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Abstract

The popularity of watching video clips on mobile devices is rapidly increasing.
The providers of such video services have developed mobile capabilities and have
worked to increase their video selections. This study investigates the effect of the
factors of preview content (the thumbnail and the title) and context (the popular-
ity cue and the serial position) on video selection in a mobile context by adopting
dual process theory and the model of attention capture and transfer. We performed
a logit transformation on the dependent variable, and then applied generalized least
squares (GLS) regression to analyze 206,221 logs and 323 thumbnails and titles of a
video service. Image and text- mining techniques were used to ascertain the level of
valence and response to content. This study has four main findings: (1) low valence
but high arousal of a thumbnail has a positive effect on video selection; (2) high
valence and arousal by a title has a positive effect on video selection; (3) the upper
serial position of a video clip and a high popularity cue have a positive effect on the
video selection; and (4) the length and recency of a video have a positive effect on
the video selection. The results of this study suggest practical implications to help
the programming and marketing strategy of the video service as well.
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1 Introduction

Short-form content optimized for the mobile environment is increasingly popular.
In particular, the viewing of short videos (“video clips”) is skyrocketing every
year and accounts for 60% of use on various mobile devices [1]. The growing
market for video clips is centered on YouTube, the most popular mobile video
service. The video ad revenue of YouTube is expected to reach approximately
$2.89 billion in 2018 [2]. Numerous other mobile video services have also been
established. Broadcasters, such as NBC, and platform companies, such as Youku
in China and NAVER TV and GOM TV in Korea, also provide videos through
their mobile webs and apps. They deliver various types of video clips such as
user-generated content, music videos, and TV highlights.

With the increasing number and variety of video clips, recommending user
favorites on the front page (i.e., the trending page in YouTube) has become more
important to video services. Due to the display of video clips on the front page, rec-
ommendations as determined by the service’s algorithms have a significant effect on
users’ viewing behavior [3]. Recommending popular video clips on the front page
increases not only service satisfaction but also the number of plays and, therefore,
advertising revenue [4]. Recommendations on the front page are significantly more
important in the mobile environment than in the PC environment for two reasons.
First, fewer video clips can be recommended on the typically smaller mobile front
screen than on a PC; for example, the mobile device may only display one or two
videos in a row on the front page compared with five or more on a PC [5]. The sec-
ond reason is that information previews, such as thumbnails and titles, account for
a larger portion of the service screen [6]. Due to the changing mobile environment,
providers of video services face challenges in their efforts to increase the selection
of videos available to users as part of an ongoing effort to increase revenue.

However, even within the context of current circumstances, few studies have
examined the factors that affect mobile users’ video selections. Because mobile
services without thumbnails or titles are so few, it has become more important to
study the effectiveness of video previews rather than the presence of preview con-
tent. Recent studies have begun content classification [7] or content analysis [8].
Besides, the context factors affecting users’ video selection have also changed
because of device differences [5]. Nevertheless, we found a lack of theoretically and
empirically validated explanations of video selection in the mobile environment.

Thus, this study seeks to determine the role of factors that affect video selec-
tion in the mobile context. This lack of knowledge leads to our research ques-
tion: What content and context factors drive video selection on the front page of
a mobile video service? To address this question, this study develops and empiri-
cally tests the content and context factors that affect video selection in the mobile
service context. According to dual process theory [9], information process-
ing proceeds on a heuristic route when individuals have a low level of involve-
ment. Video services usually have a low selection cost and high uncertainty
value concerning content [10]. Hence, a user’s information processing tends to
proceed heuristically [11, 12]. Environmental cues that work with less effort in
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the decision-making process cause heuristics [10]. To the best of our knowledge,
this study is the first to empirically investigate which context and content factors
affect video selection on mobile devices.

In this study, thumbnails and front page titles of recommended video clips were
obtained from a video service in South Korea. We applied data mining technology to
the preview content to conduct a sentiment analysis of the overall content. In addi-
tion, we obtained user log data, content-related serial positions, and popularity cue
data. Our results can help produce guides to develop preview content and recom-
mend a strategy for video service providers. We expect to find content and context
factors that affect video selection and, thereby, increase consumption and revenue.
In the following sections, we provide a theoretical background and literature review.
We then discuss the development of hypotheses based on the theoretical framework.
Next, we introduce the research methodology and report the test results. Based on
the discussion of the findings, we address the implications for research and practice.

2 Conceptual background
2.1 Dual process theory

Understanding people’s information processing, which usually precedes making
decisions and taking action [13], should help us explore the factors that affect video
selection. Therefore, to explain the information processing involved in selecting a
video, this study selects the dual process theory as its theoretical foundation.

This theory holds that systematic processing or heuristic processing—a deter-
mination governed by the degree of involvement or selection cost—determines a
user’s choices [9]. If the degree of involvement and the selection cost are high, then
systematic processing is invoked to examine the information or message carefully.
If the opposite is true, then the source or environment resorts to heuristic process-
ing [13]. Selection cost and personal involvement are generally low because most
video services offer free videos [10, 12]. Therefore, in the mobile video context,
users’ information processing proceeds mostly heuristically [11, 12]. In practice, if
a user has a specific purpose (e.g., if there is a specific video he or she wants to
watch), then system processing would govern. However, in such a case, selection
usually occurs through a search of keywords for the specific video or going to one’s
own subscription channel list [14] rather than selecting a video from the front page.
Therefore, this study uses the perspective of the heuristic route in focusing on find-
ing those factors that affect what users select from the front page of mobile video
services. In this heuristic framework, environmental cues such as content and con-
text factors determine video selection [15].

2.2 Literature review on content and context factors
The influence of content and context factors on user behavior has been examined

recently in various fields. First, the previous studies have investigated the effects of
preview content on users’ decision making. For video services, video selection in
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the environment of desktop computers is affected by the presence of thumbnails and
titles [12]. Researchers have also found that preview content influences user behav-
ior in mobile e-mails [6] and print ads [16].

Second, extant studies have discussed context factors that influence user behavior
based on the context effect. Research on the social network service (SNS) brand
page found that posts with a higher position receive more customer engagement. A
review site study also empirically found that the order of a review affects the review
helpfulness from users [17]. Research on PC based the music community [18] and
the video service [10] also found that popularity cues (e.g., view count) influence
content selection. However, content selection in the mobile environment differs from
the PC environment: the importance of preview content has increased and the con-
text factors that affect content selection have changed, thus requiring a re-examina-
tion of this phenomenon.

Table 1 summarizes the results reported in the previous studies. In the following
subsections, we provide a concise review of the literature on content (i.e., preview
content of a video clip) and context (i.e., mobile context) factors to explain the con-
text of our study and identify research gaps.

2.2.1 Preview content of a video clip

Content selection is influenced by how the preview content was produced [6]. Pre-
view content on a video service includes a thumbnail, which is a “snapshot” image
from the video, and a title, which is a text sentence that describes the video. Previous
studies have focused on whether such content was present and not on which preview
content influences the selection of a video by a potential viewer [6, 12, 16]. There-
fore, we need to analyze the effect of the elements of preview content on a potential
viewer’s selection decision. We applied the model of attention capture and transfer
[16] as the theoretical background for an examination of this preview content.

The model of attention capture and transfer is a theory to explain the attentional
mechanisms of specific content [16]. This model contends that two processes lead to
selective attention: a top—down (or goal-oriented) mechanism and a bottom—up (or
stimulus-driven) mechanism [19]. Attention originates through the top—down mech-
anism because of personal interest or reasons. For example, on video services, a user
is stimulated to either select a video or search for specific content [4]. Conversely,
attention is captured in the bottom—up mechanism by the content elements. In this
mechanism, the user automatically responds to images or text elements. For exam-
ple, the results of eye-tracking procedures for 110 print ads have shown consumer
attention toward image and text elements [20].

When a user purposelessly selects content from a video service’s front or trend-
ing page, the elements of the content stimulate his or her attention and its subse-
quent selection—an example of the bottom—up mechanism. Content elements such
as image and text that may affect attention are size, shape [16], and emotional stimu-
lation [21, 22]. Neuroscience research has found by event-related potential analy-
sis that for reasons of survival, humans are more focused on emotional images and
text in terms of natural selective attention [23-25]. This suggests that the percep-
tual encoding of image and text are under the command of the approach-avoidance

@ Springer



607

What content and context factors lead to selection of a video...

IX9JUO0D 9JTAIIS OJPTA ) UT JUBDYTUSIS ST J09JJ0 UOTempueq ) SNy, 'SJUNod

MITA JOMO] SUIMOYS SUO UBY) SIISN 2IOW SJORIIE SIUNOD MIIA IYSIY SUIMOYS 0IPIA Y
ATunwwIod dIsSNUI SUITUO Ue Ul (JUNOd SUru)SI|

9'T) UOIIIQ[S dISnW $}o3xye (SU0S B JO Yuel s9[eS puk AALI0AR]) “°39) Ajrendod ayJ,
sI19sn woiy ssaunyd[oy MITAI Y} SIOIJB MITAI B JO IOPIO A} SUBIW

JRU L, "SOATOII MIIADI B SJOA  [NJIsN,, JO JQUUNU ) S)IQJJe MIIAI IOPIO-1YSTY

Juowage3ud JaW0Isnd Ay} YISy Y}
‘Sunjuer jsod oy) 10yS1Y oY) ‘$}09]0 JOPIO Y} JO AUO ST YoIyM 109JJ0 Koewrid oy} 03 ang
1x9)u0d pe jurid oy ur uonudNe SUISHIGAPE
S J9sn 9y} uo Joedwir JueoyTuSis € dAeY Yoes (3x9) pue [er103o1d “*3-9) sjuewd[e pe Y[,
JX9)U0J J[Iqour Y} ur Aerd
-adsa ‘maraaid Aue Surpraoid jou uey) o10W (SUOIOE [[0IOS JO JOQUINU S} PUL JOUEBISIP
Sur[o1os “3°9) AJIATIOR TSN SASLIOUT [TeW-d U UT SAUT] Mma1Ad1d Jo Joquinu & Surs)
S[IN pue [reuquniy
® Jo ouasaid oy jo joedwr oy sure[dxa A[[eoriidurd SMOIA O9PIA UT ISBAIOUT YY)
‘SPIOM I3YJ0 U] "O3PIA JY) JO UOTI[AS IASN PISLIIOUT SJUU0d Mmaradxd jo souasard ayJ,

QOIAIIS OJPIA

Ayunwwo)) JISnA

9)IS MIIADI JURINEISTY

a3ed pueiq SNS

pejuLg

[rew-o oIqo I

QOIAIOS OJPIA

[01] wrs pue ng

[81] 210 uemaq  ono Ayerndog

[L1] onD pue noyz

[L] Te 39 solIp 9 uonisod [eLIdS  SI0JoeJ JXQUOD)

[91] 19Pop\ pue s10391g

[9] Te 10 1oABIM

[z1]ng $10J0BJ JUIUOD)

sSuIpuL]

1X9JU0D)

YoIeasay UIIDUOD JO SI0JOB]

yo1easal snotaaid jo Arewrwng | 9jqel

pringer

As



608 S.-H.Yoon, H.-W. Kim

motivational system [24]. In other words, users autonomously focus their atten-
tion and select preview content that generates an emotional feeling. This study thus
focuses on the emotional stimulation of preview content.

Two aspects of emotional stimulation, valence and arousal, take key roles
in human behavior and decision making studies [23, 26, 27]. Russell proposed a
method for numerically measuring emotion stimulation by a two-dimensional space.
Russell’s circumplex model reveals that valence and arousal are present in other
two-dimensional spaces [28]. Thus, it is essential to examine valence and arousal of
content about the condition of attentional preview content. Prior research has shown
that attentional preview content affects user satisfaction and selection [6]. Video ser-
vice providers especially care about preview content that stands out among many
videos to capture the attention of users [29]. For this reason, demand has increas-
ingly grown for a production guide for creating effective attentional mobile preview
content [30].

2.2.2 Mobile context

Many decisions are based on the current environment and not on the preference sys-
tem [31]. This phenomenon could be explained as a context effect. The context effect
refers to the tendency for selection decisions to change according to a user’s specific
situation or context [31]. A user’s decision making can especially be influenced by
the order in which items for selection are arranged [17] and by social or peer influ-
ence [10]. The effect of the order of items has emerged as an important research topic
in persuasion communication and psychology [32]. The order effect is a phenomenon
in which a user’s response varies according to the order in which information is pre-
sented [33]. The observation that information initially presented is more persuasive is
called the “primacy effect,” and when information presented later is more persuasive,
it is called the “recency effect” [32]. These effects differ according to the degree of
search cost or personal involvement. The primacy effect appears for high search cost
and a familiar subject, whereas the recency effect appears for the opposite case [32].
In content services, people generally start browsing from the initial items to reduce
the search cost; thus, the primacy effect affects a user’s actual behavior [5]. Thus, we
expect that the order effect will be significant in the mobile environment.

As for social and peer influence, numerous studies have documented the band-
wagon effect [10, 34]. The bandwagon effect refers to the phenomenon that infor-
mation that is popular with the public affects individual selection [34]. It is a con-
cept similar to herd behavior [35], which describes behavior that is influenced by
the decision of the peer group [35]. The bandwagon effect and herd behavior occur
because popularity provides better cognitive value to the subject [35]. This behavior
can be seen in various fields, such as blockbuster movies, fashion trends, and digital
music rankings [36]. In online content services, users are also affected by popularity
cues (e.g., views, hits, downloads, likes) to reduce the search cost and cognitive load
[10, 18]. Video services use popularity cues such as View counts and Like counts,
which, respectively, indicate how many users have seen and reacted positively to
a video [37]. However, few studies have examined how each popularity cue affects
decision making differently, especially in a mobile context.
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Fig.1 Theoretical framework

3 Theoretical framework and hypotheses
3.1 Theoretical framework

When low selection cost and personal involvement occur together, such as on the
front page of mobile video services, a user’s information processing operates heu-
ristically [11]. According to the dual process theory, heuristic processing is affected
by environmental cues such as content and context factors [12]. The thumbnail and
title are the content factors of a mobile video service, and the context factors are
the serial position and popularity cue. To analyze in detail which elements of the
thumbnail and the title generate an effect, we adopted the model of attention capture
and transfer [16].

The purpose of this study is to investigate what factors influence a user’s selection
of a video from among those recommended on the mobile front page. In this case,
because stimuli influence video selection, we used the bottom—up mechanism for the
theoretical framework. According to this mechanism [16] and Russell’s circumplex
model [28], this study proposes valence and arousal as elements of the thumbnail
and title. The context factors are the serial position and popularity cue based on
the order [33] and bandwagon effects [34]. Figure 1 shows the proposed theoretical
framework, combining dual process theory [9], content and context factors, and the
model of attention capture and transfer [16].

3.2 Content factors

Content elements determine a user’s perception and attention according to the bot-
tom—up mechanism [16]. Representative content elements include distinctive size,
shape, and emotional stimulation. However, two elements (size and shape of each
preview content element) of the more than 10 video clips on a mobile front page are
the same [6]. Thus, we argue that the emotional stimulation of the preview content
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will affect a user’s attention and his or her selection of a video clip in the context of
a mobile video service. Specifically, based on Russell’s circumplex model, we focus
on the valence and arousal of preview content.

Under normal circumstances, positive content generates a positive feeling and
affects human behavior positively [8, 21, 22]. Ang and Low argue that positive ads
evoke a cognitive elaboration under the same conditions [21]. In online services, the
positive emotion of content can be easily translated into action. For example, the
more positive the online content, the more likely it is to lead to action [22].

Preview content on mobile video services comprises a thumbnail as an image and
a title as text. Images catch a user’s attention and then quickly lead to behaviors with
less effort [16, 26]. Thus, the user perceives positive thumbnails as images more
clearly than other factors, which draws on the bottom—up mechanism [16]. There-
fore, we propose the following hypothesis.

H1 A high level of thumbnail (image) valence has a positive effect on video
selection.

As another element of preview context, the valence of the title of a video clip
may affect users’ attention and behavior similarly. Previous research found that the
positive valence of a text influences readers’ attention, decision making, and concen-
tration processes [16, 38]. Neuroscience results also have shown that positive text
evokes human attention and action [26]. For example, a positive peer review influ-
ences people’s decision making [27]. As the valence of a video clip title is more pos-
itive, the video will attract more attention from the service user and leads to those
users’ video-clip selection behavior from the perspective of the bottom—up mecha-
nism [16]. Therefore, we propose the following hypothesis.

H2 Ahigh level of title (text) valence has a positive effect on video selection.

In addition to valence, arousal serves as an emotional stimulation according to
the circumplex model [28]. Arousal by content attracts a reader’s attention from the
perspective of the bottom—up mechanism [16]. Content that generates a high level of
arousal not only attracts users but also leads to positive customer behavior [39]. Spe-
cifically, a high degree of arousal from images generates users’ attention and influ-
ences users’ action regardless of positive or negative feeling [22]. With images as a
content factor of a video clip, this arousal can occur in response to a sexual [40] or
sensational scene that can also be used in thumbnail production. Therefore, we pro-
pose the following hypothesis.

H3 A high level of thumbnail (image) arousal has a positive effect on video selection.
The title of a video clip is another content factor that can produce arousal. Text-
generated arousal can initiate users’ attention and selection from the perspective of

the bottom—up mechanism [16]. The title text is mainly influenced by word units
[26, 41]. For example, words such as “kiss,” “sexy,” “betray,” “fire,” and “murder”
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generate a relatively high arousal response [41]. The morpheme has been verified for
nouns and adjectives. The common conclusion of preview studies is that text arousal
attracts high attention and influences users’ decisions [23, 26, 27]. In other words,
the higher the degree of arousal generated by the video title, the more positive the
effect on video selection. Therefore, we propose the following hypothesis.

H4 Ahigh level of title (text) arousal has a positive effect on video selection.

3.3 Context factors

The order effect is present in the process of video selection in a mobile context. From
the perspective of the primacy effect [32], there is a high probability of selection of the
items at the top of a list [17] because selecting items at the top reduces the time spent
searching for information. Economically, if the marginal search cost is higher than the
marginal profit, people select the first items without searching [42] because it reduces
the cognitive uncertainty of selection [43]. With online services, because there is high
uncertainty in content selection and low selection cost, there is a high possibility that
the primacy effect occurs. In e-commerce, it has been proven empirically that vendors
at the top of a list have a higher positive effect on vendor acceptance [44].

Similarly, the upper serial position of online reviews was more helpful to users
than a lower serial position of online reviews [17]. On SNS brand pages, the upper
serial position of posts receives the most likes and comments [7]. It has an espe-
cially strong order effect in a mobile environment because the navigation cost there
is higher than for a PC [6]. Thus, the primacy effect related to the serial position of a
video would occur in the selection of a video clip.

H5 The upper serial position of a video has a positive effect on video selection.

The bandwagon effect [34] can also occur on a video service as users select vid-
eos with high popularity indicators such as the numbers of views and likes. Online
popularity indicators reduce content uncertainty [10]. Through heuristic processing
[9], high numbers of views and sales volume information help a user choose easily
with the expectation that the item has a high value. This effect also occurs in social
networking services (SNS) and in e-commerce in which value uncertainty is high
[11]. For example, in the online music community, it has been revealed by objective
data from the famous music community Hype Machine that listening to music by
users is strongly related to the popularity of each song [18]. On the same principle,
it can be expected that information such as a high number of views and likes on a
video service will positively influence video selection. Previous research has found
that when there is high online viewership, these popular videos are preferred over
other videos, so there is a high possibility that views will also increase in the future
[10, 12, 14, 45]. Thus, the bandwagon effect related to the popularity of a video
would occur in the selection of a video clip.

H6 The high popularity of a video has a positive effect on video selection.
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Fig.2 Screenshot of the S-Service front page

4 Research methodology
4.1 Research context

We collected data from S-Service,! which is the largest video service provider in
Korea. Most of S-Service’s videos are professional videos provided by content pro-
viders such as studios and broadcasters. S-Service provides its content providers
with a brand page, such as a YouTube channel, and provides a content management
system to upload videos and programming videos on the front page.

On S-Service, content providers recommend videos by using an S-Service recom-
mendation algorithm. The front page displays a list of 10 recommended videos. Users
can review videos along the recommendation list across pages. Recommended videos
are ranked from 1 to 10, and the recommendations include the thumbnail, title, num-
bers of views and likes, and video length (see Fig. 2). The video recommendations of
S-Service change daily at about 9 a.m. The user interface of S-Service is similar to
global video services such as YouTube, NBC, and Youku. S-Service also distributes
advertising revenue to the content providers, similar to the YouTube system.

The general procedure for watching the video in S-Service is as follows. S-Ser-
vice recommends 10 videos (set with thumbnails and titles) on the front page. When
the user clicks on one video, it is linked to the video details page (corresponding to
the Selection variable in this study). The video is automatically played when linked
to the video detail page in the PC environment. While, in the mobile environment,
the user must press the play button to play the video.? In S-Service, the view count
increases when the video is played more than 0 s (corresponding to the View Count
variable in this study). There are a variety of ways to access video details pages,

! For reasons of confidentiality, we will refer to this Korean video service by the pseudonym “S-Ser-
vice”.

2 S-Service has restricted auto play on mobile to prevent excessive cellular data charges. The user can
change to setting for auto play on the preferences page.
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including search, subscription channels, referral page, share, as well as the front
page. The view count increases even if the video is played in these ways. That is, the
number of clicks on the video and the video view count are different.

S-Service users can subscribe to their favorite brands and receive notifications
when new video clips are uploaded. Users can connect to the front page of the brand
and select among the ten recommended videos or select different videos by search-
ing subpages. If they like the selected video, then they can click the “Like” but-
ton. The number of views is counted when the video starts. Although S-Service pro-
vides for PC Web, Mobile App, and Mobile Web services, the user interface (UI) of
S-Service is different on mobile devices from on a PC. Mobile devices have a 1 X 10
matrix structure of video lists, whereas PCs have a 5 X 2 matrix; however, the recom-
mended items, preview content, and other Ul components are the same. S-Service’s
mobile play rate is about 63% and the PC play rate is 37%. In other words, people
watching videos on mobile devices outnumber those on PC by almost two-to-one. In
this study, 206,221 logs and 323 thumbnails and titles for 40 days of one brand page
of S-Service were received and analyzed. The S-Service reviewed the overall data
quality and provided reliable Unique User Identifier data from device information.

4.2 Data collection
4.2.1 Thumbnail elements: image sentiment analysis

We coded two major variables, valence and arousal of an image, using image senti-
ment analysis software based on machine learning tools (Complura [46] and IBM
Watson) for each video’s thumbnail (image). The Complura System applied visual
sentiment ontology consisting of more than 15,630 adjective—noun pairs (ANP) [46,
47] and constructed a dataset by inputting fags and meta-data for over seven mil-
lion images. Each image was trained to emotion and sentiment scores [46]. When
uploading an image to the Complura System, the ANP was applied through a visual-
based classification of the images and a sentiment score ranging from 1 (negative) to
5 (positive) was provided.

Next, an image’s degree of arousal was obtained through IBM Watson. IBM Wat-
son has become a representative system for analyzing big data with deep learning
technology and is used by 20 industries in 45 countries and by over 80,000 devel-
opers. It also has over 500 partners and offers courses at 200 universities.® Visual
analysis is one of its deep learning technologies. When images are trained through
IBM Watson, it calculates a similarity rate between the image object and the learned
image. We used Open Affective Standardized Image Set (OASIS)-based image data
for IBM Watson to learn arousal image discrimination. OASIS gathered 822 partici-
pants from eight races through Amazon’s Mechanical Turk (MTurk) to investigate
the valence and arousal scores of images.

3 IBM Watson developers’ site. Retrieved July 23, 2017 from https://www.ibm.com/watson/kr-ko/what-
is-watson.html.
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For a variety of images, such as animals, objects, and people, the obtained image
ratings are in circumplex space, with valence (measured on a 1-7 Likert scale) on
the x-axis and arousal (also measured on a 1-7 Likert scale) on the y-axis. The sets
of OASIS images allow their free use in research because they are not subject to
copyright restrictions that apply to the International Affective Picture System (IAPS)
[48]. Using the arousal score of the OASIS image set, we conducted data training by
using the IBM Watson application programming interface (API). After the images
used in the study were uploaded, Watson issued probability scores for whether the
images generated arousal. In this study, 50% was applied as a threshold, with more
than 50% coded as 1 (arousal image) and otherwise 0.

We have also conducted additional tests to improve the validity of the results
of image sentiment analysis. The sentiment analysis techniques based on machine
learning are very promising for predicting, classifying, and identifying the senti-
mental meaning of an image. However, to the best of our knowledge, no study has
examined the validity of these technologies. Thus, five coders were invited to par-
ticipate in this study. We presented them with 323 thumbnails and assigned them
to score each for valence and arousal. Then we averaged the scores of the five cod-
ers and compared the results with those of Complura and IBM Watson. Correla-
tion analysis between the two results showed that both valence (Pearson »=0.353,
p value <0.01) and arousal (Pearson r=0.358, p value <0.01) were significant. This
result is meaningful as the technique of image sentiment analysis is the initial stage
[49]. That is, the results of the image sentiment analysis software based on machine
learning have validity.

4.2.2 Title elements: text sentiment analysis

Natural language processing technology has been developed continuously; however,
the Korean language presents a challenge. Various studies have been conducted to
solve this problem [50]. Among them, Open Hangul, in which the valence diction-
ary is constructed through collective intelligence, is representative [50]. Open Hangul
applies the concept of folksonomy, which is a way to classify valence and increase
the efficiency of collective intelligence. More than 35,000 Korean words have been
used to create a valence dictionary. Open Hangul was used as a representative valence
dictionary of Korean for research by using news content and blog review analysis [51].
By using the Open Hangeul API, we could estimate the positive and negative senti-
ment value of the text. We used this to analyze the valence of video titles (text).

Next, the title’s arousal score was derived from a customized arousal dictionary
(there is no Korean sentiment dictionary for arousal). Arousal analysis of text was
based on the sentiment polarity of a word that is the minimum unit of a sentence.
After construction of a sentiment dictionary with a predefined sensibility polarity
of words, the sentiment of sentences can be classified according to the emotional
polarity of the words appearing in the newly developed document [52]. It is impor-
tant to create sentiment dictionaries to analyze text sentiment. A typical example is
the Affective Norms for English Words (ANEW), which is a kind of sentiment word
dictionary designed to classify the sentiment of words [41].
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ANEW is a dictionary of sentiment from words in three dimensions. Each word
has three scores (valence, arousal, and dominance) and each score is between 1 and
10 points. These scores are based on the emotions felt by the surveyors for each
word and the average of these scores. Based on the results, we developed a senti-
ment dictionary for arousal in this study. We extracted a total of 811 words from
video titles and constructed an arousal dictionary from arousal scores produced by
three coders who used the ANEW method [41]. Based on the Korean sentiment dic-
tionary thus constructed, we calculated the degree of arousal of each title. We used
Rx 64 3.2.5 for the programming language and the Korean Natural Language Pro-
cessing package for Korean language processing.

4.3 Descriptive statistics and econometric model specification
4.3.1 Descriptive statistics

The dependent variable, Selection (of a video clip), was obtained through the follow-
ing procedure. First, we obtained log data from both PC and mobile devices. The size
of mobile log data collected from our study was 169,604 (82.2%) and the size of PC
log data was 36,617 (17.8%). The log data has each user’s front page access record
(number of page views) and selected video record (number of clicks of a video). If a
video was not selected from the user, then the selected clip record in the dataset was
empty (i.e., null). The variable Selection was calculated by dividing the number of
clicks of a video by the number of page views on a recommended date as a ratio. In
other words, Selection refers to the ratio of user exposure to selection per video.

The variable View Count was indicated as the number of video views displayed on
the video list on a recommended date. Another variable Like Count was operational-
ized as the number of video likes in the same manner as the View Count. The variable
Order was coded as one from the top of the list of recommended videos, for instance,
as 10 for the lowest on the list. As for control variables, we coded the Time Gap vari-
able by subtracting the uploaded date from the video’s recommended date. The target
context, S-Service, typically uploads video clips to the service within a few hours
after the corresponding episodes, including when the video clips are broadcast on
television. Some of them are recommended on the front page of the service. Video
Length was operationalized as the video’s length displayed on the video list. Finally,
we classified each type of video into the categories of soap opera, entertainment, and
documentary based on video meta-data and created two dummy variables (Table 2).

4.3.2 Econometric model specification

We used a total of 323 videos in the analysis. We applied a logit-transformed Selec-
tion after checking the distributions of variables. For proportion measure, the value
is always the predicted positive number and constrained to a maximum of 1. The
logit transformation (i.e., log-odds) can deal with sensitivities. We also normal-
ized the all independent variable to reduce nonlinearity in this study model. We
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conducted correlation analysis for each variable included in this study (see “Appen-
dix A”). Among them, the correlation coefficient of View Count and Like Count
were high at 0.760 (p value <0.01). Therefore, we dropped Like Count to minimize
multicollinearity risk and to study rigorously.

Formula 2 describes the econometric model of this study. Selection; refers
to the selection of video clip j per device (i.e., i is PC or Mobile). In this study,
logit(Selectionlj) is a dependent variable, f is the regression coefficient of the
explanatory variable, y is the regression coefficient of the control variable, and € is
the error term.

Selectionij
) ) (1

logit(Y;;) =In | ———————
ogit(¥;) =In < 1 — Selection;;

logit(Selectionij) = Py + p1_Valence; + p,I_Arousal; + p;T_Valence;
k

+ BsT_Arousal; + psOrder; + B ViewCount; + Z viControls; + €;
1

2)
5 Test results

5.1 Main results

We performed tests according to Formula (2) to determine if there is heteroskedas-
ticity. The test results show that this model rejected homoskedasticity at the 1% sig-
nificance level. In other words, this model is likely to have heteroskedasticity. The
problem of heteroskedasticity cannot be solved through ordinary least squares analy-
sis [53]. Therefore, we applied generalized least squares (GLS) regression analysis
to test the hypotheses.

In Table 3, Models (3) and (4) represent the results in the PC context and mobile
context as the logit-transformed dependent variable (hereafter, DV). We then check
robustness to a different specification for the baseline. Table 3, Models (1) and (2)
check that our results of variables affecting non-logit-transformed DV, motivated by
the work of Xu and Lee [54]. The results between the models are similar overall.

Model (4) is the main model in which the coefficients of all key variables were
statistically significant. The test results explain, first, that the preview content factors
affect the selection of video in a mobile context. As other variables are constant, the
odds ratio for the Valence of a thumbnail decrease from 1.0 to 0.905 (= ¢=%199), but
Arousal of a thumbnail increase from 1.0 to 1.060 (= ¢%99). As for a title, the odds
ratio for both Valence and Arousal are 1.069 (= ¢%7), 1.109 (= ¢*19%) and signifi-
cant. Therefore, H2, H3, and H4 are all supported, but H1 is rejected. On the other
hand, as can be seen from the result of Model (3), the Valence of the thumbnail
and both Valence and Arousal of the title were not significant, but the thumbnail’s
Arousal was significant in the PC context.

Second, the variables related to the context effect greatly influence video
selection. In the main model results, the odds ratio for Order of a video is 0.629
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(= e7946%) and significant. That is, even after controlling for other variables, the
odds of the lower serial position is 37.1% lower than in the upper serial position.
The odds ratio for popularity cue View Count is 1.328 (= ¢%?%%) and significant.
Thus, both H5 and H6 are supported. In the PC environment, the odds ratio for View
Count and Order of are significant, just the same as in the mobile context.

Finally, we obtained in the main model additional interesting results related to
the testing of control variables. The odds ratio for the Time Gap decrease from 1.0
to 0.866 (= e~%1*4), but Video Length increases from 1.0 to 1.087 (= ¢%%3) in the
mobile context. However, the odds ratio for both Genre_S and Genre_E are not signif-
icant in the main model. The value of R? was 0.519 for Model (4), which is the result
for mobiles, and 0.242 for Model (2), which is the result for PCs. To summarize, the
factors affecting video selection are different in the mobile and PC environments.

5.2 Robustness check: two-stage least squares (2SLS) regression

Endogeneity issues can arise in a model. In particular, View Count is suspected
of endogeneity because of the relationship with dependent variables. When a user
selects a video clip, the number of plays (i.e., view count) can increase. There-
fore, we conducted a two-stage least squares (2SLS) regression with an instru-
mental variable to address this endogeneity problem. The instrumental variable
should fulfill two criteria: (1) it should have high correlation with the endogenous
variable and (2) it should have been no partial effect on the dependent variable
[55]. To satisfy conditions, we selected Others Views as an instrumental variable
in keeping with a similar study [56]. Others Views refers to an average number of
video clip views of TV shows that are part of the video. S-Service displays the
name of the TV show that belongs to each video clip. Thus, we obtained all the
video clip views of the TV show that the video belongs to in the last month from
the recommended day. We then calculated the average number of views of the rest
of the video except the video used in the main model. This variable was related to
the View Count (i.e., endogenous variable) and have no partial effect on Selection
(i.e., the dependent variable). The econometric analysis model of 2SLS regression
is shown as follows:

View Count; = B, + p,Others Views; + ; 3)

logit(Selection[j) = By + BiI_Valence; + p,1_Arousal; + p;T_Valence;

+ B,T_Arousal; + PsOrder; + B log <View/auntj>

k
+ Z kaontrolsj + €,
1

“)

The results of 2SLS are similar to the main results of this study (see “Appendix
B”). As a result, this study model implies that robust results are derived.
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6 Discussion and implications
6.1 Discussion of findings

This study has four key findings related to the effects of content and context factors
on video selection in a mobile environment. First, we found through image senti-
ment analysis that sentimental thumbnails affect video selection. We found that
arousal thumbnails have a positive effect on video selection. However, contrary to
Hypothesis 1, negative thumbnails have a positive effect on video selection, not
positive thumbnails. A possible theoretical reason for this divergence may be that
negative images attract people’s attention more. According to prior studies, the fact
that valence images draw more attention than images with no emotional content was
shown clearly [26, 57]. However, there has been controversy among the prior studies
about whether negative or positive images are more effective. The main argument of
preview studies is that positive images affect user attention and behavior by making
the user feel positive [8, 21, 22]. Other researchers argue against this. According to
Santos et al. [57], negative images attract more attention. They conducted eye-track-
ing and electroencephalographic experiments on 40 adults aged 18-25 years. The
results showed that negative images receive more attention. Similarly, in our study,
negative thumbnails had a positive effect on video selection [57]. In other words,
video thumbnails that convey a low level of valence and a high level of arousal also
arouse excitement and attraction that motivates the selection of a video.

Second, this study found that sentimental titles affect a user’s selection of videos
in a mobile context. We used a text mining technique to assess the level of sentiment
in video titles. According to the results, a video’s title has a positive effect on video
selection as the level of valence or arousal increases. In other words, video titles that
are more pleasant or more exciting promote the selection of the video. On the other
hand, the sentiment of the title on PC did not affect video selection. This finding is
consistent with the model of attention capture and transfer [16], especially the bot-
tom—up mechanism [19]. That is, the two content factors (thumbnail and title) cap-
ture users’ attention through valence and arousal.

Third, the results show that the two context factors (popularity cue and serial posi-
tion) influence video selection in a mobile context. The serial position in the video
list also affects selection more in the mobile context than in the PC. The higher the
serial position of the video, the more positive the video selection. In other words,
the order influences video selection [33]. This finding is consistent with the primacy
effect [32]. We also found that the higher the number of views, the higher the video
selection, which is consistent with the bandwagon effect [34]. Thus, it affects users’
herding behavior in video clip selection in both the mobile and PC contexts.

We found some other interesting results. Both the length and recency of a video
have positive effects on selection. In the target research context, which is similar to the
YouTube context, users can watch each video clip after seeing an average of about 15 s
of advertisement. That is, users must spend about 15 s as a cost to watch each video.
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Therefore, viewers prefer a longer video clip* as a benefit, given the 15-s cost, from the
utility maximization perspective [43]. In addition, users cannot know the upload date
of a video because of the screen limitation, but it is possible to deduce it through the
title of a video. For example, in some videos, the title includes the number of episodes
of the TV show (e.g., [episode 12] The Return of Superman). Users seem to perceive
value, i.e., epistemic value [58], from a recent video because it may have the capability
to arouse curiosity, provide novelty, and satisfy a desire for new content. Such value
may lead users to select recent videos from the customer value perspective [58].

6.2 Limitations and future research

We recognize that this study has some limitations. First, we investigated only con-
text and content factors and their effects on video selection from the perspective of
heuristic route processing and using the bottom—up mechanism [16] from dual pro-
cess theory [9]. The dual process theory explains the systematic processing perspec-
tive as well in decision making. Future studies can consider examining video selec-
tion from the systematic processing perspective with the top—down mechanism and
the model of attention capture and transfer.

Second, the image mining technology used in this study may have its limitations.
Big data techniques, including image mining, will continue to evolve. However,
image mining technique is no match for human perceptions and poses various prob-
lems in practical use [49]. Besides, the sentiment analysis used in prior studies has
also produced conflicting results [59]. However, improper or inaccurate emotional
analysis techniques may account for these inconsistencies [60]. It would be valuable
in future research to use big data technology to compare the accuracy of earlier sen-
timent scores with those of this study.

Third, other external environmental factors may exist that can affect video selec-
tion. The external environment may affect selection before the user connects to the
video service. Recommendations from friends, SNS recommendations, and rankings
of real-time queries are all examples of such external interference. Moreover, video
clip service recently provides 2—-3s “video previews” when users hover their mice on
them, that might affect users’ video selection. However, these variables are beyond
the scope of this study because they are difficult to measure and determine if they
have real impacts. We look forward to finding additional variables in future studies.

6.3 Implications for research

This study has several implications for research, especially because it is the first to
empirically investigate which context and content factors affect video selection by users
of mobile devices. These are (1) using dual process theory to address both empirically
and theoretically a gap in previous studies on video selection on mobile devices [9],

* Note that the length of the videos in our research environment did not exceed 10 min.
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and also to apply the model of attention capture and transfer [16]; (2) demonstrating
how sentimental preview of content affects video selection through the use of sentiment
analysis of thumbnails and titles of video clips; and (3) explaining the role and effects
of content and context factors on selection of video clips in a mobile device context.

The main implication of this study for research is the application of dual process
theory and the model of attention capture and transfer in examining what drives
video selection in the mobile environment. With an increasing number of videos
viewed in the mobile environment, a few studies have started to explore what drives
video selection [10, 12]; however, none have considered video selection about the
device used, i.e., mobile or PC. Because mobile devices are small, they can only dis-
play limited amounts of preview information and elements of preview content. Based
on the application of the heuristic route in dual process theory, a major contribution
of the present study is its identification of content factors from the perspective of a
bottom—up mechanism with the model of attention capture and transfer, and its con-
sideration of context factors from the perspectives of the bandwagon [34] and order
effects [33]. Based on the two content elements (thumbnail and title) and two context
elements (popularity cue and serial position), we identified six factors that are largely
absent from the previous studies: thumbnail valence/arousal, title valence/arousal,
serial position, and popularity cues. This study enriches the theories in that the envi-
ronmental cues that affect users’ selection are detailed in the heuristic perspective.

Second, this study also adds value to the literature by demonstrating through senti-
ment analysis of the thumbnails and titles of each video clip studied how sentimental
preview content affects video selection. Prior research concentrated on the presence
or absence of video preview content [10] or the format and type of content compo-
nents [10, 18]. However, going beyond previous research, it is important to examine
how to expand preview content in the latest mobile environment. Emotional preview
content greatly influences a user’s selection of a video [25]. Thus, this study contrib-
utes to understanding the effect of content factors on video selection by using senti-
ment analysis of the thumbnails and titles. The results of this research support previ-
ous findings that emotional content is more attractive than neutral content [26, 27].

Finally, this study contributes to the literature by explaining the role and effects
of content and context factors on the selection of video clips in the mobile device
context. This study analyzed the factors affecting video selection by using the actual
data and meta-data of each video clip collected from a leading video service in South
Korea. Specifically, the selection of videos (DV) differs from previous research. Pre-
vious studies used a cumulative view count exposed on the service screen [10, 12].
However, the cumulative number of views is the total sum of selections from the
front, search, and subcategory pages. Notably, heuristic processing may not occur in
the case of an organic search (i.e., with user purpose).

On the other hand, this study presented empirical results through the log data of
actual videos selected on a front page. The test results explain that from the con-
text perspective, the number of views of a video clip and its serial position affects
its selection. The test results also explain that from a content perspective, both the
valence of a title and the arousal by a thumbnail and title increase the selection of a
video. In this way, this study has explained what and how content and context fac-
tors affect video selection in the mobile device context.
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6.4 Implications for practice

The results of this study also have several implications for practice, especially for
providers of video services. First, from a content perspective, this study provides a
production guide for video titles and thumbnails. It may be helpful to select a video
with attractive preview content when selecting a recommendation video on the front
page of a mobile device. For example, for a thumbnail, one with a crying character
(negative) or sexy image (arousal) may attract users’ attention and help them decide
to select the video. As for titles, we suggest they use positive and arousal words such
as “kiss,” “back hug,” “love,” and “first experience.”

Second, from the context perspective, we suggest two context factors (popular-
ity cue and serial position) to consider when recommending videos from a mobile
video service. Video service providers can leverage the order and popularity cues
for videos appropriately when recommending them on their front page. Therefore,
videos with high viewer counts and high-ranking recommendations may stimulate a
user to select them. In the case of YouTube, videos are recommended in the order of
their recommendation score (e.g., higher view counts) in the top N format [4].

Third, this study provides additional guidance regarding the design and list of
videos on the front page of mobile devices. Our study explains that users tend to
select longer and more recent videos. That is, more people may click on a video if
it is displayed for a long time and with recent episodes at the top of the video list on
the front page of a mobile-based video service. Thus, the results of this study can
guide the design of a mobile video service, especially the display of video clips on
the front page, which can lead to increased revenue for the service provider.

In conclusion, this study can be used as a basic step in researching the role of
preview content and context factors that affect video selection. More importantly,
images and text processing methods that can be computed in near-real-time are theo-
retically and practically exploitable. Video service providers and content providers
can consider our findings as a way to design and recommend videos to users on the
front page. We also expect our research results to be useful for most content services
that use a preview format.

Acknowledgements The authors would like to acknowledge professor Jeonghye Choi for providing
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Appendix B 2SLS result with

. N Variable 2SLS Model DV: logit 2SLS Model DV: logit

m'strument variable (Others (P_Selection) (M_Selection)

views)

Odds Ratio SE Odds Ratio SE

View Count 1.371%%% (0.087)  1.443%%:#* (0.068)
1 _Valence 0.971 (0.043)  0.896%*%** (0.033)
I_Arousal 1.128%%* (0.040)  1.059* (0.030)
T _Valence 1.012 (0.041)  1.058* (0.031)
T _Arousal 1.045 (0.039)  1.112%%** (0.031)
Order 0.7927%:%% (0.040)  0.624%** (0.029)
Time Gap 0.965 (0.068)  0.840%** (0.040)
Video Length 1.112%* (0.045)  1.110%** (0.036)
Genre_S 0.997 (0.104) 1.113 (0.069)
Genre_E 1.269%%* (0.103)  1.012 (0.071)
Constant 0.004 %% (0.038)  0.004#:** (0.030)
R? 0.234 0.512
##k % and * denote significance at 0.1%, 1% and 5%, respectively
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