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Abstract. Our study is inspired by the rapid growth of consumer-to-consumer (C2C)
media platforms such as TikTok. We adopt a classical economical approach to modeling
how utility-maximizing consumers select content pieces to view on a C2C media platform
through a sequential inspection process and investigate how a platform in pursuit of market
performance can devise an optimal policy on content length limit to induce desired viewer
behaviors. First, we show that when content on the platform are longer, viewers set a higher
standard of match value in selecting content to view, leading to a lower click-through rate
of contributed content on the platform. This finding suggests that a tight limit on content
length increases click-through rate. Second, we show that extended content length on the
platform first enhances platform performance but then hurts its performance, following an
inverted U-shape curve. This pattern holds true for short-term performance measured by
viewer traffic and total viewing time, as well as for long-term performance measured by
total consumer surplus. This finding suggests the existence of an optimal content length.
Third, we find that the optimal content length that maximizes viewer traffic is smaller than
that maximizes total viewing time, which is further smaller than that maximizes consumer
surplus. As such, a platform that switches the strategic focus from short-term advertising
revenue to long-term growth will benefit from extending content length limit.

History: Karthik Kannan, Senior Editor; Zhengrui Jiang, Associate Editor.
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1. Introduction

TikTok, the mobile app that allows users to create and
share 15-second videos on any topic, has experienced
skyrocketing success since its launch in 2016. Its
monthly active users reached 1.2 billion in Q4 2021 and
are expected to reach 1.8 billion by the end of 2022. The
company makes $4.6 billion in revenue in 2021, a 142%
increase year-on-year (Igbal 2023). TikTok represents a
type of media platform where content is self-posted by
individual contributors who are willing to, that is,
consumer-to-consumer (C2C) media platforms (Jain
and Qian 2021, Bhargava 2022), as opposed to business-
to-consumer (B2C) media platforms (Athey et al. 2018,
Lin 2020, Amaldoss et al. 2021) such as Netflix, where
content are acquired from professional producers. As a
result of this self-posting mechanism, content on C2C
media platforms typically cover a wide range of topics,
reflecting the contributor’s diverse backgrounds. For
example, the most popular content categories on TikTok
include not only entertainment and dance, but pranks,
fitness, do it yourself (DIY), skincare, and cooking (Izea
2023). Viewers with heterogeneous tastes are attracted
by the large variety of content on C2C media platforms

but may find difficulties choosing from the voluminous
offerings the right pieces that match their tastes. Our
study develops an analytical model to characterize
viewer decisions about visiting a C2C media platform
and choosing suitable content to view and investigates
how a C2C platform in pursuit of desirable market out-
comes can strategically design content length limit to
influence consumer decisions.

No previous research has examined the strategic
implications of content length limit for a C2C platform,
although people tend to agree that the “short” video for-
mat is pivotal to TikTok’s success. A short video is
defined as one that is less than three minutes (Hubspot
2023). After the initial success, TikToK extended the con-
tent length limit from 15 seconds to one minute in 2020
and continued its rapid expansion. In 2021, TikToK
again extended the content length limit to three minutes
(Kastrenakes 2021). In 2022, TikTok tried to break into
the long-video market dominated by YouTube by ex-
tending the content length limit to 10 minutes (Spangler
2022), yet its focus is still on the short video market.
With the hope to replicate the TikTok magic, a number
of new short video platforms have been founded,
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including startups such as Clash (https://clashapp.co/)
and Thriller (https: //triller.co/), as well as new features
launched by big players such as Instagram Reels and
YouTube Shorts. To help practitioners take better advan-
tage of the business opportunity, researchers need to
bring about the business logic of short videos in a C2C
media platform. In particular, new theoretical insights
are called for to understand how the limit for short video
length contributes to TikTok’s phenomenal success and
what motivates TikTok to extend the length limit for
short videos.

As the first effort to investigate the strategic impact of
content length limit, our study follows a classical, eco-
nomical modeling approach led by Wolinsky (1986) and
Anderson and Renault (1999). We examine how content
length limit affects the sequential inspection process
through which utility-maximizing consumers select suit-
able content to view and consequently affects platform
performance measured by viewer traffic, total viewing
time, and total consumer surplus. We then investigate
how the migration in objective function over time may
lead to changes in a platform’s optimal policy for content
length limit. This modeling approach allows us to reveal
the most fundamental driving force in the impact of
video length limit, which paves the foundation for incor-
porating other factors.

Previous research has demonstrated the impact of
content length on the effectiveness of content delivery.
These studies typically take experimental approaches,
asking subjects to view content and then comparing
subject perceptions during viewing (e.g., engagement,
irritation) and after viewing (e.g., recall, attitude) across
different lengths of content. For example, in the context
of commercials, researchers find that longer commer-
cials (e.g., 30-second versus 15-second versus 7-second)
are generally more effective (Singh and Cole 1993, Varan
et al. 2020), but cause more irritation to viewers (Jeon et al.
2019). In the context of online education, Slemmons et al.
(2018) find that the same content delivered in 10-minute
or 20-minute videos made no significant difference in
learning, although students self-reported to favor short
videos. Manasrah et al. (2021) find that most students
prefer online lectures of 6-10minutes and consider
videos under 3 minutes as including incomplete informa-
tion. Whereas these studies focus on examining the
impact of content length on consumers’ viewing experi-
ence ex post, our research focuses on investigating the
impact of content length on how consumers select con-
tent to view ex ante before they actually view them. This
ex ante decision is important because, on C2C media plat-
forms, consumers face a large volume of content with
similar lengths (owing to the content limit) but differenti-
ated match values.

We investigate the following research questions: First,
how does content length limit of a C2C media platform
affect consumers’ decisions about which content pieces

and how many content pieces to view? Second, how
does content length limit of a C2C medjia platform affect
its performance? Last, how can a C2C media platform
use content length limit as a strategic tool?

We consider a platform that decides content length
limit to maximize its market performance, measured by
viewer traffic, total viewing time, and consumer surplus.
Upon arriving at the platform, a utility-maximizing con-
sumer sequentially inspects content pieces by incurring
inspection costs and evaluates their match values, until
the consumer finds one piece that matches the consu-
mer’s taste. After the consumer incurs a time cost to view
the content piece, the consumer decides whether to exit the
platform, or to stay on the platform and find another con-
tent piece to view. Consumers decide whether to visit the
platform based on the rational expectation about whether
they will find suitable content to view before exiting. Our
modeling approach follows the literature on sequential
product search (Stahl 1989) in specifying consumer deci-
sion to select a content piece to view. Additionally, our
study augments this literature by specifying a consumer’s
decision about how many content pieces to view. This sce-
nario of multi-item consumption is unique to and common
in our research context of C2C media platforms.

In deciding which content pieces to view and how
many content pieces to view, rational consumers balance
the gains and costs associated with the time spent on
viewing a content piece. On the one hand, a consumer
derives enjoyment from viewing a content piece that
matches the consumer’s taste. Extended content length
generates enhanced enjoyment, constituting an economic
gain. Yet the marginal benefit from viewing an additional
content piece declines, according to the law of diminish-
ing returns (Sundararajan 2004), and declines more rap-
idly on a platform that hosts longer content pieces. On the
other hand, time is a scarce resource and is often equated
to “money” that consumers do not want to waste (Leclerc
et al. 1995). The longer time spent on viewing a content
piece represents a higher opportunity cost, which is the
loss of a potential gain from viewing a different content
piece (Becker 1965). The limit on content length sets a con-
sumer’s expectation on the time to spend on viewing a
content piece and so moderates how the consumer makes
tradeoffs between the gains and costs of time.

Our analysis generates several interesting findings.
First, when content on the platform are longer, viewers
set a higher standard of match value in searching for
content to view, leading to a lower click-through rate of
the contributed content. This finding suggests that a tight
limit on content length can help increase click-through
rate and may help explain the popularity of TikTok. Sec-
ond, viewer traffic to a platform first increases with con-
tent length but then decreases, following an inverted
U-shaped curve. Moreover, the total viewing time of con-
sumers on the platform and the total consumer surplus
also vary with content length following an inverted
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U-shaped curve. Whereas higher viewer traffic and
higher total viewing time of consumers imply greater
advertising revenue for the platform, higher consumer
surplus leads to greater consumer satisfaction and so
implies future market growth (Srivastava et al. 1998) and
better stock market performance (Luo et al. 2010). Our
finding thus suggests the existence of optimal content
length for a platform seeking to maximize short-term
advertising revenue or long-term growth. Third, the opti-
mal content length that maximizes viewer traffic is smal-
ler than that maximizes total viewing time, which is
further smaller than that maximizes consumer surplus.
This finding implies that a platform that switches the
strategic focus from short-term advertising revenue to
long-term growth will benefit from extending the con-
tent length limit and enhancing consumer surplus. This
insight provides a possible explanation for TikTok’s
extensions of content length limit after its initial success.

Collectively, our study develops an analytical model
to examine how consumers select suitable content to
view from the large volume of content available on a
C2C platform. We demonstrate how the platform policy
on content length limit through affecting consumers’
content selection process brings nonlinear impact to var-
ious measures of platform performance. Our theoretical
insights deepen the understanding of business practices
and provide guidance about how a platform should
craft and adjust policies in the changing business
environment.

The remaining sections of the paper proceed as fol-
lows. We review related literature in Section 2. In Sec-
tion 3, we build the model. Then we solve the model in
Section 4. Section 5 demonstrates the robustness of our
key insights in model extensions. Section 6 concludes
the paper.

2. Literature

Our study is related to two streams of literature: video
length and media platforms. Here we review each
stream and position our study against existing works.

2.1. Video Length

Advertising researchers have explored the impact of
commercial lengths. It is generally believed that longer
commercials improve advertising effectiveness, mea-
sured by audiences’ learning, attention, recall, attitude
toward ads, and advertisement likability (Wheatley
1968, Singh and Rothschild 1983, Mord and Gilson 1985,
Fabian 1986, Rethans et al. 1986, Singh et al. 1988, Rogers
1995). This is because a longer commercial, in compari-
son with a shorter one, gives the viewer more time to pro-
cess the message and thus enhances viewer learning and
message effectiveness for persuasion (Rethans et al. 1986,
Pechmann and Stewart 1988, Maclnnis and Jaworski

1989). More recent advertising research reveals the bene-
fits of short commercials. For example, Singh and Cole
(1993) find that informational 15-second commercials are
as effective as informational 30-second commercials in
several situations, whereas emotional 30-second com-
mercials are superior to emotional 15-second commer-
cials in influencing a viewer’s learning of brand name
and attitude. Varan et al. (2020) find that 7-second
advertisements were almost as effective (measured by
unaided recall) as 15-second advertisements and 60% as
effective as 30-second advertisements, indicating dimin-
ishing returns of advertising length. Jeon et al. (2019)
examine consumers’ perceptions and behaviors regard-
ing commercials during online streaming and find that
the presence of a timer decreases viewers’ perceived irri-
tation for short commercials but increases irritation for
long commercials. Also, subjects were more likely to
skip an in-stream commercial when they perceived
greater irritation.

Some researchers examine the impact of video length
in online learning. Cognition load theory (Chase and
Simon 1973, Chandler and Sweller 1991, DiMaggio
1997) predicts that shorter videos will help reduce extra-
neous cognitive load related to the design of the instruc-
tional materials and therefore allows students to focus on
germane cognitive load of constructing schema. Slem-
mons et al. (2018) compare 10-minute and 20-minute
videos and finds that video length does not influence a
student’s immediate ability to recall content. However,
shorter videos may influence a student’s capacity to recall
information and demonstrate understanding over a lon-
ger scale. From students’ perspective, there seems to be
an optimal video length. Hsin and Cigas (2013) show that
students prefer six- to nine-minute videos based on their
engagement time. Manasrah et al. (2021) find that the
majority of students preferred the length of video lectures
to be between 6 and 10 minutes, whereas some preferred
10- to 20-minute videos; short videos less than 3 minutes
were perceived as having incomplete information and
not useful.

Whereas the previously discussed works on video
content take an empirical approach, our study takes a
game-theoretical approach. More importantly, the exist-
ing research focuses on examining how video length
affects consumers’ ex post perception of video content
during watching (e.g., engagement, irritation) or after
watching the video (e.g., recall, attitude). These findings
have implications for content contributors such as
advertisers and educators. In contrast, our study exam-
ines how video length affects consumers” ex ante deci-
sion about which videos to watch and whether to visit a
media platform. Our findings deepen the understand-
ing of how the platform can use content length as a stra-
tegic tool to attract viewer traffic, boost content viewing,
and enhance viewer experience.
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2.2. Media Platforms

Early research on media platforms focuses on the
business-to-consumer (B2C) context where content on
the platform are acquired from professional producers.
This body of literature focuses on modeling the consumer
side of the market and investigates how a platform deci-
des pricing and advertising policies under the cross-
externalities between consumers and advertisers. Dukes
and Gal-Or (2003) show that broadcasters can benefit
from offering exclusive advertising contracts. Anderson
and Coate (2005) show that, depending on the extent to
which consumers regard advertising as a nuisance, com-
peting platforms may overprovide or underprovide
advertisements (compared with the socially optimal level
of advertising). Godes et al. (2009) find that competition
for advertisers makes a competing platform less willing
to undercut the price for consumers. Athey et al. (2018)
examine how consumer multihoming across competing
platforms affects advertisers” platform decisions and plat-
forms’ investment in quality content. Lin (2020) shows
that price discrimination on the consumer side of a plat-
form can enforce price discrimination on the advertiser
side. Amaldoss et al. (2021) examine the proportion of
bandwidth (or space) that a media platform should allo-
cate to content versus ads.

Recently, growing research attention has been paid to
C2C context where content on the platform are self-
posted by individual contributors. Existing studies in
this literature have focused on the supplier side of the
market, examining contributors” decisions to join a plat-
form and platform strategies to attract contributors.
Toubia and Stephen (2013) show that contributors’
motivation to post content on social media is related to
their intrinsic utility and image-related utility. Zhang
and Sarvary (2015) show that competition between two
platforms will make them endogenously acquire differ-
entiated contributors. In these two studies, contributors
do not receive payments for posting content. Bhargava
(2022) examines how the distribution of contributor
capabilities affects market concentration among contri-
butors and how the distribution can be influenced by
platform design. Jain and Qian (2021) examine how a
platform can use revenue-sharing policies to encourage
high-quality content creation. Our study complements
the literature on C2C media platforms by focusing on the
consumer side of the market. We examine consumers’
decisions to join and view content on a platform and
investigate how the content length limit as a platform
strategy can affect consumer decisions. We embed a
micromodel of consumer content searching and viewing
and therefore bring rich theoretical insights into how con-
tent length limit affects important metrics of consumer
market performance, including viewer traffic, click-
through rate, total viewing time, and consumer surplus.

Broadly, our work belongs to the literature on two-
sided platforms (Caillaud and Jullien 2003; Rochet and

Tirole 2003, 2006; Armstrong 2006; Armstrong and Wright
2007). A large body of this research examines platform
mechanisms that facilitate the cross-side externalities
between buyers and sellers. Hagiu and Wright (2020)
examine a retail platform’s decision to facilitate the entry
of untested new products/sellers alongside established
products/sellers. Hagiu et al. (2020) examine a retail plat-
form’s decision to invite rivals to sell products or services
on top of its core product. In the context of resource-
sharing platforms (e.g., Uber, Airbnb), Benjaafar et al.
(2019) compare collaborative versus noncollaborative con-
sumption in terms of ownership and use levels, consumer
surplus, and social welfare. Cachon et al. (2017) examine
pricing schemes on self-scheduling platforms including
surge pricing. Dou and Wu (2021) examine the interplay
between the nonpricing policy of “piggybacking” (i.e.,
recruiting exclusive users from external networks) and
pricing controls in accelerating user adoption in launching
a two-sided platform. Our study also shows the existence
of network effects between the two sides of a C2C media
platform. In particular, more contributors post content
when anticipating more viewer traffic.

3. Model

We consider a C2C media platform where consumers
with heterogeneous tastes join to view contributed con-
tent with differentiated horizontal features. The plat-
form operates in multiple strategic phases. In a strategic
phase, the platform sets the policy for content length
limit T to maximize its objective function. We focus on a
content length limit that is reasonable in a given market.
For example, in a short video market, the content length
is under three minutes (Hubspot 2023). Meanwhile, the
content length cannot be too short for consumers to
derive any value from viewing it. For example, TikTok
has specified that videos cannot be less than three sec-
onds (Flixier 2022). Given the platform’s content length
limit, contributors post content, and consumers make
decisions to visit and view content on the platform.
Across strategic phases, the platform can set different
strategic objectives and adjust content length limit
accordingly. For example, the platform may switch
goals from maximizing consumer traffic to maximizing
total consumer viewing time or total consumer surplus.
Discussing multiple strategic phases allows us to inves-
tigate a platform’s adjustment in content length limit.
For example, TikTok initially set a 15-second limit, but
since 2020 has extended the limit multiple times. Our
analysis only applies when the platform adjusts content
length limit within the reasonable range of a given mar-
ket. In particular, TikTok’s latest extension of video
length limit to 10 minutes can be viewed as an effort
to enter the long video market and therefore is beyond
our analysis of short videos (i.e., under 3 minutes). Here
we detail our specifications for the platform, content
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Table 1. Key Model Notation

Notation Meaning

T>0 Content length limit
Velvy—o0,v9+0] Unit match value of a content piece from
content feeds

v Realization of V after inspection

vy >0 Mean of unit match value across content
feeds

o €[0,v0] Content feed variety

c>0 Cost of inspecting a content piece

6€[5,6],0<6<d Consumer-specific time cost coefficient

CTR Click-through rate of a content piece after

being inspected

contributors, and consumers. A summary of key model
notation is given in Table 1.

3.1. Platform
The platform tries to match viewers with content they
enjoy and provides each viewer a customized set of con-
tent pieces, or content “feeds,” that are likely to match
the consumer’s taste. Although the platform cannot
determine the exact match value between a particular
consumer and a specific content piece, we assume that its
algorithm ensures that the match values of content feeds
follow a uniform distribution on interval [vg — 0,7 + 7].
The mean of this distribution, vy(vy > 0), is exogenously
given and represents the platform’s knowledge about
consumers. For example, TikTok’s content feeding algo-
rithm considers a consumer’s video likes and shares,
accounts followed, comments posted, content created,
videos completed, and favorited videos (Zote 2022).
Parameter ¢(0 < 0 < vy) defines the range of the
match value distribution and captures the diversity in
content feeds set by the platform. For example, a media
platform can include in the feeds content pieces that are
similar to what a consumer has previously viewed. The
homogeneity in content feeds suggests a small . Alterna-
tively, the platform may include in the feeds a variety of
content pieces that are different from what the consumer
has previously viewed. The consumer may find some
pieces irrelevant and perceive a very low match value but
may also find some pieces eye-opening and perceive a
very high match value. This content-feeding strategy sug-
gests a large 0. In practice, different platforms may set dif-
ferent levels of content feed variety. For example, many
platforms set recommender systems in a way that pro-
vides a consumer with content feeds similar to what the
consumer has previously viewed (Lu et al. 2015), whereas
TikTok believes that a platform should provide diversi-
fied content feeds to keep consumers interested even if
they may find some content irrelevant (TikTok 2020).

3.2. Contributors
A large number of contributors post a wide variety of
content on the platform. The horizontal features (e.g.,

topic, style) of contributed content are observable to the
platform. In the main model, we assume that a contribu-
tor always posts a content piece with a maximum length
T to simplify analysis. Later in model extensions, we
will demonstrate the robustness of our results when a
contributor can provide a content piece with a length
shorter than T.

3.3. Consumers

We consider a large number of consumers with hetero-
geneous tastes. A consumer first decides whether to
visit the platform. Upon visiting the platform, the con-
sumer is provided with a set of customized content
feeds. This constitutes a decision environment similar to
in Wolinsky (1986) and Anderson and Renault (1999).
Following this literature, we assume that the consumer
must incur an inspection cost to learn the match value
with a content piece. A consumer inspects content feeds
randomly and sequentially with costless recalls to find a
suitable content piece to view.

To be consistent with practice, we allow a consumer
to view multiple content pieces on the media platform
and assume that a consumer’s marginal benefit from
viewing an additional content piece diminishes over
time. Each time after a consumer has viewed a content
piece, the consumer evaluates the expected surplus
from going through the inspection process again and
viewing another content piece. If the surplus is positive,
the consumer will stay on the platform, but otherwise
the consumer will exit the platform.

Figure 1 illustrates a consumer’s decision flow upon
arriving at the platform. In the figure, N*=0,1,2...
represents the total number of content pieces that a con-
sumer has viewed on the platform. At the entry point of
the decision flow, N* = 0. At the exit point of the deci-
sion flow, N* gives the total number of content pieces
that the consumer has viewed during the stay on the

Figure 1. Consumer Decision-Making Process

Exiting the
platform

" y

Arriving at the platform;
N*=0

o
v

Inspecting a new content piece:|
| incur c and find v; n=N*+1

v

tsiipi Decision Point 1: to Exit
view, skip, or exit?

| View

v
Watching a content piece: incur
time cost and N*=N*+1

‘ v

Exit
“ Stay Decision Point 2: o -
To stay or exit?

Note. N* is the total number of content pieces viewed.
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platform. Here we detail this decision flow for a repre-
sentative consumer.

First, upon arriving at the platform, the consumer
enters the inspection step. The consumer randomly
inspects a content piece from the set of feeds to learn its
match value." We assume that the match value of a con-
tent piece is consistent throughout as common knowl-
edge. This assumption is reasonable in our research
context of short videos, whose content topic and shoot-
ing style are typically consistent throughout. We thus
model that the content piece has a total match value of
v- T, with unit match value v being a realization of the
random variable V that follows a uniform distribution
on [vyg — 0,09+ ] and T being the content length. This
formulation of total match value abstracts out consumer
satiation. In model extension, we show the robustness
of our main results under a general function of total
match value and when a consumer may terminate
watching before the entire video is over.

The consumer incurs inspection cost ¢ (c > 0) to learn
the unit match value v. We assume ¢ mainly consists of
cognition cost and the time involved in inspection is
trivial. In practice, the consumer can look at the cover
information and take a quick sample of the video. Under
the assumption of consistent match value throughout, a
consumer only needs to sample a moment of a video to
inspect its unit match value v. We assume c is indepen-
dent of content length T in the main model and demon-
strate the robustness of our main results when this
assumption is relaxed later in model extension.” For the
sake of parsimony, we assume that after inspection the
consumer learns the true match value with a content
piece. In model extension, we show that relaxing this
assumption does not affect our key results.

Next, the consumer enters decision point 1. We pro-
vide details here.

3.3.1. Decision Point 1. At this decision point, the con-
sumer decides whether to view the content piece that
has just been inspected with known unit match value v,
to skip it, or to exit the platform. If being viewed, the
content piece becomes the nth (n = N* + 1) the consumer
views on the platform. We use U, (1, v) to denote the con-
sumer’s utility from viewing this content piece as the nth
piece viewed on the platform. We let U (11, v) denote the
consumer’s expected utility from skipping this content
piece and keep looking for the nth content to view. The
consumer obtains zero utility from exiting the platform.
We first derive U,(n,v) and Us(n,v), respectively, and
then specify the consumer’s decision rules.

Viewing. A consumer incurs time cost for viewing a
content piece. We specify that a consumer who views n
pieces of content on the platform incurs a total time cost
of 5(nT)?, where nT is the total length of 1 content pieces
and parameter 6 is the time cost coefficient specific to

the consumer. That is, we assume the time cost increases
convexly with nT, indicating an increasing marginal cost
associated with viewing an additional content piece on
the platform and consequently a diminishing surplus
from doing so. This specification is consistent with the
classical assumption that most consumption goods have
diminishing marginal returns (Sundararajan 2004,
Abhishek et al. 2016, Chellappa and Mehra 2018). We
assume 6 follows a uniform distribution on [§, 6] (0 <
5 <) across all consumers. Taking the difference
between the consumer’s total time cost of viewing n con-
tent pieces (i.e., 6(nT)?) and viewing n — 1 pieces (ie.,
5((n —1)T)?), we obtain the consumer’s time cost for
viewing the nth piece, 5(2n — 1)T>.

We give the consumer’s utility U, from viewing a con-
tent piece with match value v as the nth content piece to
view as

Ue(n,v) = oT — (6(nT)* — 8((n — 1)T)?)
=oT — 6(2n — 1)T2. (1)

Note that U, (n, v) decreases with n, indicating diminish-
ing benefits from viewing an additional content piece,
and also concave in T, indicating diminishing returns
from viewing a longer content piece. This notion of
diminishing returns of repeated experiences or satiation
is documented in laboratory studies (Redden 2008).
Intuitively, as a consumer views more and more content
pieces, the marginal benefits decrease because of either
a burnout effect or some new constraint that prevents
the consumer from enjoying more content (e.g., the con-
sumer may need to rest). This property ensures that con-
sumers will not watch an infinite amount of content. In
particular, the quadratic function format is commonly
used to capture diminishing returns (Guo et al. 2019,
Wang et al. 2023) because of its nice property in taking
derivatives. In model extension, we show that our main
results continue to hold under a general functional for-
mat of the viewing cost that ensures diminishing returns
of viewing an additional content piece.

After viewing, the consumer exits decision point 1,
following the arrow marked by “view” in Figure 1.

Skipping. If the consumer skips the content piece just
inspected with known match value v, the consumer will
keep looking for the nth content piece to view. In particu-
lar, the consumer will follow the arrow marked by “skip”
in Figure 1 to go back to the inspection step and then
re-enter decision point 1. Before skipping, the consumer
evaluates the maximum ex ante expected utility U;(n,v)
from doing so, which is given by

U;(n,v) = Ey[max{0, U.(n, max{v, V}),
U;(n, max{o, V})}] —c. )

In Equation (2), the second term c gives the consumer’s
expected cost from going through the inspection step
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again. The consumer expects to inspect another ran-
domly selected content piece from the set of feeds pro-
vided by the platform and learn its unit match value as
another realization of the random variable V. For exam-
ple, in TikTok, a consumer can easily skip the current
video by swiping up the screen and TikTok automati-
cally pushes the next video feed to the screen.

The first term in Equation (2) gives the consumers’
expected surplus from entering decision point 1 again.
Note that at the time of forming U, the consumer is
uncertain about the realization of the random variable V
and so takes expectation of this surplus across all reali-
zations of V. With any specific realization of V, the con-
sumer anticipates three possible actions and chooses the
one that generates the maximum surplus. The utilities
of the three actions constitute the three components in
the max function respectively. First, the consumer may
exit the platform and obtain zero surplus. Second, the
consumer may view a content piece, either the previ-
ously skipped one through free recall or the newly
inspected one, whichever has a higher match value.” If
the consumer goes back to view the skipped content
piece, the surplus is U.(n,v). If the consumer views
the newly-inspected piece, the consumer gets surplus
U,(n, V). Therefore, the consumer’s surplus from view-
ing is U.(n, max{v, V}). Third, the consumer may skip
the newly-inspected content piece again. The corre-
sponding surplus is Us(n, max{v, V}). Note that the total
number of content pieces that the consumer has viewed
remains the same as before skipping and so the index
for the next content piece to view remains 7. This is why
n appears on the first term (but not n + 1).

As can be seen, Us(n,v) has a recursive structure,
where the index 7 remains the same when the consumer
keeps skipping content pieces to re-enter decision point
1. The future inspection cost associated with skipping a
future content piece is incorporated through future U,
which enters into the right-hand side of Equation (2).

Viewing, Skipping, or Exiting. We assume that the
consumer views a content piece just inspected with
known match value v if U.(n,v) > max{U;(n,v),0}. The
consumer skips the content piece if Us(n,v)>
max{U,(n,v),0}. The consumer exits the platform if
max{U,(n,v),Us(n,v)} <0. After viewing a content
piece, the consumer enters decision point 2, which we
discuss later.

3.3.2. Decision Point2. After viewing N* content pieces,
the consumer decides whether to exit the platform or to
stay on the platform and view an nth (1 = N* + 1) piece.
If choosing to stay, the consumer will go back to the
inspection step and then enter decision point 1 again, as
shown in Figure 1. Before making the decision, the con-
sumer evaluates the expected utility from staying,

which is given by
U™ (n) = Ev[max{0, Ue(n, V), Us(n, V)}] —c.  (3)

In Equation (3), the second term c gives the consumer’s
expected cost from going through the inspection step
again. The consumer expects to inspect another ran-
domly selected content piece from the feeds and obtain
its unit match value as another realization of the random
variable V.

The first term of Equation (3) gives the consumer’s
expected surplus from going through decision point 1
again. Note that at the time of forming U, the con-
sumer is uncertain about the realization of V and so
takes expectation of this surplus across all realizations
of V. With any specific realization of V, the consumer
anticipates three possible actions and chooses the one
that generates the maximum surplus. The utility of the
three actions constitutes the three components in the
max function: zero surplus if exiting the platform,
U.(n, V) if viewing the inspected piece with unit match
value V, and U,(n, V) if skipping the inspected piece.

The consumer stays on the platform if and only if
U (n) > 0. When this happens, the consumer goes
back to the inspection step and then goes through the
process discussed in Sections 3.3.1 and 3.3.2 again.
Whether a consumer will visit the platform is also a
decision based on Equation (3). In particular, a con-
sumer visits the platform if and only if U (n = 1) > 0.

3.4. Game Sequence

In any strategic phase, the game proceeds in two stages.
First, the platform decides content length limit T. Then,
consumers decide whether to visit the platform and if
visiting, which content pieces to view.

4. Analysis and Results

We solve the model through backward induction by first
examining consumer decisions and then solving for opti-
mal platform policies. All proofs are in the appendix.

4.1. Consumer Decisions

Here we first examine a consumer’s optimal action at
decision points 1 and 2, respectively, upon visiting the
platform. We then solve for the consumer’s optimal
action regarding whether to visit the platform.

4.1.1. Decision Point 1: Viewing or Skipping a Content
Piece. At this decision point, a consumer decides
whether to view the content piece just inspected with
known match value v, to skip it and inspect another con-
tent piece, or to exit the platform. We obtain the follow-
ing lemma.

Lemma 1. When a consumer enters decision point 1, (i)
the expected utility from exiting the platform is dominated



Downloaded from informs.org by [98.118.37.206] on 11 January 2024, at 09:57 . For personal use only, al rights reserved.

Gu and Zhao: Content Length Limit C2C Media Platform
Information Systems Research, Articles in Advance, pp. 1-17, © 2024 INFORMS

by the utilities from skipping or from viewing a content
piece; and (ii) the consumer’s expected maximum utility
U,(n,v) from skipping can be reduced to

Us(n,v) = Ey[U.(n,max{v, V})] —c.

Lemma 1(i) indicates that the option of exiting the plat-
form is always dominated. This is because a consumer
who enters this decision point has already rationally
anticipated a nonnegative surplus from viewing an
additional content piece. In particular, if the consumer
has just arrived at the platform and entered decision
point 1 for the first time, the consumer has anticipated
Us%¥(1) > 0. If the consumer has already viewed N* €
{1,2,...} content pieces on the platform, the consumer
has been through decision point 2 and evaluated
U (n) >0, with n = N* + 1. From Equations (1) and
(3), it is easy to prove Us(n,v) > U (n) > 0.

Lemma 1(ii) indicates that a consumer’s maximum ex
ante expected utility from skipping is the expected util-
ity from skipping only once. Intuitively, skipping more
times adds more inspection cost, but will not increase
the expected value from viewing because the unit match
value of any new content piece is another random draw
of V from the same distribution. We then rewrite the
consumer’s expected maximum utility from skipping a
content piece defined in Equation (2) as

U;(n,v) = Ey[U,(n, max{v, V})] — c
= / Uw(max{v, V}-T)dE(V) — 6T?(2n — 1) — c.

4

By skipping, a consumer anticipates going back to the
inspection step, incurring an inspection cost ¢, and then
viewing a content piece. The first term of Equation (4)
gives the consumer’s expected enjoyment from viewing.
If the newly inspected content piece has a unit match
value than the previously inspected one (i.e., V < v), the
consumer will go back to view the old content piece
through free recall, and otherwise (i.e., V > v), the con-
sumer will view the newly inspected content piece. The
second term gives the consumer’s time cost of viewing.
Lemma 1 suggests that the consumer will exit deci-
sion point 1 if and only if the consumer finds the nth
content piece to view in the sequential process of content
inspection. We proceed to solve for the consumer’s deci-
sion rule about which content piece to view. Given match
value v of the inspected content piece, a consumer’s
expected maximum benefit from skipping the content,
compared with viewing the content, can be derived as
u,—-u, = T% — ¢, which strictly decreases with v.
That is, if there exists v* € [vg — 0,0y + 0] that satisfies
U; — U, =0, then U; — U, >0 for any v < v* and U, —
U, < 0forany v > v". A consumer’s optimal rule for con-
tent search can thus be stated as: Skipping the inspected
content if the match value is lower than the reservation

match value, thatis, v < v*, terminating search and view-
ing the inspected content if v > v*, and taking either action
if v=v". In a symmetric Nash equilibrium, a consumer
draws from the same distribution of match value each
time a content piece is inspected. In this circumstance, the
consumer’s stopping rule is independent of how many
content pieces had been skipped or how many content
pieces are left to search. This is in the same spirit of classi-
cal search models (Kohn and Shavell 1974, Stahl 1989),
where the stopping rule does not depend on how many
stores a consumer has searched or how many are left to
search. We obtain the following lemma.

Lemma 2 (Consumer Content Viewing Decision). A
consumer views a content piece with known match value v
if this value meets the reservation match value v*, that is, if

UZU*ZU()+G—21/CTG. (5)

In Equation (5), v* defines the lowest match value of a
content piece that the consumer is willing to view. In
making decisions about whether to skip the current
piece with known match value v, the consumer evalu-
ates the benefit of skipping (i.e., the expected value
[2*(VT)f(V)dV from viewing the next content piece
with V > v) and the cost of skipping (i.e., inspection cost
c). A shorter content length reduces the benefit of skip-
ping and so motivates the consumer to view content
with lower match values, that is, % > 0. Note that v* is
independent of 1 or §, parameters that affect a consu-
mer’s viewing cost. This is because v* characterizes deci-
sion point 1 at which the consumer decides which
content piece to view (but not whether to view). The
consumer will always incur the same viewing cost no
matter which piece the consumer finally views.

When v" is larger, a consumer is less likely to view a
content piece that has been inspected. In other words, v*
negatively indicates the click-through rate of a content
piece after it has been inspected. We derive the click-
through rate CTR as the probability of v > v* and obtain

. vot+o—vt\ <
CTR—mm(l,iz(7 )-mm(l, GT)' (6)

We illustrate in Figure 2 how the reservation match
value v* and the content click-through rate CTR vary
with T in opposite directions and obtain the following
proposi‘cion.4

Proposition 1 (Content Length Affects Content Click-
Through Rate). Consumers are more likely to view a con-
tent piece that they have inspected when the media platform

sets a shorter content length limit. That is, ‘93% < 0.

Proposition 1 is interesting because it shows how the
attractiveness of contributed content in inducing “views”
or “clicks” depends on the design of the platform, in
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Figure 2. (Color online) Impact of Content Length Limit T on
Reservation Unit Match Value v* and Click-Through Rate
CTR(vp=2,0=1,¢=02,0=1, 6 =100)
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particular, the content length limit. Our result suggests
that platforms with a strict limit on video length such as
TikTok are likely to generate a higher click-through rate
for contributed content compared with platforms such as
YouTube that implement a loose video length limit. In
practice, people have noticed that short videos usually
tend to have higher click-through rates (Delfino 2019,
Yeshanew 2021).

To understand the intuition behind Proposition 1,
viewing the current content piece brings the consumer a
total match value of vT but deprives the consumer of the
chance of viewing a different content piece, which may
have a higher total match value. The option of viewing
thus involves an opportunity cost, which increases with
the content length T. On the other hand, skipping the
current content piece involves a cost ¢ for inspecting
unit match value that is independent of content length.
A consumer decides whether to view the content piece
by evaluating the opportunity cost of viewing versus the
inspection cost of skipping. Shorter content (i.e., a small
T) motivate consumers to take the small opportunity
cost of viewing and so increases the click-through rate,
whereas longer content (i.e., a larger T) motivates consu-
mers to take the inspection cost of skipping and so
reduces the click-through rate.

4.1.2. Decision Point 2: Exiting or Staying on the Plat-
form. At decision point 2, a consumer evaluates the
expected utility from staying on the platform U*¥(n),
where 7 = N* + 1 and N* is the number of content pieces
that the consumer has already viewed. The consumer
stays on the platform if and only if U™ (1) > 0.

A consumer anticipates to go back to the inspection
step and then enter decision point 1 again if staying on

the platform. Recall that Lemma 1 indicates a consumer
will not exit decision point 1 until after viewing a con-
tent piece. We then rewrite the consumer’s expected
utility of staying on the platform U¥¥(n) specified in
Equation (3) in a recursive format as

LS () = / T W, VIF (V) dv

o
+ / U™ (n)f(V)dv —c. 7)
Vo—0
The last term of Equation (7) represents the inspection
cost the consumer anticipates to incur by going through
the inspection step again. The first two terms represent
the consumer’s expected surplus from two possible
actions at decision point 1. If the inspection reveals a unit
match value that exceeds reservation unit match value v*,
the consumer will view the content piece and obtain a
utility of U,(n, V). Otherwise, the consumer will skip the
content piece and keep staying on the platform, which
renders U*™(n). We rearrange this equation and obtain

U™ (n) = T(a +79 — 2\/§) —T25(2n —1)

=o'T —6T*(2n —1). ®)

Note that U*™%(n) is positively associated with reserva-
tion unit match value v*. This is because with a higher v*
the consumer anticipates viewing a higher-valued con-
tent piece. Also, U™ (n) > 0 can be satisfied as long as n
is not too large. Intuitively, every time the consumer
enters decision point 2 again, the expected marginal ben-
efit from staying on the platform and viewing an addi-
tional content piece shrinks; that is, U (n) decreases
with n. Moreover, Us(n) decreases with 9, indicating
that a consumer with higher content viewing cost 6 is
less likely to stay.

Understanding decision point 2 allows us to examine
a consumer’s decision to visit the platform and the num-
ber of content pieces the consumer expects to view on
the platform. In particular, a consumer enters decision
point 2 every time after viewing a content piece. The
total number of content pieces that a consumer expects to
view on the platform thus depends on how many times
the consumer expects to evaluate U™ >0 at decision
point 2. We denote this number as N*, which satisfies
U (N*) > 0 and U™ (N* +1) < 0. A rational consumer
will visit the platform only if N*>1, or equivalently
U™ (1) > 0, which condition is satisfied when the consu-
mer’s time cost is sufficiently small. We obtain the follow-
ing lemma.

Lemma 3. A consumer visits the platform if and only if the
time cost is not too high,

ZJ()+(7—2\/% o
0<d=———"=—. 9
< T T 9
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Upon visiting the platform, the number of content pieces
that the consumer views is

N = | T J;g;_z\/?) J = \_1+‘5—*J (10)

20264

In Equation (9), 6 defines the highest time cost that
allows a consumer to visit the platform, which can be
written as a function of the reservation match value v*
and the content length T. Also, Equation (10) suggests
that N* is a linear transformation of 6" It is easy to see that
as long as ¢ is sufficiently small, there always exists a por-
tion of customers with time cost between [9, "] who will
visit the platform. Directly from the lemma, we obtain
how the content length limit affects consumers’ content
viewing behaviors on a C2C media platform.

Proposition 2 (Content Length Limit Affects Consumer
Viewing). When content length limit T increases, a consu-
mer’s incentive to visit the platform first increases and then
decreases. Moreover, upon visiting the platform, the total num-
ber of content pz’eces a consumer views first increases and then

decreases. That is, 2 ¢9T >0 & > OforT < Ty = 9“’ o and
B <0&%E < OforT>TN

Proposition 2 shows an interesting nonlinear impact
of content length limit T on consumers’ viewing beha-
viors on a C2C platform. When content are longer (i.e., a
larger T), a consumer sets a higher reservation match
value v* and therefore expects a higher enjoyment from
staying on the platform. This positive impact motivates
the consumer to visit the platform and view more con-
tent pieces. On the other hand, longer content adds to
the time cost of viewing, which increases with content
length at an accelerating rate. This negative impact dis-
courages the consumer from visiting the platform and
viewing more content. The first, positive impact on the
enjoyment of viewing dominates when content are rela-
tively short, whereas the second, negative impact on the
time cost of viewing dominates when content become
sufficiently long.

Interestingly, this result suggests the existence of an
optimal content length that motivates consumers’ content
viewing on a C2C media platform. Previous research has
demonstrated that when consumers are required to view,
an optimal content length exists that maximizes the effec-
tiveness of content understanding and recall (Slemmons
et al. 2018, Manasrah et al. 2021). Our finding comple-
ments this research by showing that when consumers can
decide whether to view, an optimal content length exists
that maximizes the chance that consumers will view
content.

4.2. Platform Decision
In a strategic phase, the platform sets content length
limit to maximize its market performance. Here we first

introduce three key measures of platform performance
and then investigate the platform’s optimal strategy.

4.2.1. Measuring Platform Performance. We introduce
three measures of the platform’s consumer market per-
formance. First, we measure “viewer traffic,” or the total
number of consumers who visit the platform. This mea-
sure is analogous to the size of viewer “demand” for the
platform, and can be derived as

o 5 —

Viewer traffic indicates the platform’s visibility and can
be positively associated with the platform’s advertising
revenue. As shown previously, this measure is a linear
transformation of 0°, the highest time cost coefficient for
a consumer to visit the platform, and therefore varies
with content length limit T in the same pattern. We illus-
trate this insight in Figure 3.

Second, we measure “total viewing time” that all con-
sumers spend on the platform. This measure is analo-
gous to the total volume of content “sales” on the
platform and can be obtained by adding up T - N*(0) for
all consumers with N*(6) > 0, or all with 6 < 6"

M=T /5 " N*(8)dF(5) =T /@ . (; §;>dF(6) (12)

Higher total viewing time indicates greater potential for
the platform to generate revenue from contributed con-
tent. The total number of content views on the platform,
IN = f 5 'N*(8)dE(5), is positively associated with 6", and
so positively associated with viewer traffic. Intuitively,
more content views are generated when more viewers
join the platform.

Third, we measure “total consumer surplus” that
all consumers obtain from viewing content on the
platform. For an individual consumer with time cost 0,

Figure 3. (Color online) Impact of T on 6" and D
(=2,0=1,=0205=1,6=100)

5
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Note. D is rescaled by multiplying 100.
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the surplus from viewing n=1,2,...,N*(0)th piece is
U™ (). We derive total consumer surplus as

N*(9)

8 o

— stay — * *

s /6 (;u (n)> dF(5)=T /5 N*(8)(5" — 8)dE(),
(13)

which is also positively associated with 6*. Higher con-
sumer surplus is likely to produce greater viewer satis-
faction from visiting the platform, which can have
benefits of enhancing customer retention (Bearden and
Teel 1983, Bolton and Drew 1991), word of mouth (For-
nell 1992), and future revenue (Anderson et al. 2004,
Aksoy et al. 2008). Positive changes in satisfaction have
also been shown to promote faster market penetration
such as faster trials, referrals, and adoptions (Srivastava
et al. 1998) and enhance stock market performance (Luo
etal. 2010).

The following proposition summarizes how content
length limit affects the three key measures.

Proposition 3 (Content Length Limit Affects Platform
Performance). In a given strategic phase, viewer traffic,
total viewing time, and total consumer surplus on the plat-
form all vary with expanded content length limit following
an inverted U-shaped curve, and reach their maximum at
TP, T™, and TS, respectively. Furthermore, T?* = TN =

(03;‘2)2, and TP* < TM* < TS,

Figure 4 illustrates the different varying patterns of
the three platform performance measures with respect
to content length limit. Proposition 3 has several find-
ings that are worth noting. First, content length limit has
nonlinear impacts on all three key measures of con-
sumer market performance. This result is driven by the
nonlinear impact of T on 6" as shown in Proposition 2. A
moderate content length limit is required for a platform

Figure 4. (Color online) Impact of T on Viewer Traffic (D),
Total Viewing Time (M), and Total Consumer Surplus (S)
(vo=1,0=08,c=0.1,6=1,5 =100, T = 0.16, TM" = 0.41, T = 0.44)

TD*< TM* < TS*

0.2 0.4 0.6 0.8 1.0
T

Note. D, M, and S are rescaled by multiplying 100.

to maximize viewer traffic, total viewing time, or total
consumer surplus. Content too short or too long are not
desirable for the platform. Second, total viewing time on
the platform reaches the maximum at a larger content
length limit than viewer traffic, that is, TM* > TP*. This is
because whereas the total number of content pieces
being viewed is perfectly correlated with the viewer
traffic, longer content extends the duration for viewing
each content piece. As such, total viewing time con-
tinues to increase even when the total viewer traffic
starts to decline from the maximum. Third, total con-
sumer surplus keeps increasing with content length
limit and reaches the maximum at T%* > TM*. This is
because longer content enhances v* and so the enjoy-
ment level of each content piece the consumer views, in
addition to extending consumers’ duration of enjoy-
ment from viewing each content piece. With this addi-
tional benefit, total consumer surplus keeps increasing
with content length, even when consumer traffic or total
viewing time are lower than optimal.

Last, it is interesting to contrast the nonlinear impact
of content length limit on the three key measures of plat-
form performance with its negative influence on the
click-through rate as illustrated in Figure 2. This contrast
suggests that a platform’s effort to attract viewer traffic,
increase content viewing time, or enhance consumer
experience through extending content length limit may
cause a decline in content click-through rate. Although
the reduced click-through rate may worry contributors
and advertisers, our study suggests that the loss will be
compensated by increased viewer traffic to the platform,
viewers’ extended length of stay, and enhanced viewer
experience.

4.2.2. Platform Optimal Policy. In a single strategic
phase, a platform’s objective function can be a weighted
combination of viewer traffic T, total viewing time M, or
total consumer surplus S. We consider the simplified case
where the platform put all the weights on one perfor-
mance measure. In this case, the platform’s optimal policy
for content length limit can be derived as T, T™*, or T*",
respectively.

Across strategic phases, the platform’s performance
goal may change, causing a switch in its strategy. For
example, a startup platform may focus more on secur-
ing a successful entry and set the policy to maximize
viewer traffic and platform visibility. After the platform
has established a customer base, it may switch the focus
to generating revenue from content and adjust the pol-
icy to maximize total viewing time. Later, when survival
is not a concern, the platform may switch the focus to
building brand reputation for long-term growth and
strengthening stock market performance. In this case,
the platform may adjust its policy to maximize con-
sumer surplus. We consider these two cases of platform
goal switching and obtain the following proposition.
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Proposition 4 (Optimal Policy for Content Length Limit).
(i) When the platform switches its goal from maximizing
viewer traffic to maximizing total viewing time, it extends
the limit for content length from TP* to TM*. (ii) When the
platform switches its goal from maximizing total viewing
time to maximizing total consumer surplus, it extends the
limit for content length from TM* to T*".

The intuition behind Proposition 4 can be traced back
to the multifaceted impacts of content length limit T on
consumers’ content selecting and viewing behaviors.
Consider a platform that sets optimal content length limit
TP that maximizes its viewer traffic. Note that T”* also
maximizes the total number of content pieces that a con-
sumer views on the platform. When the platform loosens
the limit and allows contributors to post longer content,
viewing an additional content piece becomes more costly.
As such, consumers are more likely to find it too costly to
view an additional content piece, compared with the out-
side option. Nonetheless, with increased content viewing
cost, consumers become more careful in selecting the
right piece to view (i.e., v* increases with T) and end up
viewing content pieces with higher unit match values.
This second, positive impact mitigates the first, negative
impact, leading to increased total consumer viewing time
until the content length limit reaches TM*. Interestingly,
consumers experience a double boost in their surplus of
viewing a longer content piece, from both the increased
unit match value v and the extended content length T.
This impact mitigates the first, negative impact even fur-
ther, enabling total consumer surplus to keep increasing
until the content limit reaches T*.

Although our result is derived from the simplified
case when the platform maximizes a single market per-
formance measure, our insights continue to hold in the
general case where the platform maximizes a weighted
sum of the three market performance measures. For
example, if in the second strategic phase the platform
puts more weight on consumer surplus, it will extend
the limit of content length. In a given strategic phase,
higher viewer traffic and more total viewing time bring
immediate revenue benefits. Higher total consumer sur-
plus, on the other hand, benefits the platform in the long
run by enhancing customer satisfaction and platform
reputation. Our result thus suggests a platform that
switches strategic focus from enhancing current reve-
nue to fostering future growth can benefit from extend-
ing its content length limit. Our theoretical insight may
provide a possible explanation for TikTok’s early suc-
cess with its 15-second cap on content length and for its
later extension of this limit.

5. Extension

5.1. Strategic Contributors

In the main model, we abstract out contributors” deci-
sions to post content. In this model extension, we

consider contributor decisions and demonstrate the
robustness of our key results. We assume a number
H(H > 0) of contributors, who decide whether to post a
content piece on the platform in each strategic phase.
We consider the case when H is very large so that in
equilibrium a large number of contributors post. This
assumption reflects the business reality in a C2C media
platform such as TikToK where anybody with a smart-
phone can post content. We assume that all content
pieces have the same distribution of unit match values
among the consumer population. Following the main
model, we assume all contributors post a content piece
with length T. A contributor collects payoff p(p > 0) from
each view of its content piece. For example, a TikTok con-
tributor earns roughly 4 cents for every 1,000 views a
video received (Matsakis 2020). A contributor incurs a
substantial fixed cost g(g > 0) to create a content piece,
which entails all time and effort the contributor incurs,
including selecting the topic, conducting research, plan-
ning shooting, and so on. The fixed production cost varies
across contributors with different expertise and creativity.
We assume that g follows a uniform distribution on inter-
val (0,g] (g > 0) across contributors. The marginal pro-
duction cost on content length is trivial compared with
this fixed cost and is normalized to zero.

A contributor posts a content piece if the expected reve-
nue from content viewing is sufficient to cover the pro-
duction cost. We assume that g is sufficiently high so that
a contributor of marginal type ¢* € (0,g] exists who is
indifferent between posting and not posting. The contrib-
utor traffic can thus be derived as R = £ H. We derive con-
tributors” content posting behaviors as an equilibrium
where each contributor decides whether to post based on
the belief about other contributors” behaviors and each
contributor’s utility-maximizing behavior is consistent
with others” beliefs. The following lemma characterizes
the equilibrium posting behaviors of contributors.

Lemma 4 (Contributor Traffic). In a given strategic phase,
the total number of contributors who post on the platform is
R= %H, where g* € (0,g] can be solved from

w2 _ P8 d ,
g —H/é N*(6)dF (). (14)

In the right-hand side of Equation (14), 6* and N*(0) are
both functions of content length limit T. We obtain the
following proposition, which summarizes how content
length limit T affects contributor traffic R.

Proposition 5 (Content Length Limit Affects Contributor
Traffic). When content length limit T increases, contributor
traffic first increases and then decreases.

The nonmonotonic impact of content length limit on
contributor traffic shows a familiar pattern as we have
seen in Proposition 2 on viewer traffic D. This is because
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when contributors anticipate greater viewer traffic (i.e.,
alarger 6°, which is equivalent to a larger D), such antic-
ipation also suggests more content views (i.e., N*(9)
increase with 6%), both leading to contributors’ stronger
incentive to post content. When 0* reaches the maxi-
mum at TP, both consumer traffic D and contributor
traffic R are maximized. We illustrate this insight in
Figure 5. In particular, we solve for g* that satisfies
Equation (14) at various values of T and illustrate corre-
sponding contributor traffic R(¢*) and consumer traffic
D(g"). As can be seen, the two traffic measures reach the
maximum simultaneously at intermediate T. This dis-
cussion also suggests a network effect between the two
sides of the C2C media platform, which we summarize
in the following corollary.

Corollary 1 (Network Effect). In equilibrium, contributor
traffic R is positively associated with viewer traffic D.

Corollary 1 suggests that more contributors will join
the platform when anticipating more consumer traffic.
This network effect echos the findings of Hagiu (2009),
Anderson et al. (2014), and Dou and Wu (2021) in differ-
ent platform contexts. On the other hand, given that a
large number of contributors post content and the plat-
form customizes content feeds for each individual con-
sumer, consumers’ decisions as specified in the main
model regarding which content piece to view (i.e., deci-
sion point 1) and whether to exit the platform (i.e., deci-
sion point 2) do not depend on contributor traffic R.
Therefore, all our main model results continue to hold.

5.2. Robustness of Main Model Results
Here we demonstrate the robustness of our main model
results in various model extensions.

5.2.1. Varied Length of Contributed Content. In the
main model, we assume that all contributors post

Figure 5. (Color online) Impact of T on Contributor Traffic
R and Consumer Traffic D (vp=1,0=1,c=0.05¢ =10,
H =100)

12

1

> i ~
-

08 I ~

(] “~
06 ™

] ~

)
04 | s
-

| -
0.2 x-S

I o
0

W = & 00 N W M T 00 N W WL T 0 N WM 0N O O I 0

S g ANNSMMmTET T gMIMBOSRKN®RNDg A G

=] S o o o ©c o G o c o o o S o o o o o

T
e Mormalized contributor traffic (R) == == Normalized consumer traffic (D)

Note. R and D are normalized using the min-max approach to show
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content of maximum length T. Now we demonstrate the
robustness of our results in an extended model where
contributors can post content pieces shorter than T. We
assume that across contributors the length ¢ of content
pieces follows a distribution on (0, T], with mean ¢, =

E[t] and gyradius r = \/é[v[t:] The main model can thus
be viewed as a special case where t, = r* = T. This distri-
bution of ¢ is common knowledge. We assume that on
average contributors generate longer content when con-
tent length limit is extended, that is, f, increases with T.
We also assume that the variance in the length of con-
tributed content is not too large such that r also increases
with T. These assumptions receive support from busi-
ness practice. For example, a recent study shows that
after TikTok has extended the length limit from 15 to
60seconds, the average length of the top 100 clips is
16seconds, and 80% of them have lengths between 10
and 20seconds (Slee 2020). Other specifications of the
main model apply.

We let t;,...t, denote independent and identically
distributed random variables that represent the lengths
of the first, ..., nth content pieces that a consumer views.
At decision point 1, a consumer’s expected utility from
viewing an inspected content piece with unit match
value v as the nth piece viewed on the platform is

Ue(n,0) = 0E[t,] — S(E[(t + -~ +1,)’]
—E[(t1 4+ +ta1)?]) = vt — 621 — Dtr2.
(15)

The consumer’s expected utility from skipping this con-
tent piece can be derived as

Vo+o
Uu(n,0) = £, / max{o, VIdE(V)

0—0

—6(2n — Dtr? —c.

(16)

Comparing Equations (15) and (16), we obtain that the
consumer will view the content piece if v>v"=

vp +0 — 2, /. Given that ¢, is monotonically increasing
e

with T, the positive impact of T on v* that we discuss in
the main model continues to hold and so Proposition 1
continues to hold. At decision point 2, the consumer’s
expected utility from staying on the platform to view

the nth content piece is U™ (n) = t, <c7 +v9—2 "f) —

5(2n — Vt,r* = t,v* — 6(2n — 1)t,r?. The total number
of content pieces a consumer with time cost coefficient
0 views on the platform can be derived as N*(9) =
Lz 2 sz A consumer will visit the platform if the consu-
mer’s time cost coefficient 0 is sufficiently small,
O<o = ”*, ) that N*(é) > 1. Given T, the viewer traffic

is D= f 5 dF((S) == g consumers’ total viewing time is

M =t, [ N*(8)dF(5) = t, [ (1 +25)dF(8), and the total
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consumer surplus is S= |, ;*s((S)dF((S) =t ], ;*N’*(é)
(6" — 0)dF(0). Given that t, and r both increase with T,
the impacts of T on D, M, and S as specified in Proposi-
tion 3 continue to hold. It is straightforward that other
results in the main model retain qualitatively.

5.2.2. General Function of Content Viewing Cost. In
the main model, we assume a specific functional format
for the viewing cost. Essentially, our assumption ensures
diminishing returns of viewing an additional content
piece so that consumers will stop watching at a point.
This notion of diminishing returns from repeated experi-
ences or satiation is documented in various laboratory
studies (Redden 2008). Our key results will continue
to hold with a general function ¢ - K(T, 1) for a consumer
of type 6 viewing the nth content piece, as long as

‘QKgn'") >0, ath;,n) >0, and % >( are satisfied. In
particular, the first condition indicates that the consumer
viewing cost increases in n and the other two conditions
ensure that consumer viewing cost increases in T with an
increasing speed. An example of such a general function
is K(T,n) =n-T% a> 1, which suggests the content view-
ing cost increases with content length at a faster speed
than total match value vT. We show that under this speci-
fication, the results regarding consumer decision point 1
(i.e., v") remain unchanged and the results regarding con-
sumer decision point 2 show the same properties as in
the main model. All key results in the main model con-
tinue to hold qualitatively. For instance, given vy = 2,0 =
1, ¢=0.2,6 =100,6 = 1,a = 1.4, we solve for TP* = 0.45,
T™* =34, and T =3.6, which demonstrates TP* <
TM* < T5* and therefore is consistent with Proposition 3.

5.2.3. General Function of Inspection Cost. In the
main model, we assume that the inspection cost c to
reveal the unit match value of a content piece is inde-
pendent of content length. Our key results will continue
to hold qualitatively under a general inspection cost
function C(T) as long as 0 < C'(T) < C(T)/T is satisfied
so that v* as shown in Equation (5) increases with T. An
example of such a general function is C(T)=c-T?,
0 < b < 1, which suggests the inspection cost to learn
the unit match value of a content piece increases with
the content length at a lower speed compared with total
match value vT. In this specification, b = 1 means that a
consumer inspects every moment of the content piece to
learn its unit match value v, making cT the highest possi-
ble inspection cost. In our research context of short
videos, 0 < b < 1 is a reasonable restriction because
standard information of a content piece (e.g., who
posted the content, its genre, the number of views and
likes) is independent of its length and the video quality
is relatively consistent throughout. Given vy =2,6 =1,
c=02,6=100,6=1,b=0.2, we solve for T"* =0.12,

™+ =0.35, and T°* = 0.38, which demonstrates T?* <
TM* < T and consistence with Proposition 3.

5.2.4. Imperfect Inspection. In the main model, we
assume that consumers learn the true match value of a
content piece after inspection. Our key insights continue
to hold when the inspection is not fully accurate. To see
this, assume that a consumer’s inspection renders the
true unit match value v with probability w (0 < w < 1)
and renders a random draw from the distribution of
unit match value [vy — 0, vy + o] with probability 1 —w.
The consumer’s ex-ante valuation of the content piece is
thus v’ = wv + (1 — w)vy. We can then replicate the entire
analysis in the main model by replacing v with v". All
results in the main model continue to hold qualitatively.

5.2.5. General Function of Total Match Value. In the
main model, we assume that the consumer’s enjoyment
from viewing a content piece with match value v and
content length T is vT. Our key insights continue to
hold under a general function Y(v, T) of consumer’s
enjoyment as long as Y(v, T) increases with v and T. To
see this, we rewrite a consumer’s utility from viewing
the content piece and skipping the content piece as

Ue(n,0) = Y(0,T) — 6(2n — 1)T? and U(1,0) = [,*"" max
{Y(o,T), Y(V,T)}f(V)dV — 6T*(2n — 1) — ¢, respectively.
The reservation unit match value v* satisfies [*""Y(V,
T)f(V) dV —c =0 and can be proved as increasing with
T. The rest of the analysis in the main model follows,
and it is easy to see that all results continue to hold
qualitatively.

5.2.6. Early Termination of Content Viewing. In the
main model, we assume that a consumer watches the
entire content piece once deciding to view it. In practice,
a consumer may terminate watching before the entire
content piece is over. If the consumer watches only a
small proportion of the content piece before quitting, it
can be viewed as part of the inspection process and so
already captured by the inspection cost c. If the con-
sumer has watched a good portion of the content piece
before quitting, it can be viewed as the consumer has
obtained partial value vt, where t < T. Based on our
analysis in Section 5.2.1, our main model results will
continue to hold qualitatively when ¢ follows a distribu-
tion on (0, T] with mean and gyradius increasing in T.

6. Conclusion

Our study is inspired by the rapid growth of C2C media
platforms such as TikTok. Content on a C2C media plat-
form is self-posted by any contributors who are willing
to and so covers a large range of topics that can suit
viewers with heterogeneous tastes. A challenge for
viewers thus is to select suitable content to view from a
large number of available offerings. Our study adopts a
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classical, economical approach to model how utility-
maximizing consumers select content to view through a
sequential inspection process. We demonstrate how the
platform policy on content length limit affects this pro-
cess and how the platform can set optimal content limit
to maximize its performance. Our theoretical insights
provide a microfoundation to understand business
practices of C2C media platforms and offer guidance for
platforms in different stages of business development.

First, we show that when content on the platform are
longer, viewers set a higher standard of match value in
selecting content to view, leading to a lower click-
through rate of content. This finding suggests that a
tight limit on content length can increase click-through
rate, which may provide an explanation for the popular-
ity of TikTok, the video-sharing platform known for its
15-second limit on video length. Second, we show that
extended content length on the platform first enhances
its performance but then hurts its performance, follow-
ing an inverted U-shape curve. This is true for short-
term performance measured by viewer traffic and total
viewing time, as well as for long-term performance
measured by total consumer surplus. This finding sug-
gests the existence of an optimal content length. Third,
we find that a platform that switches the focus from
short-term advertising revenue to long-term growth
will benefit from extending the content length limit
and enhancing consumer surplus. This finding sug-
gests that TikTok’s extensions of content length limit
from 15seconds to 3minutes may be driven by its
enhanced focus on future growth after the company
has secured the customer base and revenue sources.

We acknowledge that other factors that we do not
model may also affect a platform’s content length limit.
For example, short videos may have additional benefits
of being easier to create, feeling more “real,” and fitting
users’ short attention spans or busy schedules. Moreover,
TikTok’s recent extension of content length limit to
10 minutes may attract new consumers who desire long-
form videos and lead to competition with YouTube.

Our current model framework can be potentially
extended to investigate other issues related to content
length limit and other strategic decisions of a C2C media
platform. For example, content length, by affecting the
total number of content pieces consumer views, may
affect a platform’s learning about consumer tastes and
its capability to feed consumers with suitable content.
The content length limit may also have implications for
consumer variety seeking and consequently affect the
platform’s decision regarding content feed diversity.
Our study focuses on examining consumers’ decisions
in selecting suitable content pieces to view in a C2C
media platform and abstracts out the existence of “fake
content,” a unique business reality on a C2C media plat-
form such as TikTok where content are freely posted by
any individuals who wish to.” Whereas the existence of

fake content does not affect the key insights regarding
how consumers make tradeoffs between the inspection
cost and the potential gain in match value in the content
selection process, it would be interesting to investigate
the platform’s incentive and strategic activities to man-
age fake content. We leave these interesting issues for
future investigations.
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Appendix A
A.1. Proof of Results

Proof of Lemma 1. A consumer entering decision point 1
warrants U (n) = Ey[max{0,U.(n,V),Us(n,V)}] —c>0 (n=
1,2,...). At decision point 1, the consumer’s utility from
skipping an inspected content piece with known match
value v is U;(n,v) = Ey[max{0, U, (n, max{v, V}), Us(n, max{v,
VP —c. Because EyU,(n,max{v,V}) > EyU,(n,V) and Ey
Us(n, max{v, V}) > EyUs(n,V), we obtain Us(n,v) > U™ (n) >
0. That is, the consumer always prefers skipping rather
than exiting the platform at decision point 1. We thus
prove the first part of this lemma.

Given Us(n,v)>0, we rewrite Us(n,v)=Ey[max{U,
(n,max{v, V}), Us(n, max{v, V})}] —c. We can further write
U;(n,max{v, V})} = Ey[max{U,(n, max{v, V}), Us(n, max{v, V}|—
¢ =Us(n,v) —c. That is, U,(n,max{v,V})> Us(n,max{v, V})
has to be satisfied. We thus write Us(n,v) = U,(1n, max{v,
V}) — ¢ and prove the second part of this lemma.

Proof of Lemma 2. A consumer views a content piece

2
with perceived match value v if U, — Us =c — TW > 0.
The reservation match value v* is the lowest value of v
that satisfies this condition. We thus obtain v* =vy+0—

(7o Ju' _ Nevo
2,/%. Moreover, we have %% =55 > 0.

Proof of Proposition 2. A consumer views content on the
platform only if U™ (1) = Tv* — 6T? >0, that is, if 6 < 6" =

v 28' _ 3\VeNo gt
%. Moreover, we have =" — 2 It can be proved

that 97> 0 if T < TN =25 and 97 < 0 if T>TY. At T",

% =0 and 6" reaches maximum.

Proof of Proposition 3. First, D, M, and S are all posi-

tively associated with 6°. In particular, %3: ﬁ >0, %\4:
-0

T+ ijz%dl:(é) >0 (note that N*(6")=1), and 2 =T>

I ; ” (% +N*(6)) dF(6) > 0. Recall that Proposition 2 shows &’

is concave on T. As such, D, M, and S are all concave on T.
D _ 9D _ 1 35"

First, from % =9x% = 53T

with T in the exactly the same trend that 6° moves with T
and reaches the maximum at TV. That is, T?* = TV.
(t _ é‘ " . . b' * . *
Then, 2=Y+9M%% = [T N'(O)F©)+ T 2520dF ()%
Therefore, when % =0 at TV so that ‘;—? =0, we must have
24 > 0. This implies TM* > TP* = TV,

we obtain that D varies
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Last, 35 =2+ 2525 = 2T [" N'(6)(6" — 6)dF(5) + T2 [ 2A-)E-0)

f;% Easy to see that TS >TP=TN, Moreover,
Bf N(6)(" ~0)dF(0) o[ N ©)F()
= (00 - 0) +N'0)) dF(O)> gy =1+

/. (;Ya aéé)dF(é). Given that T? increases with T at a higher
rate than T, we conclude that S=T2] ;”N*(é)(é* — 0)dF(6)

increases with T in a larger range than M =T | g ”N*((S)dF(é)
and so arrives at the maximum at a higher level of T, that
is, TS > TM~,

Proof of Lemma 4. Assume that a contributor believes
that the cost coefficient of the marginal contributor is
¢"? €(0,5]. Because contributors offer horizontally differen-
tiated content, each content has the same matching value
distribution among the consumer population and has an
equal chance to be inspected by consumers. Thus, each
content piece has an equal chance of being viewed by con-

<b
sumers. It is thus anticipated that each of the ‘%H contri-

butors that post content obtains an equal share of total
viewing time M. A contributor’s expected profit is thus

n(g) = p— —g, TN = ffN*((S)dF(é) In equilibrium, the mar-

ginal contnbutor satisfies (g < ¢*) >0 and n(g > %) <0,
consistent with the common belief. That is, g* = g . Rearran-
ging pi — & =0, we obtain Equation (14).

Proof of Proposition 5. Trivial. Omitted.

Proof of Corollary 1. Trivial. Omitted.

Endnotes

1 On different platforms, consumers’ random inspection may real-
ize in different formats. For example, TikTok shows a single video
on the interface and a consumer swipes the screen to inspect the next.
In this context, random inspection suggests the videos are presented
to consumers in random order. On platforms such as YouTube where
multiple videos are shown on the interface, random inspection indi-
cates that a consumer inspects videos in random order.

2 To further understand this assumption, c is the inspection cost for
the unit match value v, but not for the total match value vT. In our
research context, the platform usually provides some standard
information about video features, including who has posed the
video, its genre, how many views and likes a video has received.
The cost of inspecting such standard information does not depend
on video length. Moreover, for short videos, video features such as
content topic and shooting style are typically consistent throughout.
As such, a consumer only needs to sample a moment of a short
video to inspect its unit match value v, regardless of the video
length. We recognize this assumption might not hold for the differ-
ent research context of long videos.

3 With free recall, a consumer can always go back, without extra costs,
to the last content piece that the consumer has inspected but skipped.
Technically, the assumption of free recall ensures model traceability
by making the recursive structure of U, stationary, which is also the
reason why free recall is a standard assumption in the consumer
search literature (Stahl 1989). If a recall is costly, the optimal search
behavior becomes nonstationary, as demonstrated by Janssen and
Parakhonyak (2007). In our research context of online videos, going
back to the last skipped piece involves only a click or a swipe, and the
cost associated with such actions is minimal.

‘Ina given market, the reasonable content length can have a common
sense minimum, and our analysis only applies to content that exceeds
this minimum. Further reducing content length below this common
sense minimum may not further increase the click-through rate.

® TikTok’s defines the following: “Scams are fraudulent and deceit-
ful acts that can take place online. These scams typically include the
exploitation of others for some form of monetary gain but may also
involve a scammer trying to obtain an individual’s personal data
(https: //www.tiktok.com/safety/en/scams/).”
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