0.42
NEC_1 [0, 1.2x10720] 0.09 0.43
NEC_2 (1.2x107%°, 1.4x10°T  0.04  0.52
NEC_3 (1.4x107%, 4.9x10~°] 0.29  0.26
NEC 4 (4.9x107°, 1.0] 0.52  0.21
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