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Abstract. Online videos such as those streamed through YouTube are
largely produced by individual users rather than traditional mass me-
dia, partly due to the incentive structure of the platforms. As part of the
strategy to increase the audience, many content creators collaborate with
other creators to attract subscribers and diversify their content. This be-
havior can be conceptualized as “coopetition” as they cooperate for their
channels’ success while competing with one another for the limited pool
of audience. In this project, we analyze data about beauty and gaming
YouTubers to understand their collaboration types and network struc-
tures. The network analysis suggests that (1) the coopetition networks
of YouTubers may show a scale-freeness in their topological structure
and (2) beauty YouTubers cooperate with non-beauty channels more
compared to gaming YouTubers, implying that YouTubers’ cooperation
networks may present a different level of heterogeneity depending on
topics. The results inform the mechanisms of online video producers’
cooperation and competition processes from an ecological perspective.
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1 Introduction

YouTube is an online video-sharing platform that gained high popularity in re-
cent years, with over 2.6 billion active users. YouTube offers a participatory
culture that allows users to create, learn, and collaborate with each other [2].
Their videos are largely contributed by individual users [6], partly due to the
incentive structure of the platforms. As part of the strategy to increase the au-
dience, many content creators collaborate with others to attract subscribers and
diversify their contents. This type of behavior can be conceptualized as “coope-
tition” [17], because YouTubers collaborate with each other for their channels’
success while also competing for the limited pool of the audience. Coopetition
is defined as “a strategic and dynamic process between multiple actors to create
value through cooperation while competing to capture the value” [1]. Coope-
tition has been studied in various contexts such as business [13,8], financial
markets [3], education [12,11], and government [10].
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When it comes to online video-sharing social media such as YouTube, actors’
coopetition process becomes unclear, because (1) the coordination cost to create
a collaborative video tends to be lower compared to the well-studied contexts
such as business and government (e.g., [10,13]), (2) individual-level friendships
may drive the collaboration heavily, rather than organizational partnership does,
(3) the flexibility and fluidity of collaboration are high compared to those of for-
mal organizations, and (4) the boundary of resources (i.e., audience distribution
across topics) is blurry on YouTube, compared to industries and markets. As a
growing number of individuals rely on content creation markets for their jobs,
this study is critical not only in advancing our understanding of the coopeti-
tion process on social media, but also in providing implications for social media
designers in sustaining and supporting their users.

To date, coopetition is relatively less studied in the context of video-sharing
social media. One of the most relevant studies examined YouTubers’ collabora-
tion networks at scale by automatically detecting collaborative videos using face
detection algorithms and deep neural network (DNN) models [9]. This study re-
ported that, across the topics, YouTubers’ collaboration significantly increased
the number of viewers and subscribers at maximum of a 100% growth. Such
collaboration networks of YouTubers were visualized as an interactive interface
by focusing on the featured channels and their subscriber counts [5]. Other than
these two cases, YouTube-based studies have been largely focused on the net-
works of friendships, subscriptions, and information flow on YouTube, with their
theoretical discussions on the diffusion of information, homophily, and social con-
tagion (e.g., [14,4]).

While the large-scale study of YouTubers’ collaboration networks and their
visualization provides in-depth insights into the computational methods and net-
work characteristics, there are still theoretical and methodological gaps. Theo-
retically, prior studies are still limited in providing the understanding of the
coopetition processes among YouTubers by focusing on “growth” only. Method-
ologically, the accuracy of the network predictions (e.g., whether a video is a
collaboration-based or not) is questionable as the detection of multiple people in
a video does not necessarily mean a collaboration. Also, the types of networks
(e.g., whether a collaboration was planned or by coincidence) are not considered,
because computational methods have not yet been developed to predict the fine
resolution of collaboration types. These limitations might stem from trade-offs
between the content resolution and the scalabiltiy of networks.

Filling these gaps, we aim to study the coopetition processes on YouTube by
examining YouTubers’ collaboration networks. To understand the coopetition
process, it is necessary to identify network types (e.g., regular, coincidental, or
one-time collaboration) and collaborators’ characteristics (e.g., non-YouTubers
or not), because these features characterize the entire networks at the ecolog-
ical level. Without detailed classifications of nodes and edges in collaboration
networks, understanding the ecological features such as competition and legiti-
mation would be at best difficult and, at worst, unreliable. As the initial step to
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exploring this problem space, we start with a small-scale collaboration network
analysis by focusing on two topic categories: beauty and gaming.

2 Methods

We designed four stages to collect and process the YouTube data: collecting
data using YouTube API, cleaning data using the Google Vertex Al, classify-
ing collaboration videos, and visualizing the networks for analysis using Gephi.
To investigate individual YouTubers’ coopetition processes, we filtered out or-
ganizational and mass media channels and only focused on YouTube channels
managed by individuals. To contrast network characteristics based on YouTu-
bers’ activities, audience demographics, and frequencies, we sampled data for
the beauty and gaming categories as the initial targets.

2.1 Data Collection and Filtering

To sample videos, we selected search keywords relevant to the topics of beauty
and gaming. The gaming keywords were selected based on the top 10 games (e.g.,
Call of Duty, Valorant, Minecraft) and the most popular gaming platforms (e.g.,
Roblox). Similarly, for beauty, the search keywords were chosen based on the top-
10 beauty brands in the market (e.g., Channel, NARS, L’Oréal). These keywords
were used in the queries to the YouTube APIs to sample the videos. Search
queries were written in Python to make API requests for each keyword. The
data returned included attributes such as video ID, video title, video description,
channel ID, published date, and audio language. We collected 7871 videos for
gaming and 6611 for beauty after removing duplicates. We also collected channel
data separately using the channel IDs captured from the sampled videos.

The collected videos still included irrelevant videos that did not fall under the
categories of beauty and gaming. To automate the filtering process, we sampled
100 random videos from each topic and manually tagged whether each video was
relevant to the target topic or not (i.e., we tagged yes if the video was relevant to
the topic, and no otherwise). The 100 tagged videos from each topic were used to
train the machine learning model to classify the rest of the videos. For building
the models, we used Google Cloud’s Vertex Al for text classification, which
selects the best machine learning model among their candidates (e.g., Gradient
Boost Decision Tree [7]). The models were trained and tested using the video
titles (F'1 = 0.96) and predicted the relevancy and irrelevancy scores for the
rest of the videos. We chose the videos that had higher relevancy score over
irrelevancy score. A random sanity check showed the validity of the approach.

2.2 Classifying Collaboration Videos

To construct the networks, we randomly chose the seed channels. Among the
pool of relevant videos, 100 videos were sampled, and their channels were listed.
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Among the listed channels, we manually filtered out channels that had collaboration-
based videos, and selected five channels that had largest volumes of videos. Using
the five channels as the seed channels, we chose the most recent five videos in
each channel. Then, we tagged whether each video was based on collaboration or
not. When a collaboration was identified in a video, a link was created between
the focus channel ID and the guest channel ID. Both channels were logged as
nodes, and then we continued to examine the five videos from the guest channel.

In this way, the manual tagging was conducted recursively as the networks grew
from the seed channels, until we reach either external guests (i.e., those who do
not have YouTube channels) or no collaborators.

The collaboration between two YouTubers were categorized into four net-
work types: one-time for an one-time collaboration between the host and guest,
regular for collaborations that regularly happened between the host and guest,
coincident for a collaboration that happened without planning, and ezternal for
a collaboration with guests who are not YouTubers. We also tagged whether the
guest channel was from the same topic as the host channel’s or not.

2.3 Network Visualization and Analysis

Gephi, a network analysis and visualization tool, was used to plot the collabo-
ration networks by modeling the channels as nodes, with their subscriber count
determining the size of the node (i.e., the higher the subscriber count, the larger
the node). Two heterogeneous, weighted, and undirected networks were created
where both nodes and edges had multiple types, and edge weight reflected the
number of collaborations between the two nodes. We color-coded the edges to
show the types of collaboration between two channels, and a separate color-
coding on the nodes to identify the channels from different topics. Table 1
presents the descriptive statistics of the networks.

Table 1. Descriptive network statistics.

Network statistic Gaming Beauty
# of Nodes 171 102
# of Edges 210 132
Average Degree of Nodes 2.46 2.34
Average Weighted Degree 4.62 3.79
Graph Density 0.01 0.02
Average Path Length 3.896 3.947
3 Results

We present the visualization of YouTubers’ collaboration networks for gaming
and beauty, respectively, in Fig. 1 and Fig. 2. Because the network sizes are
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Fig. 2. Collaboration network visualization of Beauty channels.
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slightly different between the two topics, it is difficult to directly compare their
network densities and the entire topological structures in our samples. However,
the random sampling of the nodes allows to compare the network heterogeneity
and some topological features.

First, the networks show the different levels of heterogeneity between the
two topics. While the gaming channels mostly collaborated with channels under
the same category (color-coded in red in Fig. 1), beauty channels collaborated
more with non-beauty channels. Regarding the collaboration types, the gam-
ing channels exhibit a greater number of regular collaborations (65% of total
collaborations within topic) than beauty channels do (Table 2). Also, gaming
YouTubers had collaborated with external people (e.g., influences from Insta-
gram) more than beauty YouTubers had. Meanwhile, one-time collaborations
were more frequent within the beauty topic (35%) when compared to gaming

(6%).

Table 2. Distribution of collaboration types.

Collaboration type Gaming Beauty
Regular 65.71% 48.48%
One-time 6.67% 34.85%
External 23.33% 16.67%
Coincident 4.29% -

Second, we plotted the distribution of degree centrality of the nodes in each
topic. We found that that the degree distributions of both gaming and beauty
collaboration networks followed the power law distribution as shown in Fig. 3,
just like other social networks. The difference is that the gaming network is more
skewed towards left than the beauty network, with a potential of a higher expo-
nent. This indicates that a fewer percentage of YouTubers in gaming may play
a key role as a hub in connecting other gamers, compared to beauty YouTubers.

Degree Distribution for Gaming Networks Degree Distribution for Beauty Networks

Fig. 3. Degree distribution of gaming and beauty channels’ collaboration network.
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4 Discussion and Future Work

Our preliminary analysis shows that YouTubers’ collaboration networks tend
to be scale-free, with a few channels having a higher number of collaborations
compared to the rest of the network, but with the different skewness across the
topics. Also, gaming and beauty topics displayed different levels of heterogeneity
in collaboration, indicating that videos may present very different types of collab-
oration patterns across different topics. Gaming YouTubers tend to collaborate
with others within the same topic, while beauty channels had more diverse types
of collaborators. These findings suggest that YouTubers in different topics may
have to manage the tension between cooperation and competition differently,
due to varying competition structures and sizes of the audience pool. Especially,
the crispness of the boundaries between ecological niches may vary significantly
depending on topics, which highlight the importance of niche overlaps in under-
standing the competition structures on YouTube [15].

Variations in the number of external collaborators outside of YouTube pro-
vide interesting implications for the coopetition processes. While our study does
not include any analyses of competition structures, YouTubers and external col-
laborators would minimally compete for similar resources (i.e., audience). In
that case, YouTubers might not need to manage the tensions too much from a
competition perspective; instead, understanding external collaborators’ motiva-
tion to work with YouTubers might become an interesting topic. In our samples,
the number of external collaborators was larger for gaming YouTubers, which
indicates that their intrinsic motivation to play games with YouTubers might be
one of the important factors in understanding the ecological processes.

As this study is in the early stage of preliminary analysis based on a small
sample of beauty and gaming videos, future work will have to scale up the study
by focusing on larger samples, broader topics, longitudinal aspects of the net-
work evolution, and further numerical analyses. Expanding the sample size and
time span will allow to examine (1) small-world characteristics [16], (2) ecologi-
cal niches and their boundary characteristics, (3) competition structures of the
niches, and (4) their effects on performances over time. Identifying these charac-
teristics will make it possible to understand how YouTubers manage the tension
between collaboration and competition, how the tension management strategies
lead to their success in the context of video-sharing social media, and how video
topics and network structures moderate the impact of the managerial factors.
Practically, future work based on this study will benefit video streamers in plan-
ning their collaboration strategies and platform designers in supporting their
users. Also, on-boarding streamers and media organizations can benefit from
understanding the organizing mechanisms in planning social media strategies.
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