
Journal of Industrial and
Management Optimization

https://www.aimspress.com/journal/jimo

JIMO, 22(1): 282–309.
DOI:10.3934/jimo.2026011
Received: 23 June 2025
Revised: 12 October 2025
Accepted: 22 October 2025
Published: 25 November 2025

Research article

When engagement performs better: Revenue management on user-generated
content platforms

Run Tang1, Zhengyang Wang2, Yangyang Peng 3,*, Ziyuan Zeng4, Tong Zhang5 and Yingjun
Shen6

1 School of Management Science and Engineering, Nanjing University of Finance & Economics,
Nanjing 210023, China

2 School of Government, Nanjing University, Nanjing 210023, China
3 Shenzhen Research Institute of Big Data, Shenzhen 518172, China
4 School of Public Policy, The Chinese University of Hong Kong, Shenzhen, Shenzhen 518172, China
5 College of Art & Science, Boston University, Boston, Massachusetts 02215, USA
6 Shenzhen Finance Institute, School of Management and Economics, The Chinese University of Hong

Kong, Shenzhen 518172, China

* Correspondence: Email: pengyangyang@cuhk.edu.cn.

Abstract: User-generated content (UGC) platforms, such as YouTube and TikTok, motivate creators
through revenue-sharing mechanisms. However, it remains unclear whether platforms should allocate
revenue based on viewership or user engagement. Linear viewership-oriented models often overlook
the crucial role of engagement, which directly influences both content exposure and advertising revenue.
In this study, we developed a stylized model comparing the Viewership-oriented Model (VOM) and the
Engagement-oriented Model (EOM). The analysis demonstrated that EOM encourages higher content
quality and platform incentives to promote engaging videos. When the revenue-sharing rates were
endogenously determined, EOM could yield Pareto improvements and generate a win–win outcome
for platforms and creators, reinforcing its managerial relevance. Overall, the study highlights that
engagement-based contracts enhance the effectiveness and sustainability for the long-term growth of
UGC platforms, offering practical implications for platform design and revenue management.
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1. Introduction

User-generated content (UGC) refers to original content in various forms, such as text, images,
videos, or audio, that is created and shared by users on online platforms rather than being professionally
produced [1,2]. UGC platforms have become the linchpins of the creator economy, a sector experiencing
significant growth and widespread attention [3]. These platforms are diverse, ranging from video-sharing
sites (e.g., YouTube, TikTok, and Vine) to social media networks (e.g., Facebook and LinkedIn) and
even niche communities like dating sites (e.g., eHarmony and Match.com). This diversity underlines
UGC’s rapid expansion and its significant market valuations [4]. With the growth and prevalence of
social media platforms, many companies have increasingly engaged with users, encouraging them to
generate content related to their products and services [5]. In particular, video-based UGC platforms
like TikTok, Youtube, and Bilibili are becoming the most popular UGC platforms. These platforms
are dominated by content created and uploaded by individuals known as vloggers or video bloggers.
The profitability of these platforms is largely driven by advertising revenue, which is closely related
to the viewership and engagement levels of the content. To incentivize content producers to produce
high-quality videos, the platform adopts different revenue-sharing mechanisms. For instance, YouTube
generated approximately $8.6 billion in advertising revenue in 2021, paying content creators around
$1,800 per 1,000 ad views [6]. Moreover, YouTube also offers content creators 55% of advertising
revenue as remuneration for making videos [7].

However, the UGC offers enormous opportunities for social media firms and leads to corresponding
challenges. Compared to the previous traditional revenue-sharing modes, however, heated debates
emerged a decade ago about which revenue-sharing mode generates and performs better, namely
viewership-oriented model (VOM), which linearly shares based on content views and
engagement-oriented model (EOM) which nonlinearly shares based on content engagement?
Understanding the answer to this debate is crucial for managing revenue on UGC platforms within the
creator economy. The debate remains unresolved despite these UGC platforms’ practice of the above two
revenue-sharing models.

In practice, several UGC platforms have already experimented with engagement-sensitive allocation
schemes that resemble the EOM we study. For instance, TikTok has replaced its earlier Creator Fund
with the Creator Rewards Program, under which payouts are influenced not only by the number of
qualified views but also by engagement-related factors such as watch time, originality, and interaction
rates [8, 9]. Likewise, Flip, a social commerce platform, recently launched a “Founding Creators
Fund” of up to $100 million, explicitly tying grants and equity rewards to creators’ engagement and
follower metrics [10]. These real-world practices show that major platforms are moving beyond purely
view-based sharing toward mechanisms that link rewards with engagement, providing concrete support
for our focus on EOM.

There are some valuable observations and metrics in the UGC. In addition to the content quality, a
video’s views are also closely related to the video’s exposure, which is affected by the promotion of
the video. Video platforms use AI algorithms to recommend specific videos to specific user groups
based on their data, such as age, gender, and browsing habits. According to statistics, more than 70% of
YouTube video content users watch is recommended by AI algorithms [6]. The algorithms filter out
high-quality videos that might be worth promoting and recommend them to users who may be interested.
The promotion of videos is a process of matching supply and demand. However, these algorithms cannot
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always accurately make appropriate judgments about the quality of videos, which requires artificial
traffic driving of videos. On the other hand, engagement metrics, such as views, likes, dislikes, and
subscriptions, are also crucial indicators of a video’s popularity and are closely related to its exposure
and revenue. In comparison, studies have shown that revenue-sharing mechanisms significantly impact
video quality and the profits of platforms and content creators [11], while the crucial role of engagement
rates in revenue-sharing models has received less attention. Engagement affects video revenue in two
main ways. First, videos with higher engagement receive more exposure because they reflect users’
recognition of the video quality. Second, videos with higher engagement rates often have higher ad
revenue rates. This means that even if two videos have the same number of views, they may not earn the
same revenue due to differences in engagement. For example, the revenue per 1,000 views (RPM) varies
from channel to channel on YouTube [12]. Unfortunately, researchers have ignored how engagement
impacts video exposure and revenue. Here, we study a revenue-sharing model where the revenue rate is
determined by engagement. By understanding the role of engagement in video promotion, the platform
can generate higher profits and provide better services for users.

Motivated by these observations, we investigate the revenue management problem for UGC platforms.
As a benchmark, we first investigate the advertising revenue-sharing model based on the VOM and
compare the results with the EOM. We attempt to build a stylized model in which the platform
independently drives traffic to a specific video. Thus, the platform needs to make decisions about video
exposure to achieve a balance between advertising revenue and recommendation cost. Furthermore, the
platform shares a part of the advertising revenue to content creators through revenue-sharing contracts
to stimulate them to create high-quality videos. Therefore, we propose the following three research
questions: (i) Compared with the VOM, are the platform and creator better off under the EOM? (ii) How
does the EOM affect video quality, recommendation behavior, and the performance of platforms and
content creators? (iii) How does the platform determine the appropriate commission rate?

Researchers investigating on UGC platform economics have primarily examined viewership-based
revenue-sharing mechanisms. For instance, the researchers in [11] and [13] show that linear, view-based
allocations can improve content supply and quality, but their effectiveness is constrained by external
advertising revenues. These approaches, however, overlook the critical role of user engagement, measured
by likes, comments, or subscriptions, which not only reflects user satisfaction but also directly enhances
advertising value. The lack of engagement-based analysis leaves an important gap in understanding how
platforms can design more effective incentive structures. We address this gap by explicitly modeling an
engagement-oriented mechanism and comparing it with the traditional viewership-oriented approach,
thereby providing new insights into the sustainability of revenue-sharing contracts.

By comparing the two revenue-sharing models, we find: (i) First, the revenue sharing commission can
be used as a lever for the platform to control both video quality and exposures, while the platform can
also increase profits for itself and content creators by using the tool wisely. The use of this tool is limited
by external ad revenue, and platforms are less limited in the EOM compared to the VOM. (ii) Second,
counterintuitively, the EOM can lead to higher profits for content creators when the sharing commission
is smaller. This is because the EOM incentivizes content creators in terms of both views and engagement.
This double incentive mechanism encourages content creators to create higher-quality videos and leads
to higher exposure, allowing content creators to earn more even with smaller commission revenue. (iii)
Third, our results show that the EOM can be a win-win policy for both platforms and content creators
when the sharing commission is set appropriately. This model cannot only improve video quality and
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video promotion but can also enhance the user’s experience on the platform compared to the VOM.
In addition, when considering endogenous sharing commissions, if the platform has an incentive to
improve quality, then both participants can achieve Pareto Improvements in the EOM.

The novelty of our work lies in explicitly incorporating user engagement into the revenue-sharing
framework of UGC platforms, an aspect largely overlooked in the existing literature that primarily
focuses on view-based allocations. By formalizing an EOM and comparing it with the traditional
VOM, our study goes beyond existing models and provides new insights into platform design. The
major contributions of this paper are threefold. First, we develop a stylized game-theoretic model
that highlights how engagement-based contracts change the incentives of both platforms and creators.
Second, we derive comparative results showing that, under suitable sharing rates, the EOM outperforms
the VOM by generating higher quality content, stronger incentives, and even Pareto improvements.
Third, we provide managerial implications by demonstrating that engagement-based mechanisms
can lead to sustainable win–win outcomes for platforms, creators, and users. Taken together, these
contributions advance the theoretical understanding of UGC platform economics and offer practical
guidance for platform managers in designing effective revenue-sharing arrangements.

The remainder of the paper is organized as follows. In Section 2, we review the related literature. In
Section 3, we provide some model preliminaries. We introduce the VOM and EOM in Sections 4 and 5,
respectively. Then, we compare the two models in Section 6. In Section 7, we extend the primary model
to verify the robustness of our conclusions when considering a symmetrical case and the endogenous
commission rate. In section 8, we conclude and look forward to future research.

2. Literature review

We study revenue management on user-generated content platforms. In particular, we review works
closely related to three streams of literature, i.e., multi-sided platforms, revenue sharing, and UGC.

The first relevant works mainly focus on multi-sided platforms. A critical issue in multi-sided platforms
is how to lead supply and demand [14]. The choice of a charging model is related to the market efficiency
of the platform’s supply and demand matching [15]. Traditional charging models, such as fixed and unit
transaction fees, are challenging to achieve on UGC platforms, so ad revenue sharing is the mainstream
operating mode of UGC platforms. In an on-demand platform, the platform can achieve the allocation of
supply and demand through pricing means and affect the profit and consumer surplus of the platform [16].
However, the role of pricing is limited in scenarios where the price is not involved, such as the UGC
platform we studied, where most of the content is provided spontaneously by users and allowed to consume
(watch) for free. Therefore, it is necessary to find new means to achieve supply and demand matching in this
scenario. One possible solution is a platform-led matching process, the platform recommends specific videos
to specific users. However, literature in this area focuses on developing more efficient recommendation
algorithms [17–19]. However, the economic analysis of video recommendation is insufficient, so this
paper studies the traffic-driving action of the platform to fill the theoretical blank in this regard. Platform
advertising strategy and content production are other important research directions. Platforms need to make
tradeoffs between ad revenue and content charges [20–23] and balance advertising volume and content
volume [24, 25]. The researchers in [26] point out that the performance-based payment mechanism is
gradually replacing the traditional pay-per-exposure mechanism in the advertising industry. User interaction
with video is often taken as a performance standard for video quality, and the revenue-sharing model
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based on engagement rate is also a sharing model similar to performance-based payment. This paper treats
advertising revenue as external revenue to the platform, focusing on internal revenue sharing between the
platform and content creators. The researchers in [27] study the relationship between user engagement
and the effectiveness of advertising, and their work suggests that advertising policies should depend on
user engagement. While few researchers have touched on the connection between user engagement and
advertising revenue, our research complements this insight by demonstrating that platforms can use user
engagement to more effectively motivate content producers.

Traditionally, revenue sharing has become a common practice on many platforms, and the revenue-
sharing mechanism of advertising is the main content of our research. Some scholars have designed
several subsidy policies to cope with different market conditions [28–33]. Unfortunately, due to the
limitations of application scenarios, the method they adopt is difficult to apply to online digital platforms.
The researchers in [34] consider the tendency of both supply and demand sides of online platforms
to be multi-homing, and their research shows that if one side is subsidized alone, it may not bring
about an increase in profit. In the UGC platform, the platform doesn’t need to subsidize both the
supply and demand sides simultaneously because the platform does not directly obtain value from
the demand side, and the revenue mainly comes from external advertisers. Therefore, compared with
the traditional subsidy model, advertising revenue sharing is more feasible. In music streaming, two
focal rules, pro-rata and user-centric, have been axiomatized and compared in terms of sustainability
and incentives [35–37]. These studies show that allocation based on individual users’ consumption
(user-centric) can reshape incentives and the distribution of payouts relative to market-share (pro-rata)
schemes. Our EOM is conceptually analogous: It shifts the basis of allocation from total view counts
to realized engagement, thereby strengthening incentive alignment when engagement is informative
of quality and advertising value. The researchers in [38] propose a dynamic framework for attributing
revenues across creators on video-sharing platforms, illustrating how allocation schemes evolve with
user behavior. The researchers in [39] study the interplay between subscription revenues and advertising
strategies on YouTube, showing that monetization design influences both creator incentives and audience
engagement. These studies shed light on platform-specific mechanisms, but still largely adopt viewership
as the main basis for allocation. Empirical research by the researchers in [40] show that ad revenue
sharing stimulates creators’ creative efforts, leading to higher quality and more content. The researchers
in [41] construct a game theory model to study the impact of a platform’s advertising strategy on content
generation, and their results also implied that revenue sharing should depend on viewer satisfaction, a
metric that is represented in our model by engagement rates. Innovative revenue-sharing models are
crucial to the success of platforms, yet disputes between platforms and users over the distribution of
revenue sharing can arise [42]. Our research shows that if the platform considers altruism and sustainable
operation, it is possible to apply non-optimal revenue share rates to achieve Pareto improvements for
both participants. This paper contributes to the literature on revenue-sharing models for UGC platforms,
which have been extensively studied in recent years. Researchers have primarily focused on the impact
of view-based revenue-sharing models, such as the VOM, where content creators are compensated based
on the number of views their videos receive. For instance, the researchers in [11] analyze the effects
of linear ad commission models on content quality and creator profits, while the researchers in [13]
emphasize the role of revenue-sharing in platform design and content creator incentives. However, a
significant gap in the literature is the limited attention given to the role of user engagement in revenue-
sharing models. Although some studies, such as [41], mention the importance of engagement, most
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existing models focus on view counts as the primary metric for content compensation. The engagement
metrics, such as likes, shares, and comments, which reflect the quality and relevance of content, have
not been adequately integrated into revenue-sharing frameworks. In contrast to these studies, our paper
introduces a more comprehensive model by incorporating both viewership and engagement into the
revenue-sharing structure. We propose the EOM, where the revenue share is determined not just by
the number of views, but also by the level of user engagement. This approach enables a more nuanced
understanding of how platforms can incentivize content creators to produce high-quality, engaging
content. We further compare the EOM with the traditional VOM, showing that the EOM can lead to
higher profits for both content creators and platforms, particularly when the sharing rate is optimized.

Another topic relevant to our research is user-generated content. Many researchers have studied the
driving factors behind user-generated content. The incentive of honor to UGC content is temporary [43],
and the herding effect is the main driving force of UGC content [44]. The researchers in [45] show that
users are motivated to produce content based on intrinsic satisfaction and gaining status and reputation.
The researchers in [46] argue that exposure and reputation are the main motivators for creators. In some
studies, UGC does not generate value, but UGC creates value for related products [47]. In this study, we
consider that UGC will bring direct value to the creator. The empirical research of the researchers in [48]
shows that there is a critical value in the number of contributors(viewers). To enhance the value of UGC,
some users can be directed to other UGC. This inspired us to consider studying the optimal exposure
of a particular UGC. However, exposure is often overlooked in UGC-related theoretical models. We
believe platforms can artificially expose and drain videos of different quality levels to obtain views and
advertising revenue more efficiently. Therefore, we allow the platform to rationally decide the exposure
of a particular video under the premise of considering the economy. Some studies examine how to
incentivize the production of UGC in competitive scenarios. The researchers in [4] study the competition
among UGC platforms, finding that the differentiation of UGC can affect a platform’s market position
and the intensity of competition. Conversely, we focus on how UGC platforms, in non-competitive
settings, allocate resources effectively to guide users in watching videos, maximizing their profits. The
researchers in [49] reveal that pure monetary incentives may not necessarily elicit a positive impact on
UGC, as diverse types of contributors may exhibit varying responses to such incentives. This observation
poses a challenge to the conventional, ubiquitous “one-rate-for-all” linear revenue-sharing mechanism.
Concurrently, The researchers in [50] investigate into the moderating role of social connections on
monetary rewards. Their findings indicate that users with a strong sense of social connections experience
an augmentation in their motivation to contribute when receiving monetary incentives, whereas those
with weaker social connections exhibit the opposite trend. User interaction, or user engagement, serves
as a crucial manifestation of this sense of social connection. Based on this premise, we hypothesize that
platforms may offer differentiated monetary rewards contingent upon user engagement. Indeed, several
studies have already focused on users’ engagement behavior. Engagement signals (likes, comments,
and watch time) are strong predictors of future exposure and outcomes on video platforms [51]. The
researchers in [52] document how YouTube’s recommendation system relies heavily on engagement
signals to personalize video exposure. This line of research underscores that engagement is not only
a reflection of content quality but also a driver of advertising value and exposure. The content and
its characteristics will affect the users’ engagement [5]. The empirical research of the researchers
in [53] show that the user’s praising, commenting, and sharing behavior will affect the quality of the
creators’ published content. In this paper, the behavior of praise, comment and sharing is defined
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as the user’s interactive behavior because, in essence, these behaviors reflect the user’s feedback on
the content. We attempt to reveal the nature of user engagement that motivates producers to produce
high-quality content. The researchers in [54] construct a two-period game model to study the impact of
user ratings and reviews on UGC advertising strategies. In the research framework of this paper, user
ratings and reviews are considered as engagement. They looked at how these user interactions affected
price and advertising strategies while we focused on how user interactions could be used to incentivize
supply. In addition to the revenue-sharing mechanisms, researchers have examined the role of content
promotion and view allocation policies on digital platforms. Some researchers analyze how bonus
incentives influence streamer performance on live streaming platforms, emphasizing the importance of
compensation schemes in driving content creation. Some researchers provide an in-depth examination
of content promotion and view allocation policies, which closely aligns with our study, as they also
explore the platform’s role in determining content exposure. These works are particularly relevant to
our analysis of platform strategies in maximizing creator engagement and content visibility.

In conclusion, our research contributes significantly to the extant body of literature on UGC platforms
by addressing several pivotal gaps. First, we advance the traditional revenue-sharing paradigm by
introducing a nonlinear framework, thereby broadening the conceptual boundaries of contract design.
While researchers predominantly assume that platforms allocate revenue proportionally to content views
using linear formulas [55], our approach innovatively ties revenue-sharing mechanisms to engagement
rates. This model not only enriches the analytical comparison with conventional linear models but
also provides a more nuanced understanding of revenue allocation strategies. Second, by establishing
a direct link between engagement rates and content profitability, we underscore the critical role of
engagement in enhancing the quality and visibility of content. Although empirical research has
consistently demonstrated the positive impact of engagement on UGC output and quality, the underlying
mechanisms remain underexplored. Our theoretical framework addresses this lacuna by elucidating
how platforms can strategically optimize content quality and exposure through dynamic adjustments
in commission rates based on engagement metrics. Our findings indicate that setting well-calibrated
benchmarks fosters mutual benefits for platforms and content creators, driving sustainable growth on
both sides. Last, we examine the platform’s proactive role in traffic redirection, extending beyond its
conventional function of mediating supply and demand. Unlike most researchers, who treat content
exposure as a passive outcome, our analysis highlights the strategic agency of platforms in shaping
visibility, whether through algorithmic prioritization or manual curation. By modeling these proactive
exposure strategies, our research offers novel insights into revenue management for two-sided platforms,
paving the way for more sophisticated approaches to content monetization and ecosystem governance.

3. Model preliminary

We analyze a game involving four key participants: External advertisers, the platform, video bloggers,
and users. Using a stylized model, we investigate how users engage with and interact with content. Our
primary focus is on the creative efforts of content creators, the platform’s promotional activities, and
how these behaviors are influenced by the revenue-sharing model. Specifically, we assume a monopoly
video UGC platform that attracts and promotes creator-generated videos. In turn, content creators must
decide how much effort to invest in producing their content.
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We consider the decision sequence (see Figure 1). First, the vlogger decides to create a video
with a quality rating q and upload it to the platform. Subsequently, the platform determines the video
exposure η. The recommended users can observe the video on the home page and decide whether to
watch and engage. Specifically, user engagement refers to the general term of the interactive behaviors,
including like, share, and comment behavior, that users spontaneously perform after watching the video
because of recognition of the video quality. To maintain tractability, we assume that the platform
determines video exposure prior to observing user engagement outcomes. This assumption enables us
to focus on the comparative incentive effects of VOM and EOM without modeling the full dynamics
of recommendation algorithms. We acknowledge that in practice, platforms often adopt a sequential
process in which preliminary engagement signals (e.g., watch time, likes, and comments) are used to
adjust subsequent exposure. Incorporating such a feedback mechanism would require a multi-stage
game-theoretic framework, which we leave as a valuable direction for future research.

Figure 1. Decision sequence.

There are three types of users, namely watch-and-engage users who will interact with other users
while watching videos, watch-only users who will only watch the videos without engagement, and
not-watch users who will do neither. The behavior of these users watching the video and interacting is
shown in Figure 2.
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Figure 2. User behavior selection.

Journal of Industrial and Management Optimization Volume 22, Issue 1, 282–309.



290

There may be potential negative utility of advertising for users. However, in our model, we do
not explicitly account for this effect for several reasons. First, our focus is on UGC platforms, such
as YouTube or TikTok, where advertising is typically non-intrusive and non-compulsory. Ads are
often placed unobtrusively, such as in banners or at the end of videos, and users are not forced to
engage with them. Second, since UGC platforms give users control over the content they watch,
we believe the negative impact of advertising is minimal. Users are more likely to tolerate or even
appreciate ads, especially when they are creatively integrated. Last, researchers, such as those in [26],
focus on traditional media platforms with mandatory ads, which differ significantly from the voluntary,
user-controlled ad experience on UGC platforms.

Users will estimate the quality of a video before watching it. The actual quality of the video consists
of the basic quality and the quality related to the vlogger’s efforts [11]. Due to individual differences
and preferences for video types, we assume that the utility that user groups derive from the base quality
of a particular video is heterogeneous. The video’s basic quality, independent of the vlogger’s effort, is
represented by θ, which follows a uniform distribution U(0, 1). Moreover, the video blogger will devote
time, money, and other resources during the production process, all of which will affect the final quality
level of the video. We use q to represent part of the video quality affected by the video blogger’s efforts.
Users will perceive the actual quality of the video while watching the video and taking interactive
actions. That is, the higher quality video leads to higher user utility. When a user watches a video, he
or she will spend an amount of time equal to the length of the video. Even if the user does not finish
watching a particular video, it takes a certain amount of time for the user to confirm the actual quality of
the video. Other videos cannot be watched during this period, so some costs will be generated for the
user to watch a specific video. We use c1 to represent the time and opportunity costs of a user watching
a video. Similarly, users will consume corresponding time and opportunity costs when engaged, so we
use c2 to represent them uniformly. Thus, the utility of watch-and-engage users is:

UA = θ + q − c1 − c2. (3.1)

We denote byUB the utility of a user who only watches the video without engaging (e.g., does not
like, comment, or share). We model this utility as

UB = ζθ + ζq − c1. (3.2)

If a user decides to watch a video without any engagement, he will undoubtedly save a certain amount
of time, but he will also lose some of the fun due to the lack of user engagement. To capture this loss of
utility, we use ζ ∈ (0, 1) to represent the proportion of utility users retain by watching a video without
engagement. This discount effect affects both the utility that users get from the basic quality (θ) and
the perceived actual quality of the video (q). Finally, c1 denotes the consumption cost (e.g., time or
attention) incurred by watchers. Under these assumptions, a passive watcher’s net utilityUB may be
lower than the utility of a watcher who also engages,UA = θ + q − c1 − c2, depending on ζ and c2.

Proposition 3.1. Users type θi, i ∈ {1, 2, 3} and the proportion of users X and Y satisfy

(i) θ1 =
c2−q−ζq

1−ζ , θ2 =
c1−ζq
ζ

, θ3 = c1 + c2 − q,
(ii) X = 1 − c1−ζq

ζ
, Y = 1 − c2−q+ζq

1−ζ .
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The proposition fundamentally delineates the decision-making process by which users determine
whether to engage actively with a video or merely view it passively. This decision hinges on the
video’s perceived quality, the vlogger’s exerted effort, and the associated costs. Among these factors,
the time and opportunity cost c1 incurred by passive viewing, coupled with the absence of interactive
engagement, enable users to circumvent the additional time and opportunity cost c2 associated with
interactive behaviors. We refer to these user choices as Watch & Not Engage (see Figure 2). The
proposition introduces three key cutoff points, θi, i ∈ {1, 2, 3}, which represent thresholds in the decision-
making process for different types of users. The proportion of users who will watch and engage X or
only watch Y depends on how the costs and quality balance for each group. The proposition outlines
how different factors, base quality (θ), vlogger effort (q), and user costs (c1, c2), affect user decisions
to engage with or simply watch a video. As the vlogger’s efforts (q) increase, more users are likely to
engage, but higher costs (c1, c2) reduce the likelihood of both watching and engagement. The cutoffs
θi, i ∈ {1, 2, 3} help to classify user behavior based on these trade-offs.

4. VOM

We build the profit function of the platform first and then the vlogger’s profit function according to
the game’s reverse order. The core issue for platforms to make decisions is to determine the exposure of
a video after the vlogger uploads it. We use η to indicate the final promotion volume of the video by the
platform. Thus, the profit optimization problem of the platform is:

sup
η>0
Πp1(η) = sup

η>0

(
(m − w1)ηX −

αη2

2

)
,

s.t. w1 = κ.

(4.1)

The marginal gain per content view, denoted by m, reflects the platform’s external advertising
revenue. Platforms such as YouTube leverage diverse advertising formats. For example, YouTube
employs pre-roll ads (displayed before video playback), display ads (embedded within the viewing
page), and overlay ads (running concurrently with video content) [56]. Although these formats vary,
they share a common characteristic: Users are exposed to advertisements while watching videos, and
advertisers are charged based on the number of ad impressions. Therefore, it is reasonable to posit that
platform revenue is directly tied to the number of video views, irrespective of ad type.

We define w1 as the per-view revenue allocated to content creators by the platform. In our
foundational model, we assume w1 equals κ, ensuring a linear relationship between the platform’s
payout and the number of views. Before the engagement, the platform establishes this revenue-sharing
parameter κ, thereby rendering the linear commission model synonymous with w1 and κ. Let η
represent the number of video impressions the platform chooses to generate. The platform determines
how many recommendations it will present to users likely to exhibit interest in the video. We operate
under the assumption that the pool of potential viewers is sufficiently large for the platform to decide
how many referrals to make without being constrained by the overall user base size. This assumption is
particularly applicable to dominant market players like YouTube, which have significant user reach.

We introduce a quadratic term αη2

2 to capture the platform’s expenditure on video promotion. As
the number of targeted users increases, so does the complexity and cost of matching content with user
preferences. Even with the advancements in big data analytics, accurately aligning supply with demand
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becomes increasingly expensive as the platform scales its user base and expands its content offerings.
Additionally, there is an opportunity cost associated with promoting one video over others, which
we incorporate into the model by assuming promotion costs grow quadratically with the number of
users targeted. In our framework, the platform’s revenue share allocated to content creators is solely
dependent on the number of views. Specifically, the platform grants the vlogger a commission of ηXκ.
Considering that this model adopts a linear sharing rate primarily aimed at incentivizing viewership, it
is termed the viewership-oriented linear sharing model, hereafter referred to as the linear sharing mode.

Next, we construct the vlogger’s earnings function. In the current digital landscape, many individual
content creators collaborate with economic entities, such as multi-channel networks (MCNs), on the
platform. Whether a vlogger independently produces content or hires a team for video production, the
core issue remains the same: Determining the appropriate level of investment in video creation and the
anticipated quality necessary to generate revenue from the platform or external sources. In this paper,
we model and optimize content quality, where creators must balance expected returns with associated
costs, irrespective of whether they have a team supporting them.

In this model, the operational activities of any involved team are regarded as components of an
integrated system. When a team exclusively supports a vlogger, with revenue distributed under a
predefined contract, the vlogger and the team are effectively treated as a single vertically integrated
entity. Moreover, we emphasize the platform’s role in promoting potentially high-performing videos,
thereby excluding direct revenue streams from external advertising or sponsorship agreements. As a
result, content creators are presumed to concentrate exclusively on optimizing video quality to maximize
their earnings through the platform.

sup
q>0
Πu1(q) = sup

q>0

(
w1ηX −

βq2

2

)
,

s.t. w1 = κ.

(4.2)

Among them, the creative incentives that content creators get from the platform are related to the
video’s number of views. We assume that the cost of the vlogger increases twice as the video quality
increases and denote β as the cost coefficient of the vlogger. Therefore, the cost of making a video for
a vlogger is βq

2

2 . The following NASH equilibrium can be obtained by solving this game by reverse
induction.

q∗ =
2κ(m − κ) (ζ − c1)(
αβ + 2κ2 − 2κm

)
ζ
, η∗ =

β(m − κ) (ζ − c1)(
αβ + 2κ2 − 2κm

)
ζ
. (4.3)

Assumption 4.1. m ≤
√

2αβ, c2 ≤ 1 − ζ.

Assumption 4.1 ensures that the number of users engaging with the content remains positive. It is
essential to guarantee that the proportion of interacting users is strictly greater than zero (i.e., Y > 0).
This is because we exclude videos that are only passively viewed, as interaction is central to our analysis.
Moreover, when the interaction ratioY = 0, the income share w1 drops to zero, making it impossible for
content creators to earn revenue, which would be an unrealistic scenario. Hence, maintaining a positive
Y is critical, while, the condition c2 < 1 − ζ ensures a positive interaction ratio even when video quality
is at its lowest (q = 0). In other words, when this condition holds, videos will receive some level of
interaction when their quality exceeds zero. The underlying rationale of c2 < 1 − ζ is a comparison
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between the costs and benefits of user engagement. This condition suggests that for interaction to occur,
users must find sufficient value in engaging with the content. In essence, the enjoyment or benefits
derived from interacting with a video should outweigh the time and opportunity costs incurred.

Lemma 4.2. Let 2κ = m −
√

m2 − 2αβ and 2κ̄ = m +
√

m2 − 2αβ. The willingness of participants to
engage in activities on a UGC platform must satisfy the following conditions:

(i) If m ≥
√

2αβ, then there exist κ, κ̄ ∈ (0,m) such that κ ≤ κ or κ ≥ κ̄.
(ii) Otherwise, for all κ, this condition holds.

The incentive rationality must be met as we should obtain meaningful equilibriums. Specifically, we
ensure that the vlogger is willing to invest in generating content under a certain quality (i.e., q > 0), and
the platform has the motivation to promote it (i.e., η > 0). Lemma 1 establishes that a strictly positive
equilibrium exists under the condition that m is compared to

√
2αβ. Here, m represents external revenue,

while
√

2αβ is a threshold. If m surpasses this threshold, it indicates exceptionally high external revenue;
conversely, if m falls below the threshold, it reflects moderate external revenue.

Lemma 1(i) further demonstrates that, when external revenue is exceedingly high, both parties lack
the incentive to participate when the sharing parameter κ lies within the range κ < κ < κ̄. These values,
symmetrically distributed around m

2 , indicate that a revenue-sharing rate near half of the external revenue
proves unsatisfactory for both. High external revenue forces both the vlogger and the platform to exert
considerable effort, escalating costs to the point where they outweigh potential profits, resulting in
disengagement from both sides; neither high-quality content is produced nor is the video promoted.
However, when κ falls outside this range, i.e., either κ < κ or κ > κ̄, the effort from one party is tempered,
controlling costs and allowing both to secure positive profits.

On the other hand, with moderate external revenue, the gap between revenue and costs remains
manageable. Ensuring that, regardless of the platform’s choice of κ, the vlogger remains incentivized to
create content, and the platform is willing to promote it. This scenario of moderate external revenue
reflects typical market conditions. Thus, we assume m ≤

√
2αβ in the primary model and explore the

symmetrical case where m >
√

2αβ in Extension 7.1.

Proposition 4.3. Assume that 4.1 holds. Then, the following conditions are satisfied:

(i) When κ < m
2 , q∗1 and Πu1 increase with κ; otherwise, q∗1 and Πu1 decrease with κ.

(ii) When κ < m −
√

2αβ
2 , η∗1 and Πp1 increase with κ; otherwise, η∗1 and Πp1 decrease with κ.

Proposition 4.3 illustrates that when the platform’s revenue-sharing rate is less than half of its
external revenue, increasing the rate positively impacts video quality. This suggests that the platform can
strategically leverage the revenue-sharing rate to incentivize creators to produce higher-quality content,
thereby enhancing profitability without necessarily increasing exposure. However, this approach has
inherent limitations. When the sharing rate remains below half of external revenue, incremental increases
effectively boost both creator motivation and platform profits. Yet, as the rate approaches or exceeds
half, its marginal benefits diminish. At higher sharing rates, creators may become discouraged, reducing
their effort and lowering overall profitability. Furthermore, the platform faces higher operational costs,
which dampen its willingness to promote videos, leading to reduced exposure and diminished profits for
both the platform and creators. The platform’s profit grows with the sharing rate only up to a certain
threshold, where the balance between costs and returns is optimized. Beyond this threshold, the returns
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decrease, and further increases in the sharing rate become counterproductive. Therefore, a rational
platform would exercise caution when considering additional increases in commissions, prioritizing
sustainability and long-term profitability.

In summary, the revenue-sharing rate is the platform’s tool for balancing content quality and profit,
though its effectiveness is capped by external revenue. It remains advantageous only when it stays below
half of the external revenue. As external revenue increases, the platform gains more flexibility in using
this lever to optimize both quality and profitability, making external revenue a key determinant in this
strategy.

5. EOM

In this section, we introduce a revenue-sharing model, referred to as the Engagement-Oriented
sharing model (EOM), where the commission is determined by user engagement with the content. The
decision-making sequence of the game remains unchanged, where only the profit structure for both
participants is modified, while user behavior follows the same pattern described earlier in section 3.
We analyze the profit structure for both participants by backward induction. After receiving the video,
the platform determines the level of exposure it will provide while keeping the other fundamental
assumptions intact, except altering the revenue-sharing commission. The platform’s profit in this model
can be expressed as follows:

supη>0Πp2(η) = supη>0

(
(m − w2)ηX − αη

2

2

)
,

s.t. w2 =
κY
X
.

(5.1)

We propose a commission to reflect the video’s engagement rate, which is defined as the proportion of
interactions relative to total viewership. Specifically, we define w2 as kY

X
, whereY represents the number

of users engaging with the content and X the total number of views. In this model, the engagement
rate Y (and watch rate X) is not an exogenous parameter but a function of the creator’s chosen strategy
quality q, i.e., Y = Y(q). The engagement depends on the interaction between the creator’s effort
(which is influenced by their strategy q) and the platform’s policy (determined by the parameter κ). This
introduces a non-linear relationship between w2 and κ. Setting w2 as a multiple of the engagement rate
offers two clear advantages for the platform: First, it incentivizes content creators to produce highly
interactive videos, enhancing user engagement; second, engagement rates provide a more accurate
measure of video quality than view counts, which are more susceptible to manipulation. Platforms
like Bilibili already use similar methods, where videos with higher engagement, despite similar view
counts, may generate higher revenue. Similarly, YouTube’s revenue per 1,000 views (RPM) varies
across channels [12]. In this model, the sharing parameter κ remains fixed and exogenously determined,
but the commission fluctuates from κ to kY

X
, depending on the engagement. Since Y is a function of

the creator’s strategy q(κ), the resulting revenue-sharing commission w2 is non-linear with respect to κ.
We refer to this structure as an engagement-based revenue-sharing model. In this framework, content
creators decide on the quality level of their videos, and thus, we construct the content creator’s profit
function accordingly.

supq>0Πu2(q) = supq>0

(
w2ηX −

βq2

2

)
,

s.t. w2 =
κY
X
.

(5.2)
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After comparison, it can be seen that only the commission changed, w2, has the first item in the profit
expression. w2nX is a payout of the platform, which is also the vlogger’s earnings. The following Nash
equilibrium can be obtained by backward induction,

q∗2 =
κmζ (2 − c2 − 2ζ) − 2κ2ζ (1 − c2 − ζ) − κmc1(1 − ζ)(

αβ + 2κ2 − 2κm
)

(1 − ζ)ζ
, (5.3)

η∗2 =
αβ

[
m (ζ − c1) (1 − ζ) − ζκ (1 − c2 − ζ)

]
− κm(m − κ)

[
ζc2 − c1(1 − ζ)

]
α
(
αβ + 2κ2 − 2κm

)
(1 − ζ)ζ

. (5.4)

Lemma 5.1. Under the EOM, the participation conditions of both players in the game are consistent
with VOM.

Lemma 5.1 reveals the commonness of the two revenue-sharing modes. Looking back on our
discussion of Lemma 4.2, we can conclude that changing the revenue-sharing model will not affect the
willingness of both players to participate. What can affect the platform and ’ willingness to participate
is the platform’s external rate of return m, the sharing parameter κ, and the cost structure of both
participants. Here, we still keep the assumption that m ≤

√
2αβ unchanged and discuss the case under

m >
√

2αβ in extension 7.1.

Proposition 5.2. If assumption 4.1 holds, then the following will be satisfied,

(i) When κ < m/2, the video quality q∗2 and the profit of creator Πu2 increase in κ; when κ ≥ m/2, the
comparative statics of q∗2 and πu2 with respect to κ are generically ambiguous.

(ii) When κ > m/2, the exposure η∗2 and the platform’s profit Πp2decrease in κ; when κ ≤ m/2, the
comparative statics of η∗2 and πp2 with respect to κ are generically ambiguous.

As stated in Proposition 5.2, when the revenue-sharing rate is relatively low, both video quality and
the platform’s profit improve as the rate increases. This highlights that, even in an engagement-oriented
revenue-sharing model, the sharing rate remains a powerful lever for enhancing video quality and
profitability. However, there are two key differences to consider. First, the effective range of this tool is
broader. In the traditional model, platform profit begins to decline once the sharing rate surpasses a
certain threshold. In contrast, the EOM offers a wider range where increasing the rate continues to boost
platform profit, providing greater flexibility for the platform to maximize returns. A similar pattern
applies to increasing video exposure. Second, the EOM may maintain effectiveness even beyond typical
limits. In traditional models, when the sharing rate exceeds half the external revenue, both video quality
and content creators’ profits usually decline, as higher commissions dampen motivation. However, in
the engagement-oriented model, this adverse effect may not occur. Under certain conditions, even a
sharing rate exceeding the conventional range can still positively impact video quality and profit. We
emphasize that for κ ≥ m/2 the comparative statics ∂q∗2/∂κ and ∂π∗u2/∂κ are not determinate under the
baseline assumptions (their signs depend on other model parameters and interaction terms), and likewise
for κ ≤ m/2 the comparative statics ∂η∗2/∂κ and ∂π∗p2/∂κ are not determinate; accordingly, Proposition 3
reports only the parameter regions where definitive monotonicity can be established.

Streaming platforms have favored the traditional viewership-based model for its simplicity and ease
of implementation. Its mathematical straightforwardness has also made it a popular choice among
researchers. In comparison, the EOM is more intricate and less intuitive. Since engagement generally
accounts for a smaller proportion of viewership, the EOM results in lower commissions for creators.
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This raises new questions: Will higher expenditures place additional financial strain on the platform?
And will increased revenue-sharing rates genuinely motivate creators to produce better content?

6. Comparison of VOM and EOM

In this section, we will conduct a comparative analysis of the VOM and the EOM, focusing on
how each contract impacts the profits of both the platform and content creators. Since the EOM is
considered an improvement over the traditional VOM, we aim to determine whether the EOM can
more effectively incentivize creators and lead to a Pareto improvement for the overall system. In both
models, the platform’s profit and video exposure rise and fall together, while the content creator’s
profit and video quality follow the same pattern. This reflects the profit-driven behavior of both parties.
As both are assumed to be rational, each participant seeks to maximize their respective profits. As a
result, preferences for one model over the other will vary based on the profit outcomes. We propose the
following insights based on a comparative evaluation of the platform’s profits under the two models.

Proposition 6.1. Assume that Assumption 4.1 holds. If κ > m2−αβ

m , then Π∗p2
> Π∗p1

. Otherwise,
Π∗p2
≤ Π∗p1

.

Proposition 6.1 elucidates the platform’s differing preferences between the two revenue-sharing
models. It demonstrates that when external revenue falls within a moderate range, the engagement-based
model becomes more profitable only when the revenue-sharing rate surpasses a specific threshold.
Below this threshold, the linear model proves more advantageous. In both cases, the sharing rate acts
as an incentive for content creators to produce higher-quality content, which in turn drives increased
profitability, referred to as the incentive effect. However, the sharing rate also incurs costs for the
platform, introducing what is known as the cost effect. When the sharing rate is low, the incentive effect
predominates, and the linear model, offering higher payouts, better stimulates content creation. In such
cases, the cost savings of the engagement-based model are insufficient to compensate for the stronger
incentive effect provided by the linear model, thus rendering the latter more favorable.

As the sharing rate exceeds the threshold, the cost effect begins to dominate. The engagement-
based model becomes more cost-efficient, requiring lower payouts to creators, thereby amplifying its
cost advantage. Additionally, as previously discussed, the engagement-based model offers a broader
range of incentives, while the linear model’s efficacy in motivating creators diminishes as the sharing
rate increases. Consequently, once the sharing rate surpasses a certain level, the engagement-based
model becomes more profitable than the linear model, owing to its superior cost-efficiency and broader
incentive scope.

Let c1 =
ζc2κm2−2αβζ[m(1−ζ)−κ(2−c2−ζ)]

[2αβ(κ−m)+κm2](1−ζ)
and c2 =

2αβ(m−2κ)(1−ζ)
κ(m2−2αβ) . Under the assumption 4.1, from the side of

the producer, we have the following proposition,

Proposition 6.2. Assume that Assumption 4.1 holds. Then the following conditions are satisfied:

(i) When κ ≥ 2αβm
2αβ+m2 , the EOV mode dominates the VOM mode for the content creator.

(ii) When m
2 < κ <

2αβm
2αβ+m2 , there exist c1 ∈

(
0, ζc2

1−ζ

)
and c2 ∈ (0, 1− ζ) such that either c2 ≤ c2 or c2 > c2

and c1 > c1, where the EOV mode dominates the VOM mode for the content creator.
(iii) Otherwise, the VOM mode dominates the EOV mode for the content creator.
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Proposition 6.2 reveals that the EOM may be more profitable for content creators. EOM ties the
revenue-sharing rate to user engagement, which is typically less than 1, and the actual commission
earned by creators is lower than in the linear model. In other words, content creators might prefer a
model that offers a smaller commission under the right conditions.

The reason for this preference lies in the EOM’s ability to more effectively incentivize creators to
produce high-quality content. User interactions serve as a more accurate reflection of user approval
and preferences, which in turn better correlate with content quality. While the traditional linear model
incentivizes creators by rewarding views, the engagement-based model goes further by also rewarding
user engagement. This double incentive mechanism links profit margins directly to engagement rates,
stimulating higher-quality content creation. As the quality improves, the platform allocates greater
exposure, ultimately leading to increased traffic and higher profits for the content creator. According to
Proposition 6.2, for a video blogger to achieve higher profits under the engagement rate-based model,
the sharing parameter κ must be sufficiently large (κ ≥ 2αβm

2αβ+m2 ). A smaller κ fails to provide adequate
motivation for the blogger. Due to the double incentives of engagement and views, this model proves
more profitable than the linear model, which focuses solely on views. Additionally, Proposition 6.2(ii)
indicates that when κ is moderate

(
m
2 < κ <

2αβm
2αβ+m2

)
, certain additional conditions must be satisfied for

the engagement rate-based model to remain more profitable. These conditions pertain to user interaction
behavior and viewing costs.

The first condition relates to the user’s engagement cost, typically representing the time required for
interaction. High interaction costs can reduce engagement rates, making it essential for the platform
to minimize barriers and ensure seamless, accessible interaction. If the interaction cost is too high
(c2 > c2), the platform must compensate by ensuring that the cost of watching the video (c1 > c1). This
cost is influenced by the video’s length; if the video is too short relative to the interaction time, the
resulting low interaction rate may diminish sharing rates and overall profitability.

In summary, when κ is large, no additional conditions are necessary, as users are sufficiently
incentivized. However, when κ is moderate, it is essential to ensure either low interaction costs or that
the video length aligns well with the interaction time to maintain profitability.

Corollary 6.3. When the dominant condition of the producer is satisfied, both participants of the game
achieve Pareto improvement under the EOV.

Corollary 6.3 demonstrates that under certain conditions, the engagement rate-based revenue-sharing
model can provide greater profits for both participants compared to the traditional linear model, resulting
in a “win-win” scenario. Achieving Pareto improvement aligns with the dominant conditions for
the model. This occurs because the platform can easily secure higher profits from the engagement
rate-based model by ensuring the sharing parameter κ is sufficiently large. Moreover, the video blogger
may face some cost constraints (c1, c2). Thus, it is only necessary to ensure that the blogger’s preference
conditions are met for both parties to benefit from the engagement-based model. In Figure 3, we apply
the conditions from Propositions 5.2 and 6.1, as well as the conclusions from Section 7.1, to illustrate
the dominant regions for both models. The left side represents the case where m ≤

√
2αβ, and the right

side shows m >
√

2αβ. The region favoring the engagement rate-based model (the Pareto region) covers
a larger area, indicating that this model is the preferable choice for most parameter combinations.
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Figure 3. Pareto dominant region of two modes (ζ = 0.8, c1 = 0.2, c2 = 0.1, α = 1, β = 1).

Comparison of the VOM and the EOM reveals distinct benefits for content creators and consumers.
In the VOM, creators are compensated based solely on the number of views their content receives. This
model incentivizes content creators to produce videos that attract more views. However, it does not
account for the quality of user engagement, such as likes, shares, and comments, which could reflect
deeper levels of viewer interaction and content quality. In contrast, the EOM ties revenue sharing to
user engagement metrics, thus encouraging creators to produce content that generates higher levels of
interaction. This creates a dual incentive structure where creators are motivated not only by viewership
but also by engagement, which leads to higher-quality content. As we show in Proposition 6.2, even at
lower commission rates, the EOM can result in higher profits for content creators due to the enhanced
exposure and engagement generated by this incentive structure. From the consumers’ perspective, the
EOM offers a significant advantage over the VOM. Since the platform promotes content that is more
engaging and of higher quality, consumers benefit from better recommendations, leading to a more
satisfying viewing experience. The interaction-based rewards ensure that the content recommended to
users is not only popular but also more likely to meet their interests, thus improving the overall user
experience.

Corollary 6.4. When the conditions of (i) or (ii) of Proposition 6.2 are satisfied, both the quality q∗ and
the exposure η∗ of the video in the EOV model, and the consumer surplus of the users are improved.

Corollary 6.4 further establishes that the engagement rate-based sharing model provides stronger
incentives for content creators. The mechanism behind this effect is that the platform uses κ to boost
video views. A higher κ encourages creators to produce higher-quality content, which motivates the
platform to increase the video’s exposure. Greater exposure leads to more views, and higher quality
enhances the video’s interaction rate, both of which drive profitability for content creators. Thus, the
parameter κ acts as a double incentive by encouraging both video exposure and interaction rates. This
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incentive mechanism creates a virtuous cycle where improved video quality leads to increased views,
which further raises engagement rates, resulting in higher profits for the platform and creators, achieving
Pareto improvements.

Additionally, Corollary 6.4 shows that as Pareto improvements are achieved, video quality and
promotion efforts improve, meaning more users watch better-quality videos. This results in a higher
consumer surplus. Therefore, when certain conditions are met, the engagement rate-based revenue-
sharing model benefits all three parties: The platform, content creators, and consumers, leading to a
three-win outcome. As we discuss in Proposition 6.1 & 6.2, when the platform sets the revenue-sharing
parameter κ optimally, both the platform and creators can achieve higher profits compared to the VOM,
and consumers enjoy higher-quality content. This triple win is particularly evident when the platform’s
external revenue is within a certain range, allowing it to adjust the commission rates without sacrificing
profitability. This is further demonstrated in Corollary 6.4, where we show that the EOM can lead to
Pareto improvements, benefiting all three participants simultaneously. These findings highlight the
significant potential of the EOM to create a more sustainable and mutually beneficial ecosystem for all
parties involved, as it fosters both content quality and user engagement.

𝜅 𝜅

𝜅

Π𝑝1

Π𝑝2

Π𝑢2

Π𝑢1

𝑞2
∗

𝑞1
∗

𝜂1
∗

𝜂2
∗

Figure 4. Impact of parameter κ on (a) platform profit, (b) creators’ payoff, and (c) equilibrium
outcomes (m = 1.2, ζ = 0.8, c1 = 0.2, c2 = 0.1, α = 1, β = 1).
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To further validate the effectiveness of the proposed EOM and to complement the metrics reported
above, we study the sensitivity of key outcomes with respect to the parameter κ. Figure 4 shows
the impact of parameter κ on (a) platform profit, (b) creators’ payoff, and (c) equilibrium outcomes
(equilibrium content quality and equilibrium exposure) under the two operating modes considered in
this paper. All three plots exhibit an inverted-U shape with respect to κ. This behavior agrees with
our analytical arguments in Sections 4 and 5: When κ is very small, incentives are insufficient to elicit
high-quality contributions or extensive exposure, whereas when κ is excessively large, adverse effects
(e.g., excessive competition or inefficient allocation) reduce overall performance. The intermediate
range of κ therefore yields the best trade-off, producing the maximal platform profit and creators’ payoff.
Importantly, the figure also shows that for sufficiently large κ, the EOM outperforms the alternative
operating mode for platform profit and creators’ payoff, which corroborates the theoretical comparative
statics discussed in Section 6. We have added this discussion to make explicit how the simulation
trends align with our theoretical predictions. Finally, these additional metrics and plots provide a more
comprehensive evaluation of the mechanism and strengthen the simulation evidence supporting our
conclusions.

7. Extensions

In the preliminary model, we assume the platform’s external ad revenue is within a moderate range
(m ≤

√
2αβ). In this part, we relax this assumption and study the more extreme case when the external

ad revenue is above the threshold
√

2αβ.

7.1. Symmetrical Case: m >
√

2αβ

Assumption 7.1. m >
√

2αβ, c2 ≤ 1 − ζ.

According to Lemma 1, if m >
√

2αβ, κ < κ or κ > κ̄ must be satisfied to obtain a meaningful
equilibrium solution, so we come to the following propositions.

Proposition 7.2. If assumption 7.1 holds, then the following will be satisfied,

(i) When κ < κ, the video quality q∗ and the exposure η∗ are positively correlated with κ. when κ > κ̄,
the video quality q∗ and the exposure η∗ are negatively correlated with κ;

(ii) When κ < κ, the profits of both participants are positively correlated with κ. When κ > κ̄, the profits
of both participants are negatively correlated κ.

(iii) When κ < κ, both participants are better off in the engagement rate-based revenue-sharing model.
When κ > κ̄, both participants are better off in the linear model.

Proposition 7.2(i) and 7.2(ii) demonstrate that the sharing parameter κ remains an effective lever for
the platform to adjust both video quality and the profits of both parties. When κ is small, increasing it can
enhance video quality and promotion efforts, benefiting both participants. This conclusion aligns with
our findings in the primary model. Interestingly, when external revenue m is substantial, the effective
range of κ is identical across both models, suggesting that the ability to adjust profit and quality via κ is
not influenced by the different sharing models. This contrasts slightly with the primary model, likely
because when m >

√
2ab, Lemma 2(2) shows that the platform cannot choose κ freely within the range

κ to κ̄. This constraint narrows the effective range of κ, making it consistent for both models.
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Proposition 7.2(iii) further shows that when external revenue is large (m >
√

2ab), the two models
have distinct application ranges. Specifically, with a small sharing rate κ, the linear revenue-sharing
model generates higher profits for both parties. However, when κ is large, the engagement rate-based
model becomes more profitable. This outcome is due to the difference between the incentive effect and
the cost effect. With a small κ, the engagement rate model’s cost advantage is not pronounced enough
compared to the linear model. Consequently, the linear model, with its higher commissions, provides
stronger incentives, resulting in higher video quality and profits for both parties.

Conversely, when κ is large, the engagement rate-based model has a significant cost advantage over
the linear model. Additionally, its “double incentive” mechanism further enhances motivation, leading
to greater benefits for both parties. These findings are consistent with our comparative analysis in the
primary models, confirming that the incentive mechanism of the engagement rate-based model remains
robust, even with substantial external ad revenue. The conclusions of this proposition are illustrated in
the right part of Figure 3.

7.2. Endogenous κ Revenue-Sharing Decision

In the benchmark model, we assume that the revenue-sharing parameter κ is exogenously given. In
this section, we relax this assumption by allowing the platform to first set the sharing commission κ
that maximizes its profit in the linear mode. After the platform has chosen the commission, the content
creator decides on the quality of the video. Finally, the platform determines the exposure level. We then
analyze how this endogenous decision-making process can lead to an optimal κ and achieve a Pareto
improvement based on specific profit conditions for both participants in the engagement-oriented mode.

Let the commission in the linear mode be w1 = κ1, while in the engagement-oriented mode, the
commission is expressed as w2 = κ2

Y

X
. For simplicity, we standardize the cost factors α and β to 1,

which does not alter the conclusions of the benchmark model. The platform typically holds a strong
bargaining position over content producers when setting the commission. While the platform aims to
optimize its own profits, it also considers the profit of the creator, given their cooperative relationship.
The goal is to maximize the creator’s profit as much as possible, without sacrificing the platform’s own
gains.

Keeping all other assumptions unchanged, we calculate the platform’s optimal revenue-sharing
parameters κ1 and κ2 for both models, based on the derived Nash equilibrium.

κ∗1 =
2m −

√
2

2
, κ∗2 =

A −
√

B
2ζ(1 − c2 − ζ)

. (7.1)

Let B = c2
1m2(1 − ζ)2 − 2c1m2(1 − ζ)2ζ +

(
−c2

2
(
m2 − 2

)
+ 2c2

(
m2 − 2

)
(1 − ζ) + 2(1 − ζ)2

)
ζ2, A =

m (ζ (2 − c2 − 2ζ) + c1ζ − c1). Given κ1 = κ∗1, we obtain the maximum profit Π∗p1

(
κ∗1

)
that platform can

achieve in the linear mode. It is straightforward to prove that when κ2 = κ∗2, then Π∗p2

(
κ∗2

)
> Π∗p1

(
κ∗1

)
,

indicating that the profit ceiling of the platform under the EOM surpasses that under the VOM. However,
it is noteworthy that the platform can attain a higher profit under the engagement-oriented mode than
under the linear mode, even without setting κ2 = κ∗2.

Proposition 7.3. If m ≤
√

2, ξ1, ξ2 ∈ (0,m) exist, when ξ1 < k2 < ξ2, no matter what value k1

is, the platform can obtain higher profit under engagement rate-based revenue-sharing model, i.e.,
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Πp2 (κ2) > Π∗p1

(
κ∗1

)
. Similarly, η1, η2 ∈ (0,m) exist, when η1 < κ2 < η2, no matter what value κ2

is, the producer can obtain higher profit under engagement rate-based revenue-sharing model, i.e.,
Πu2 (κ2) > Π∗u1

(
κ∗1

)
.

Proposition 7.3 provides valuable managerial insights into the potential advantages of engagement-
oriented revenue-sharing models over traditional linear models. By carefully designing the sharing
parameter κ2, platforms can create conditions where both the platform and content creators achieve
higher profits, surpassing the profit ceiling of linear models and achieving Pareto improvement. This
underscores the importance of refining revenue-sharing mechanisms to balance the interests of platforms
and creators. Specifically, platforms should dynamically adjust κ2 within optimal intervals to incentivize
creators to enhance user engagement while ensuring sustainable profitability for the platform. To achieve
this, detailed analysis of user interaction behaviors and content creation costs is essential for identifying
critical parameter ranges, enabling data-driven and adaptive decision-making. Moreover, the EOM’s
emphasis on fostering deeper user interactions (e.g., comments, likes, and shares) demonstrates its
potential to create greater value for both stakeholders, offering a compelling alternative to viewership-
based models. By leveraging this approach, platforms can foster a collaborative content ecosystem that
supports long-term sustainable growth and innovation.

Corollary 7.4. Let κ2 = max
{
ξ1, η1

}
, κ2 = min

{
ξ2, η2

}
. When κ2 ∈

(
κ2, κ2

)
,

(i) Both participants may achieve Pareto improvement under EOM,
(ii) Quality of content improves under EOM.

Corollary 3 outlines the conditions that κ2 must meet to achieve pareto improvement in the
engagement-oriented mode. If the platform adopts a purely self-interested approach and sets κ2 = κ∗2, it
will earn a maximum profit, denoted as Π∗p2

(
κ∗2

)
, under this model. However, this approach reduces the

content producer’s profit compared to the linear mode, even though the platform’s profit increases. In
this scenario, content producers are worse off.
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Figure 5. Pareto equilibrium interval of k2 (m = 1.2, ζ = 0.8, c1 = 0.2, c2 = 0.1, α = 1, β = 1).
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Alternatively, if the platform selects a κ2 within the pareto interval
(
κ2, κ2

)
, shown as the shaded

area in Figure 5, it can boost the content producer’s profit, though this would mean not maximizing
its own profit. Such sacrification is feasible, as supporting content producers can lead to improved
content quality. Essentially, by choosing a non-optimal sharing rate, the platform can enhance content
quality and achieve Pareto profit improvement for both parties in the EOM compared to the VOM. This
emphasizes the robustness of our conclusions from the benchmark model, as shown in Figure 5.

8. Conclusions

In this paper, we address the fundamental problem of how UGC platforms should design revenue-
sharing mechanisms to balance creator incentives, platform performance, and user experience. To this
end, we develop a stylized model to examine how different allocation rules affect the operations of UGC
platforms and the incentives of content creators. By comparing the VOM with the EOM, we highlight
the conditions under which engagement-based contracts can outperform view-based arrangements.
Our analysis shows that EOM not only provides stronger incentives for improving content quality and
platform exposure, but also creates the possibility of win–win outcomes and Pareto improvements when
revenue-sharing rates are properly set. These findings underscore the practical significance of adopting
engagement-oriented mechanisms, offering both theoretical contributions to the literature on platform
economics and managerial implications for sustainable platform design. In addition to these core
findings, our extended analysis reveals that the sharing parameter serves as a managerial tool to fine-tune
incentives, though its effectiveness is moderated by external advertising revenues. We also show that
EOM can enhance user experience and consumer surplus, even under relatively low commission levels.
These insights provide a broader understanding of how engagement-based mechanisms reshape the
economics of content platforms.

First, we find that the revenue-sharing commission, represented by the revenue-sharing parameter, κ
is a tool for the platform to enhance both content quality and exposure. This mechanism can improve
profits for the platform and content creators. Our results indicate that the platform’s external revenue
can limit the effectiveness of this tool; however, the EOM enables for greater flexibility compared to the
traditional VOM. Notably, we observe that a more generous compensation plan does not always benefit
creators due to potential slackness, suggesting that a moderate revenue-share rate may be optimal.

Second, counterintuitively, the EOM can yield higher profits for content creators even at lower
commission levels than the VOM. By incentivizing engagement, the EOM encourages creators to
produce higher-quality content, thus driving both views and engagement. This double incentive effect
motivates creators to enhance video quality, resulting in greater exposure and higher revenue at a lower
share rate. Our findings illustrate that this nonlinear revenue-sharing model offers a more effective
incentive structure.

Third, our analysis demonstrates that the EOM can create a win-win scenario for both parties
when the revenue-sharing parameter is appropriately set. In comparison to the traditional linear VOM,
the EOM fosters improved content quality and increased traffic, benefiting user experience on the
platform and enhancing consumer surplus. This trend holds even when the platform’s external revenue
is exceptionally high. Our results elucidate why creators often seek “likes” and “subscriptions” from
viewers, as these interactions boost traffic and increase potential earnings. Enhanced engagement leads
to higher commissions, incentivizing creators to invest more effort into video production, which in turn
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elevates the platform’s advertising revenue, creating a virtuous cycle. Moreover, when considering
an endogenous revenue-sharing parameter, it appears that if the platform aims to enhance content
quality, both parties can achieve Pareto improvements within the EOM by making minor sacrifices in
the platform’s profits, reinforcing the robustness of our conclusions.

To conclude, we (i) tackle the problem of optimal revenue-sharing in UGC platforms, (ii) propose and
analyzes an engagement-oriented mechanism alongside the conventional view-based rule, (iii) contribute
by highlighting the theoretical and managerial implications of explicitly incorporating engagement, and
(iv) demonstrate that EOM outperforms VOM by generating stronger incentives, higher quality, and
potential Pareto improvements. This concise summary highlights the significance of our contribution
and provides a clear foundation for future research on platform design and digital content economics.

The proposed framework, which broadens the scope of classical problems associated with UGC
platforms, opens avenues for intriguing future research. In the future, researchers could investigate
the impact of network externalities on content viewing and engagement, exploring how these factors
influence platform promotion. Additionally, it may be worthwhile to examine how platforms can design
suitable revenue-sharing arrangements amid competition between platforms or producers. The potential
for content creators to establish direct connections with advertisers necessitates further investigation into
how such advertiser-dominated behaviors may affect the revenue-sharing strategies of platforms. An
interesting extension of our model would be to incorporate UGC creators’ nonmonetary utility, such as
social recognition and intrinsic satisfaction from content engagement. This would offer a more holistic
view of creator behavior and better reflect the motivations present in the UGC creation ecosystem.
Moreover, we have simplified the platform’s exposure decision by assuming that it precedes user
engagement. In reality, many platforms adopt a sequential process in which initial engagement signals
inform subsequent exposure decisions. Incorporating such feedback into a two-stage or multi-stage
game-theoretic framework would provide a more realistic characterization of platform operations. We
leave this promising extension for future research.

Author contributions

Run Tang conceived the study, selected the research question, and designed the modeling framework
(Conceptualization; Methodology). Zhengyang Wang developed the solution approach, carried out
the theoretical analyses, and implemented and ran the numerical experiments (Methodology; Formal
analysis; Software; Validation; Visualization). Yangyang Peng led manuscript revision, drafted the
conclusions, coordinated submission, and served as the corresponding author (Writing–review &
editing; Writing–original draft; Project administration). Ziyuan Zeng drafted sections of the manuscript
and performed language and grammar editing (Writing–original draft; Writing–review & editing).
Tong Zhang contributed to model analysis and numerical experiments (Formal analysis; Investigation;
Validation). Yingjun Shen contributed to model analysis and numerical experiments (Formal analysis;
Investigation; Validation). All authors discussed the results, provided critical feedback, and approved
the final version of the manuscript.

Journal of Industrial and Management Optimization Volume 22, Issue 1, 282–309.



305

Use of Generative-AI tools declaration

The authors declare that no Artificial Intelligence (AI) tools were used in the preparation of this
manuscript.

Data availability statement

The corresponding author can provide the datasets created and examined in this study upon reasonable
request.

Conflict of interest

The authors have stated that they do not have any conflicts of interest.

Ethical approval

This paper has not been published before, and it is not under consideration for publication anywhere else.

Acknowledgments

This work was supported by the Jiangsu Provincial Social Science Fund (Grant No. 22GLB038); the
Provincial and Municipal Joint Youth Fund of Guangdong Basic and Applied Basic Research (Grant
No. 2022A1515110964); and the Internal Project of the Shenzhen Research Institute of Big Data (Grant
No.J00220240007). We also thank the editor and anonymous reviewers for their constructive comments.
The funders had no role in study design, data collection and analysis, decision to publish, or preparation
of the manuscript.

References

1. T. Daugherty, M. Eastin, L. Bright, Exploring consumer motivations for creating user-generated
content, J. Interact. Advert., 8 (2008), 16–25. https://doi.org/10.1080/15252019.2008.10722139

2. A. M. Kaplan, M. Haenlein, Users of the world, unite! The challenges and opportunities of social
media, Bus. Horiz., 53 (2010), 59–68. https://doi.org/10.1016/j.bushor.2009.09.003

3. E. Sydney, A. Rachel, On Instagram and Other Social Media, Redefining ‘User Engagement’,
Report of The New York Times, 2015. Available from: https://www.nytimes.com/2015/09/
21/business/media/retailers-use-of-their-fans-photos-draws-scrutiny.html?

searchResultPosition=8.

4. K. Zhang, M. Sarvary, Differentiation with user-generated content, Manage. Sci., 61 (2015),
898–914. https://doi.org/10.1287/mnsc.2014.1907

5. M. Yang, Y. Ren, G. Adomavicius, Understanding User-Generated Content and
Customer Engagement on Facebook Business Pages, Inf. Syst. Res., 30 (2019), 839–855.
https://doi.org/10.1287/isre.2019.0834

Journal of Industrial and Management Optimization Volume 22, Issue 1, 282–309.

https://dx.doi.org/https://doi.org/10.1080/15252019.2008.10722139
https://dx.doi.org/https://doi.org/10.1016/j.bushor.2009.09.003
https://www.nytimes.com/2015/09/21/business/media/retailers-use-of-their-fans-photos-draws-scrutiny.html?searchResultPosition=8
https://www.nytimes.com/2015/09/21/business/media/retailers-use-of-their-fans-photos-draws-scrutiny.html?searchResultPosition=8
https://www.nytimes.com/2015/09/21/business/media/retailers-use-of-their-fans-photos-draws-scrutiny.html?searchResultPosition=8
https://dx.doi.org/https://doi.org/10.1287/mnsc.2014.1907
https://dx.doi.org/https://doi.org/10.1287/isre.2019.0834


306

6. Aslam, YouTube by the Numbers: Stats, Demographics & Fun Facts, 2022. Available from:
https://www.omnicoreagency.com/youtube-statistics.

7. M. Hall, How Do People Make Money on YouTube, 2021.
Available from: https://www.investopedia.com/ask/answers/012015/

how-do-people-make-money-videos-they-upload-youtube.asp.

8. TikTok, Creator Rewards Program, Report of TikTok Support Center, 2025. Available at: https:
//support.tiktok.com/en/business-and-creator/creator-rewards-program/

creator-rewards-program.

9. Riverside, How Much Does TikTok Pay? TikTok Creator Fund and Rewards Explained,
Report of Riverside Blog, 2025. Available from: https://riverside.com/blog/

how-much-does-tiktok-pay.

10. L. Forristal, Flip launches a creator fund that grants up to $100M of equity,
Report of TechCrunch, 2025. Available from: https://techcrunch.com/2025/01/24/
flip-launches-a-creator-fund-that-grants-up-to-100m-of-equity/.

11. S. Jain, K. Qian, Compensating online content producers: A theoretical analysis, Manage. Sci., 67
(2021), 7075–7090. https://doi.org/10.1287/mnsc.2020.3862

12. Molenaar, How Many YouTube Views Do You Really Need to Make Money, 2022. Available from:
https://influencermarketinghub.com/youtube-views-to-make-money.

13. H. Bhargava, The Creator Economy: Managing Ecosystem Supply, Revenue Sharing, and Platform
Design, Manage. Sci., 68 (2022), 5233–5251. https://doi.org/10.1287/mnsc.2021.4126

14. J. C. Rochet, J. Tirole, Platform competition in two-sided markets, J. Eur. Econ. Assoc., 1 (2003),
990–1029. https://doi.org/10.1162/154247603322493212

15. M. Armstrong, Competition in two-sided markets, RAND J. Econ., 37 (2006), 668–691.
https://doi.org/10.1111/j.1756-2171.2006.tb00037.x

16. H. Guda, U. Subramanian, Your Uber is arriving: Managing on-demand workers through surge
pricing, forecast communication, and worker incentives, Manage. Sci., 65 (2019), 1995–2014.
https://doi.org/10.1287/mnsc.2018.3050

17. F. Ren, C. Quan, Linguistic-based emotion analysis and recognition for measuring consumer
satisfaction: An application of affective computing, Inf. Technol. Manage., 13 (2012), 321–332.
https://doi.org/10.1007/s10799-012-0138-5

18. S. Choi, S. Ko, Y. Han, A movie recommendation algorithm based on genre correlations, Expert
Syst. Appl., 39 (2012), 8079–8085. https://doi.org/10.1016/j.eswa.2012.01.132

19. C. C. Chen, Y. Wan, M. Chung, Y. Sun, An effective recommendation method for
cold start new users using trust and distrust networks, Inf. Sci., 224 (2013), 19–36.
https://doi.org/10.1016/j.ins.2012.10.037

20. A. Prasad, V. Mahajan, B. Bronnenberg, Advertising versus pay per-view in electronic media, Int. J.
Res. Mark., 20 (2003), 13–30. https://doi.org/10.1016/S0167-8116(02)00119-2

21. S. P. Anderson, S. Coate, Market provision of broadcasting: A welfare analysis, Rev. Econ. Stud.,
72 (2005), 947–972. https://doi.org/10.1111/0034-6527.00357

Journal of Industrial and Management Optimization Volume 22, Issue 1, 282–309.

https://www.omnicoreagency.com/youtube-statistics
https://www.investopedia.com/ask/answers/012015/how-do-people-make-money-videos-they-upload-youtube.asp
https://www.investopedia.com/ask/answers/012015/how-do-people-make-money-videos-they-upload-youtube.asp
https://support.tiktok.com/en/business-and-creator/creator-rewards-program/creator-rewards-program
https://support.tiktok.com/en/business-and-creator/creator-rewards-program/creator-rewards-program
https://support.tiktok.com/en/business-and-creator/creator-rewards-program/creator-rewards-program
https://riverside.com/blog/how-much-does-tiktok-pay
https://riverside.com/blog/how-much-does-tiktok-pay
https://techcrunch.com/2025/01/24/flip-launches-a-creator-fund-that-grants-up-to-100m-of-equity/
https://techcrunch.com/2025/01/24/flip-launches-a-creator-fund-that-grants-up-to-100m-of-equity/
https://dx.doi.org/https://doi.org/10.1287/mnsc.2020.3862
https://influencermarketinghub.com/youtube-views-to-make-money
https://dx.doi.org/https://doi.org/10.1287/mnsc.2021.4126
https://dx.doi.org/https://doi.org/10.1162/154247603322493212
https://dx.doi.org/https://doi.org/10.1111/j.1756-2171.2006.tb00037.x
https://dx.doi.org/https://doi.org/10.1287/mnsc.2018.3050
https://dx.doi.org/https://doi.org/10.1007/s10799-012-0138-5
https://dx.doi.org/https://doi.org/10.1016/j.eswa.2012.01.132
https://dx.doi.org/https://doi.org/10.1016/j.ins.2012.10.037
https://dx.doi.org/https://doi.org/10.1016/S0167-8116(02)00119-2
https://dx.doi.org/https://doi.org/10.1111/0034-6527.00357


307

22. M. Peitz, T. M. Valletti, Content and advertising in the media: Pay-TV versus free-to-air, Int. J.
Indu. Organ., 26 (2008), 949–965. https://doi.org/10.1016/j.ijindorg.2007.08.003

23. E. Calvano, M. Polo, Strategic differentiation by business models: Free-to-air and pay-TV, Econ.
J., 130 (2020), 50–64. https://doi.org/10.1093/ej/uez037

24. D. Godes, E. Ofek, M. Sarvary, Content vs. advertising: The impact of competition on media firm
strategy, Mark. Sci., 28 (2009), 20–35. https://doi.org/10.1287/mksc.1080.0390

25. W. Amaldoss, J. Du, W. Shin, Media platform’s content provision strategy and source of profits,
Mark. Sci., 40 (2021), 527–547. https://doi.org/10.1287/mksc.2020.1248

26. C. Dellarocas, Double marginalization in performance-based advertising: Implications and solutions,
Manage. Sci., 58 (2012), 1178–1195. https://doi.org/10.1287/mnsc.1110.1474

27. S. Kumar, Y. Tan, L. Wei, When to play your advertisement? Optimal insertion policy of behavioral
advertisement, Inf. Syst. Res., 31 (2020), 589–606. https://doi.org/10.1287/isre.2019.0904

28. A. K. Basu, R. Lal, V. Srinivasan, R. Staelin, Salesforce compensation plans: An agency theoretic
perspective, Mark. Sci., 4 (1985), 267–291. https://doi.org/10.1287/mksc.4.4.267

29. R. C. Rao, Compensating heterogeneous salesforces: Some explicit solutions, Mark. Sci., 9 (1990),
319–341. https://doi.org/10.1287/mksc.9.4.319

30. R. Lal, V. Srinivasan, Compensation plans for single-and multiproduct salesforces:
An application of the Holmstrom-Milgrom model, Manage. Sci., 39 (1993), 777–793.
https://doi.org/10.1287/mnsc.39.7.777

31. A. Kalra, M. Shi, Designing optimal sales contests: A theoretical perspective, Mark. Sci., 20 (2001),
170–193. https://doi.org/10.1287/mksc.20.2.170.10193

32. P. Casas-Arce, F. A. Martı́nez-Jerez, Relative performance compensation, contests, and dynamic
incentives, Manage. Sci., 55 (2009), 1306–1320. https://doi.org/10.1287/mnsc.1090.1021

33. B. Shiller, J. Waldfogel, The challenge of revenue sharing with bundled pricing: An application to
music, Econ. Inquiry, 51 (2013), 1155–1165. https://doi.org/10.1111/j.1465-7295.2011.00442.x

34. Y. Bakos, H. Halaburda, Platform Competition with Multihoming on Both Sides: Subsidize or Not?,
Manage. Sci., 66 (2020), 5599–5607. https://doi.org/10.1287/mnsc.2020.3636

35. S. Alaei, G. Ghasemiesfeh, A. Khodaverdian, H. Nazerzadeh, Revenue-Sharing Allocation Strategies
for Two-Sided Media Platforms: Pro-Rata vs. User-Centric, Manage. Sci., 68 (2022), 8699–8721.
https://doi.org/10.1287/mnsc.2022.4307

36. G. Bergantinos, J. D. Moreno-Ternero, Revenue Sharing at Music Streaming Platforms, Manage.
Sci., 71 (2025), 8319–8335. https://doi.org/10.1287/mnsc.2023.03830

37. F. Moreau, P. Wikstrom, O. Haampland, R. Johannessen, Alternative payment models in the music
streaming market: A comparative approach based on stream-level data, Inf. Econ. Policy, 68 (2024),
101103. https://doi.org/10.1016/j.infoecopol.2024.101103

38. F. Lopez-Navarrete, J. Sánchez-Soriano, O. Bonastre, Dynamic generation and attribution of
revenues in a video platform, preprint, 2023, arXiv:2304.12268.

39. A. Panjwani, H. Xiong, Subscription Revenue and Advertising Strategies on YouTube, 2023.
Available from: https://aniketpanjwani.com/patreon.pdf.

Journal of Industrial and Management Optimization Volume 22, Issue 1, 282–309.

https://dx.doi.org/https://doi.org/10.1016/j.ijindorg.2007.08.003
https://dx.doi.org/https://doi.org/10.1093/ej/uez037
https://dx.doi.org/https://doi.org/10.1287/mksc.1080.0390
https://dx.doi.org/https://doi.org/10.1287/mksc.2020.1248
https://dx.doi.org/https://doi.org/10.1287/mnsc.1110.1474
https://dx.doi.org/https://doi.org/10.1287/isre.2019.0904
https://dx.doi.org/https://doi.org/10.1287/mksc.4.4.267
https://dx.doi.org/https://doi.org/10.1287/mksc.9.4.319
https://dx.doi.org/https://doi.org/10.1287/mnsc.39.7.777
https://dx.doi.org/https://doi.org/10.1287/mksc.20.2.170.10193
https://dx.doi.org/https://doi.org/10.1287/mnsc.1090.1021
https://dx.doi.org/https://doi.org/10.1111/j.1465-7295.2011.00442.x
https://dx.doi.org/https://doi.org/10.1287/mnsc.2020.3636
https://dx.doi.org/https://doi.org/10.1287/mnsc.2022.4307
https://dx.doi.org/https://doi.org/10.1287/mnsc.2023.03830
https://dx.doi.org/https://doi.org/10.1016/j.infoecopol.2024.101103
https://arxiv.org/pdf/2304.12268
https://aniketpanjwani.com/patreon.pdf


308

40. M. Sun, F. Zhu, Ad revenue and content commercialization: Evidence from blogs, Manage. Sci.,
59 (2013), 2314–2331. https://doi.org/10.1287/mnsc.1120.1704

41. Q. Ren, Advertising and Content Creation on Digital Content Platforms, Mark. Sci., 43 (2023),
734–750. https://doi.org/10.1287/mksc.2022.0387

42. J. Oh, B. Koh, S. Raghunathan, Value appropriation between the platform provider and
app developers in mobile platform mediated networks, J. Inf. Technol., 30 (2015), 245–259.
https://doi.org/10.1057/jit.2015.21

43. P. B. Goes, C. Guo, M. Lin, Do Incentive Hierarchies Induce User Effort? Evidence from an Online
Knowledge Exchange, Inf. Syst. Res., 27 (2016), 497–516. https://doi.org/10.1287/isre.2016.0635

44. Y. Deng, J. Zheng, W. Khern-am-nuai and K. Kannan, More than the Quantity: The Value of
Editorial Reviews for a User-Generated Content Platform, Manage. Sci., 68 (2021), 6865–6888.
https://doi.org/10.1287/mnsc.2021.4238

45. O. Toubia, A. T. Stephen, Intrinsic vs. image-related utility in social media:
Why do people contribute content to twitter? Mark. Sci., 32 (2013), 368–392.
https://doi.org/10.1287/mksc.2013.0773

46. G. Tang, B. Gu, A. B. Whinston, Content contribution for revenue sharing and reputation
in social media: A dynamic structural model, J. Manage. Inf. Syst., 29 (2012), 41–76.
https://doi.org/10.2753/MIS0742-1222290203

47. Y. Kwark, J. Chen, S. Raghunathan, User-Generated Content and Competing Firms’ Product Design,
Manage. Sci., 64 (2017), 4608–4628. https://doi.org/10.1287/mnsc.2017.2839

48. S. Ransbotham, G. C. Kane, N. H. Lurie, Network Characteristics and the Value of Collaborative
User-Generated Content, Mark. Sci., 31 (2012), 387–405. https://doi.org/10.1287/mksc.1110.0684

49. Y. Liu, J. Feng, Does money talk? The impact of monetary incentives on user-generated content
contributions, Inf. Syst. Res., 32 (2021), 394–409. https://doi.org/10.1287/isre.2020.0971

50. Y. Sun, X. Dong, S. McIntyre, Motivation of User-Generated Content: Social
Connectedness Moderates the Effects of Monetary Rewards, Mark. Sci., 36 (2017), 329–337.
https://doi.org/10.1287/mksc.2016.1022

51. Yang, S., Brossard, D., Scheufele, D. A., & Xenos, M. A, The science of YouTube: What factors
influence user engagement with online science videos on YouTube? PLoS ONE, 17 (2022),
e0267697. https://doi.org/10.1371/journal.pone.0267697

52. P. Covington, J. Adams, E. Sargin, Deep Neural Networks for YouTube Recommendations,
Proceedings of the 10th ACM Conference on Recommender Systems (RecSys), Boston, USA ,
2016, 191–198. https://static.googleusercontent.com/media/research.google.com/
zh-CN//pubs/archive/45530.pdf

53. Y. Wang, A. Majeed, How do users’ feedback influence creators’ contributions: An
empirical study of an online music community, Behav. Inf. Technol., 42 (2022), 1357–1373.
https://doi.org/10.1080/0144929X.2022.2073472

54. I. Fainmesser, D. Lauga, C. Ofek, Ratings, Reviews, and the Marketing of New Products, Manage.
Sci., 67 (2021), 7023–7045. https://doi.org/10.1287/mnsc.2020.3848

Journal of Industrial and Management Optimization Volume 22, Issue 1, 282–309.

https://dx.doi.org/https://doi.org/10.1287/mnsc.1120.1704
https://dx.doi.org/https://doi.org/10.1287/mksc.2022.0387
https://dx.doi.org/https://doi.org/10.1057/jit.2015.21
https://dx.doi.org/https://doi.org/10.1287/isre.2016.0635
https://dx.doi.org/https://doi.org/10.1287/mnsc.2021.4238
https://dx.doi.org/https://doi.org/10.1287/mksc.2013.0773
https://dx.doi.org/https://doi.org/10.2753/MIS0742-1222290203
https://dx.doi.org/https://doi.org/10.1287/mnsc.2017.2839
https://dx.doi.org/https://doi.org/10.1287/mksc.1110.0684
https://dx.doi.org/https://doi.org/10.1287/isre.2020.0971
https://dx.doi.org/https://doi.org/10.1287/mksc.2016.1022
https://dx.doi.org/https://doi.org/10.1371/journal.pone.0267697
https://static.googleusercontent.com/media/research.google.com/zh-CN//pubs/archive/45530.pdf
https://static.googleusercontent.com/media/research.google.com/zh-CN//pubs/archive/45530.pdf
https://dx.doi.org/https://doi.org/10.1080/0144929X.2022.2073472
https://dx.doi.org/https://doi.org/10.1287/mnsc.2020.3848


309

55. H. Bhargava, K. Wang, X. Zhang, Fending Off Critics of Platform Power with Differential
Revenue Sharing: Doing Well by Doing Good? Manage. Sci., 68 (2022), 8249–8260.
https://doi.org/10.1287/mnsc.2022.4545

56. Landsberg, The Complete List Of YouTube Ad Sizes And Specifications, 2022. Available from:
https://strikesocial.com/blog/youtube-ad-specifications/.

© 2026 the Author(s), licensee AIMS Press. This
is an open access article distributed under the
terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0)

Journal of Industrial and Management Optimization Volume 22, Issue 1, 282–309.

https://dx.doi.org/https://doi.org/10.1287/mnsc.2022.4545
https://strikesocial.com/blog/youtube-ad-specifications/
https://creativecommons.org/licenses/by/4.0

	Introduction
	Literature review
	Model preliminary
	VOM
	EOM
	Comparison of VOM and EOM
	Extensions
	Symmetrical Case: m>2 
	Endogenous  Revenue-Sharing Decision

	Conclusions

