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An Exploration of the Relation between the Visual Attributes of Thumbnails 

and the View-Through of Videos: The Case of Branded Video Content 
 

 
 

Abstract 
 
As more businesses become aware of the advantages of video marketing, the competition in 
online video platforms is becoming fierce. It is becoming more challenging for video content to 
stand out from the crowd. Industry experts and anecdotal evidence have highlighted the 
importance of thumbnails for the view-through of videos. Thumbnails are usually the first thing 
that potential viewers see when they browse through an online video platform. While browsing 
through the platform, they decide which videos to click and watch based on the information and 
impression they obtain from thumbnails. Therefore, a thumbnail needs to be able to tell potential 
viewers what the video is about (i.e., be informative), and at the same time, a thumbnail needs to 
grab potential viewers’ attention (i.e., be visually appealing). Drawing from the elaboration 
likelihood model (ELM), we take the visual attributes that are relevant to the informativeness of 
thumbnails (e.g., element complexity and object complexity) as central route cues, take the 
visual attributes that are relevant to the aesthetics of thumbnails (e.g., celebrity endorsement, 
colorfulness, brightness, and image quality) as peripheral route cues, and explore the relation 
between these visual attributes of thumbnails and the view-through of videos using 3,745 
marketing videos posted by 38 top brands across 4 industries – the automobile, beverage, 
restaurant, and toy industries – on YouTube. We construct our variables by extracting features 
from thumbnails using image mining techniques. Our study contributes to the literature on 
information systems and marketing by enhancing our understanding of the role of visual 
attributes of images in persuading viewers in the online environment. Furthermore, our study 
provides a possible theoretical ground for studies on information processing and decision support 
that focus on automatic thumbnail selection. Finally, our study provides useful and practical 
guidelines for designing templates for optimal thumbnails that grab potential viewers’ attention 
and yield more video views. 
 

Keywords: Thumbnails, visual persuasion, video view-through, branded video content, 
elaboration likelihood model, image mining. 
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1. Introduction 

In recent years, the online video platform market has grown substantially. As of May 2019, 

YouTube, one of the most popular online video platforms, had more than 2 billion monthly 

unique users worldwide (Spangler 2019). These users uploaded more than 500 hours of video 

every minute (Hale 2019) and watched more than 1 billion hours of video each day (Mohsin 

2019). It is predicted that video traffic will account for 82% of all internet traffic by 2022 (Cisco 

2019). Furthermore, consumers say that they prefer video content over any other form of content 

(McNeely 2019). They discover brands and products through videos (Rozario-Ospino 2019) and 

engage with brands and make purchasing decisions after watching videos (Brightcove 2018, 

Chua 2019). Accordingly, online video platforms have become a prominent marketing channel 

for businesses to reach a wider range of target customers and engage with them. In 2019, 85% of 

businesses used video content as a marketing tool (Hayes 2019). Approximately 24% of those 

businesses uploaded video content weekly, and approximately 13% uploaded video content daily 

(Buffer 2019). In 2018, advertisers spent $90.7 billion on video marketing, and this value is 

expected to increase to $102.8 billion by 2023 (Kurzer 2018). Eighty-eight percent of advertisers 

said that they were satisfied with the return on investment (ROI) of their video marketing efforts 

in 2018 (O’Neil 2018). However, with more businesses becoming aware of the advantages of 

video marketing, the competition is becoming fierce. 

 According to an analysis by the Pew Research Center, 43,770 YouTube channels that 

had more than 250,000 subscribers as of January 2019 collectively uploaded 48,486 hours of 

video content in the first week of 2019. Those videos were viewed more than 14.2 billion times 

during the same time period; however, 10% of the videos were responsible for 79% of all those 
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views (Kessel et al. 2019). Similarly, Chowdhury and Makaroff (2013) show that among 47,771 

YouTube videos in their sample, only 0.08% received more than 100,000 views. Approximately 

half of those videos were viewed less than 100 times, and a quarter of them were not even 

viewed 10 times. For video content, it is becoming more challenging to stand out from the 

crowd. 

 Industry experts have highlighted the importance of thumbnails for the view-through of 

videos (Gollin 2018, Newberry 2018, Lawrence 2019, Dean 2020). Viewers decide which videos 

to click and watch when browsing through an online video platform based on the information 

and impression they obtain from thumbnails. A thumbnail is a frame taken from a video or a 

customized image that represents the content of the video. YouTube reports that although it 

provides a few thumbnail choices from the video itself based on some algorithms, 90% of top-

performing videos use customized thumbnails rather than the “suggested” choices (Funk 2020). 

Anecdotal evidence suggests that “optimized” thumbnails increase the view-through of videos by 

15% (Vidyard 2013). However, academia has paid little attention to investigating what aspects of 

thumbnails are associated with the view-through of videos. 

 A thumbnail is an abstract of a video; hence, it may need to be informative and tell 

potential viewers what the video is about. At the same time, a thumbnail needs to be visually 

appealing and grab potential viewers’ attention. Drawing from the elaboration likelihood model 

(ELM) (Petty et al. 1983, Petty and Cacioppo 1986), we take the visual attributes that are 

relevant to the informativeness of thumbnails (e.g., the element complexity and object 

complexity of thumbnails) as central route cues, take the visual attributes that are relevant to the 

aesthetics of thumbnails (e.g., the celebrity endorsement, colorfulness, brightness, and image 
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quality of thumbnails) as peripheral route cues, and explore the relation between these visual 

attributes of thumbnails and the view-through of videos. 

 Using data collected from 3,745 marketing videos posted by 38 top brands across 4 

industries – the automobile, beverage, restaurant, and toy industries – on YouTube, we show that 

these visual attributes of thumbnails have statistically significant relations with the view-through 

of videos, which may suggest that these visual attributes may persuade potential viewers to click 

and watch videos via the central route and peripheral route. In particular, having more types of 

design elements (e.g., product, model, text) in a thumbnail may help convey information; 

however, focusing on too many objects can hinder the processing of the information. 

Furthermore, thumbnails with a celebrity picture, with a combination of high colorfulness and 

high brightness or low colorfulness and low brightness, and with moderate image quality may be 

more effective in persuading potential viewers to click and watch videos via the peripheral route. 

 Our study makes the following contributions. First, a relatively small number of studies 

in information systems and marketing have explored the role of visual attributes of images in 

persuading viewers in the online environment perhaps because generating features from a large 

number of images was not easily feasible. Using a recent deep learning-based image processing 

approach, Shin et al. (2020) explore the relation between the visual attributes of images and user 

engagement in online social media, and Zhang et al. (2021) explore the relation between the 

visual attributes of images and the demand for Airbnb properties. Complementing these studies, 

our study provides additional insights and enhances our understanding of the role of visual 

attributes of images in conveying information and in drawing viewers’ attention in the context of 

branded video content in an online video platform. We use modern image processing techniques 
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to extract features from thumbnails and construct visual attributes. Second, complementing a 

growing body of literature that studies the factors that affect the view-through of videos 

(Chatzopoulou et al. 2010, Zhou et al. 2010, Borghol et al. 2012, Khan and Vong 2014, Mohr 

2014, Yu et al. 2014, Lewinski 2015, Welbourne and Grant 2016, Bärtl 2018), our study explores 

the visual attributes of thumbnails as additional factors that may be associated with the view-

through of videos. A vast majority of studies on thumbnails in image processing and decision 

support have focused on automatic thumbnail selection (Dufaux 2000, Gong and Liu 2000, Gao 

et al. 2009, Song et al. 2016, Yuan et al. 2017, Carta et al. 2022). Our study provides a possible 

theoretical ground for future research in this stream of research. Finally, our study provides 

useful and practical guidelines for designing templates for “optimal” thumbnails that grab 

potential viewers’ attention and yield more video views. 

 

2. Context and Relevant Literature 

2.1.Context: Branded video content 

Online video platforms offer various types of advertisement options, including in-stream ads, 

bumper ads, overlay ads, and banner ads. Among them, we chose branded video content as the 

context to explore the relation between the visual attributes of thumbnails and the view-through 

of videos. Branded video content refers to videos sponsored or created by brands (Schueller 

2019). In particular, we focus on videos uploaded by brands on their YouTube brand channels 

(see Figure 1). In general, branded video content is funny, emotional, heartwarming, or 

educational rather than promotional; however, consumers do not see much difference between 

branded video content and video advertisements (Google 2014, Fergusson 2017). Interbrand’s 
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top 100 brands, such as Disney, Coca-Cola, and Apple, had an average of 2.4 channels on 

YouTube and collectively uploaded a video every 18.5 minutes in 2015 (Vizard 2015). LEGO 

had the most popular YouTube brand channel as of December 2019, with more than 8 million 

subscribers, more than 20,000 videos, and more than 10 billion views.1 

 

 

Figure 1. Videos on the YouTube LEGO channel 

 

 

                                           
1 Statistics are available from: https://socialblade.com/youtube/user/lego. 
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2.2.Relevant literature 

There is a growing body of literature exploring the factors that affect the view-through of videos. 

These studies suggest that the view-through of videos is affected by the social capital of 

uploaders (Khan and Vong 2014, Bärtl 2018) and the characteristics of the videos, such as age 

(Borghol et al. 2012, Khan and Vong 2014), length (Ruedlinger 2012), and viewer reviews (Khan 

and Vong 2014). Furthermore, Dean (2017) shows that the number of views of a YouTube video 

is highly correlated with its ranking, which in turn is correlated with the size of the channel and 

the number of Likes that the video received. Complementing these earlier studies, our study 

focuses on the visual attributes of thumbnails as additional factors that may be associated with 

the view-through of videos. 

 The vast majority of the literature on thumbnails focuses on automatic thumbnail 

selection (Dufaux 2000, Gong and Liu 2000, Gao et al. 2009, Song et al. 2016, Yuan et al. 2017, 

Carta et al. 2022), yet a few studies have explored the role of thumbnails in video views. In the 

mobile environment, Hürst et al. (2011) examine the relation between the retrieval of videos and 

the characteristics of thumbnails, such as size and motion type, and Yoon and Kim (2019) 

examine the relation between the selection of videos and the valence and arousal of thumbnails. 

Fu (2012) explores whether the presence of thumbnails moderates the bandwagon effects of 

video views. 

 

3. Theoretical Background and Conceptual Framework 

3.1.Theoretical background: Elaboration likelihood model 

The ELM proposes that there are two routes to persuasion: the central route and the peripheral 
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route (Petty et al. 1983, Petty and Cacioppo 1986). When individuals are exposed to a persuasive 

message, depending on their elaboration likelihood, they process the message via the central 

route, the peripheral route, or both (Petty et al. 1997, Kitchen et al. 2014). In the central route, 

individuals rely more on the content of the message, while in the peripheral route, they rely more 

on the appearance of the message. 

 The validity of the ELM has been verified in extensive studies (Angst and Agarwal 

2009). Using the ELM as a theoretical basis, studies in information systems have explored the 

persuasiveness of elements of messages in the form of text, images, or videos in various 

contexts, including web personalization (Tam and Ho 2005, Ho and Bodoff 2014), website 

design (Cyr et al. 2018), social media (Shin et al. 2020), and customer reviews (Chou et al. 

2022). Using the ELM as a theoretical framework, our study explores the persuasiveness of 

visual attributes of thumbnails in the context of branded video content. 

 Thumbnails are usually the first thing that potential viewers see when they browse 

through an online video platform. Hence, a thumbnail needs to be persuasive in the sense that it 

needs to be able to tell potential viewers what the video is about (i.e., be informative), and at the 

same time, it needs to grab potential viewers’ attention (i.e., be visually appealing) (Brown 2017, 

Funk 2020). Drawing from the ELM framework, we take the visual attributes that are relevant to 

the informativeness of thumbnails as central route cues and the visual attributes that are relevant 

to the aesthetics of thumbnails as peripheral route cues. 

3.2.Central route cues: Visual attributes relevant to the informativeness of thumbnails 

The literature documents that the visual complexity of advertisement images is an important 

central route cue (Shin et al. 2020). In the central route, advertisement images with higher visual 
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complexity convey more information (Keller et al. 1998, Luffarelli et al. 2019) but may hinder 

viewers in locating specific information (Donderi and McFadden 2005, Rosenholtz et al. 2007). 

Additionally, more visually complex designs are more engaging (Palmer 1999, Pieters et al. 

2010, Kusumasondjaja and Tjiptono 2019); however, they can hurt communication effectiveness 

(Birkhoff 1933, Anderson and Jolson 1980, Geissler et al. 2006). Taking these findings together, 

we posit that the visual complexity of thumbnails is a visual attribute that may persuade potential 

viewers to click and watch videos via the central route. 

 In the context of webpage design, Deng and Poole (2010) suggest that visual complexity 

is composed of two dimensions: visual diversity, which measures the number of types of 

elements (e.g., text, graphic, links) present on a webpage, and visual richness, which measures 

the number of elements present on a webpage. Following this conceptualization of visual 

complexity, we posit that the visual complexity of thumbnails consists of two types of 

complexity: element complexity, which refers to the number of types of design elements used in a 

thumbnail, and object complexity, which refers to the number of objects included (focused on) in 

a thumbnail. 

Element complexity: Like many visual advertisements, thumbnails convey information through 

two types of design elements: text and picture (Childers and Houston 1984, Sojka and Giese 

2006, Lewis et al. 2013, Kahn 2017), with two types of pictures: product and model (Aydınoğlu 

and Cian 2014). Each of the thumbnails shown in Figure 2a uses one of these three types of 

design elements (product vs. model vs. text). These different types of design elements are 

sometimes used together in one thumbnail, as depicted in Figures 2b and 2c. Figures 2b and 2c 

show thumbnails that use a combination of two types of design elements and a thumbnail that 
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uses all three types of design elements, respectively. We claim that thumbnails that use more 

types of design elements are more element complex. 

 

   
(a)             (b)     (c) 

Figure 2a. Thumbnails that use (a) a product design element, (b) a model design element, and 
(c) a text design element 

 

   
(a)             (b)     (c) 

Figure 2b. Thumbnails that use a combination of (a) product and model design elements, 
(b) product and text design elements, and (c) model and text design elements 

 

 

Figure 2c. A thumbnail that uses all three types of design elements 
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Object complexity: Following earlier studies (Deng and Poole 2010, Pieters et al. 2010), we 

claim that thumbnails that include (or focus on) more objects are more object complex. For 

instance, both thumbnails (a) and (b) shown in Figure 3 use only one type of design element, 

product, and their element complexities are identical; however, thumbnail (b) is more object 

complex than thumbnail (a). 

 

  
(a)       (b) 

Figure 3. Thumbnails with (a) low object complexity and (b) high object complexity 

 

3.3. Peripheral route cues: Visual attributes that are relevant to the aesthetics of thumbnails 

The visual attributes extracted from advertisement images that, according to the literature, are 

peripheral route cues include the celebrity endorsement, colorfulness, brightness, and image 

quality (Shin et al. 2020). 

Celebrity endorsement: Based on the findings of earlier studies showing that celebrity 

endorsement increases the attention paid to advertisements (Erdogan 1999, Amos et al. 2008, 

Knoll and Matthes 2017), we posit that thumbnails that include a celebrity picture are more 
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visually appealing than thumbnails that do not include a celebrity picture; that is, the celebrity 

endorsement of thumbnails is a visual attribute that may persuade potential viewers to click and 

watch videos via the peripheral route. 

Colorfulness: We refer to colorfulness as the variation in color within a thumbnail and claim that 

thumbnails with greater variations in color are more colorfulness than thumbnails with fewer 

colors. Colorfulness has been found to be one of the critical properties influencing the aesthetics 

of designs (Moshagen and Thielsch 2010, Reinecke et al. 2013, Harrison et al. 2015). However, 

the findings are mixed. Some studies have found that designs with high colorfulness are more 

appealing (Harrison et al. 2015, Wang and Li 2017), whereas other studies have shown that 

designs with moderate colorfulness are more appealing (Reinecke et al. 2013, Wang and Lin 

2019). Taking these mixed findings together, we posit that the colorfulness of thumbnails is a 

visual attribute that may persuade potential viewers to click and watch videos via the peripheral 

route. 

Brightness: Brightness is considered another important color-related property affecting the 

aesthetics of designs (Park and Zhang 2015, Seckler et al. 2015). Prior studies have shown that 

websites with brighter backgrounds receive higher ratings (Lindgaard et al. 2011) and that 

mobile apps with brighter icon designs are downloaded more (Wang and Li 2017). Accordingly, 

we posit that the brightness of thumbnails is a visual attribute that may persuade potential 

viewers to click and watch videos via the peripheral route. 

Image quality: The literature has shown that advertisements with high-quality images are more 

effective than advertisements with low-quality images (Bracken 2014, Semaan et al. 2018). The 

digital retouching (or photoshopping) of advertisement images has naturally become a common 
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tactic in advertising (MacCallum and Widdows 2018). However, some recent studies have shown 

that retouching advertisement images does not necessarily improve the effectiveness of 

advertisements (Cornelis and Peter 2017, Zhang et al. 2021, Taylor et al. 2018). Over-retouched 

advertisement images can mislead consumers and ultimately lead to a negative attitude toward 

advertisements. Taking these equivocal findings together, we posit that the image quality of 

thumbnails is a visual attribute that may persuade potential viewers to click and watch videos via 

the peripheral route. 

3.4. Conceptual framework 

In summary, drawing from the ELM framework, taking the element complexity and object 

complexity of thumbnails as central route cues, and the celebrity endorsement, colorfulness, 

brightness, and image quality of thumbnails as peripheral route cues, we explore the relation 

between these visual attributes of thumbnails and the view-through of videos. Our conceptual 

framework is summarized in Figure 4. 

 

 

Figure 4. Conceptual framework 

Visual attributes of thumbnails

Informativeness

Element complexity
Object complexity

Aesthetics

Celebrity endorsement
Colorfulness
Brightness

Image quality

View-through of Videos

Central route

Peripheral route
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4. Data and Variables 

4.1.Data 

We collected data on branded video content posted in 2018 from 38 YouTube brand channels 

across 4 industries – the automobile, beverage, restaurant, and toy industries – using YouTube 

Data API v3. We chose the brands and industries included in our sample by using the following 

procedure. We first obtained the list of the top 10 brands in each industry from Brand Finance’s 

2018 rankings.2 We then included only those brands that had either U.S.-based or global 

YouTube brand channels in our sample. As a result of this procedure, we dropped 2 brands – 

Renault in the automobile industry and Mobile Suit Gundam in the toy industry – even though 

they were included in the top 10 brands list because they did not have U.S.-based or global 

YouTube brand channels. Furthermore, we could not include more industries than the 4 

industries in our sample mainly because many brands in other industries operate in multiple 

industries, and it was challenging to match these multi-industry brands with their YouTube brand 

channels. Most of these multi-industry brands do not have separate YouTube brand channels for 

the products that they offer in each industry. 

 The titles of some videos in our sample, mostly among those we collected from global 

YouTube brand channels, were not in English. To control for language effects, we excluded 

videos with non-English titles. Furthermore, although we collected data in September 2019 (as of 

September 2019), we did not include data on branded video content posted in 2019 in our sample 

to control for age effects and possible position effects. Chowdhury and Makaroff (2013) show 

that most videos on YouTube receive a significant portion of views in the first few days after 

                                           
2 The brand rankings are available from: https://brandirectory.com/. 
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they are posted. 

 After all procedures were carried out, we ended up with data for 3,743 videos. The data 

include the number of subscribers of each YouTube brand channel and, for each video, the 

number of views and the number of Likes that it received as well as its length, age, and 

thumbnail URL. Table 1 summarizes the list of brands and the number of videos included in our 

sample for each industry. 

 

Table 1. The list of brands and the number of videos in our sample for each industry 

Industry List of brands 
Number of 

videos 

Automobile Mercedes-Benz, Toyota, BMW, Volkswagen, Honda, Nissan, 
Porsche, Ford, Audi 

1,314 

Beverage Coca-Cola, Pepsi, Red Bull, Nescafé, Gatorade, Sprite, Monster, 
Mountain Dew, Dr Pepper, Tropicana 

429 

Restaurant Starbucks, McDonald’s, Subway, KFC, Tim Hortons, Domino’s 
Pizza, Burger King, Pizza Hut, Dunkin’ Donuts, Chipotle 

130 

Toy LEGO, Bandai Namco, Fisher-Price, Barbie, Nerf, Hasbro, Hot 
Wheels, My Little Pony, Mattel 

1,870 

 

4.2.Variables 

As the dependent variable in our model, we use views (𝑉), which represents the number of views 

a video received. The main independent variables of interest are the visual attributes of 

thumbnails that may be associated with the view-through of videos that we discussed in Section 

3. These attributes include the element complexity (𝐸𝐶), object complexity (𝑂𝐶), celebrity 

endorsement (𝐶𝐸), colorfulness (𝐶), brightness (𝐵), and image quality (𝑄) of thumbnails. We 

construct these variables by extracting features from thumbnails using three image mining 

algorithms: Microsoft Azure Computer Vision, Python OpenCV (open-source computer vision), 
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and the Blind/Referenceless Image Spatial Quality Evaluator (BRISQUE). We discuss how we 

constructed each of these variables below. 

Element complexity: We obtained 𝐸𝐶, which refers to the number of types of design elements 

used in a thumbnail, by summing three indicator variables, product (𝑃), model (𝑀), and text (𝑇), 

which refer to whether a thumbnail includes a product design element, a model design element, 

and a text design element, respectively. 

Product: We obtained the list of objects and tags included in each thumbnail along with the 

confidence score of each of those objects and tags using two object detection taxonomies – the 

Detect API and the Tag API of Microsoft Azure Computer Vision – as shown as examples in 

Figure 5.3 Using this list, we constructed 𝑃. 𝑃 is an indicator variable that is set to 1 if the 

thumbnail includes an industry-specific product (i.e., a product design element) and 0 otherwise. 

Industry-specific products are products offered by brands in our sample for each industry. These 

products are chosen from the list of all products detected by computer vision. It includes 

“vehicle” and “auto part” for the automobile industry; “drink” and “bottle” for the beverage 

industry; “food”, “drink”, “menu”, and “kitchen” for the restaurant industry; and “toy”, “LEGO”, 

“doll”, “gun”, “anime”, and “game” for the toy industry. 

 

                                           
3 The difference between the Detect API and the Tag API, at a conceptual level, is that the former finds only objects 
and living things, whereas the latter can also include contextual terms such as indoor (for more details, see: 
https://docs.microsoft.com/en-us/azure/cognitive-services/computer-vision/concept-object-detection). 
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(a) Objects: {Vehicle, 0.796}, {Person, 0.948}; 
Tags: {Vehicle, 0.927}, {Land Vehicle, 0.918}, 
{Person, 0.824}, {Auto Part, 0.820}, {Man, 0.817}, 
{Clothing, 0.790}, {Text, 0.790}, {Wheel, 0.787}, 
{Car, 0.134} 

(b) Objects: {Person, 0.591}, {Person, 0.751}; 
Tags: {Toy, 0.999}, {Cartoon, 0.996}, {lego, 
0.973}, {LEGO, 0.965} 

 
Figure 5. Examples of object detection 

 

Model: Using the list of objects detected for each thumbnail, we constructed 𝑀, which is set to 

1 if the thumbnail includes a person object (i.e., a model design element) and 0 otherwise. As 

shown as an example in Figure 5(b), the computer vision detected a toy person or an anime 

person in a thumbnail as a person object. We manually reviewed all thumbnails identified as 

having a person object in the toy industry and set 𝑀 to 1 only if the thumbnail included a real 

person, not a toy person or an anime person. 

Text: Microsoft Azure Computer Vision detects text in an image and reports whether the image 

has text. Using this, we constructed 𝑇, which is set to 1 if the thumbnail has text (i.e., a text 

design element) and 0 otherwise. One challenge we faced while reviewing the computer vision 

results was that the computer vision detected all types of text, including the text printed on other 

objects such as license plates, clothes, and packaging as well as logo watermarks in thumbnails, 

as shown in the examples in Figure 6. Because text as an independent design element is of 
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interest in this study, we manually reviewed all thumbnails identified as having text and set 𝑇 to 

1 only if the text included in a thumbnail was an independent design element (i.e., was not text 

printed on other objects or a logo watermark). 

 

  

Figure 6. Examples of thumbnails that have text printed on other objects 

 

Object complexity: Using the list of objects detected in each thumbnail and the confidence 

score of each of those objects, we computed the 𝑂𝐶 of the thumbnail using the following 

equation suggested by Shin et al. (2020): 

𝑂𝐶 = − 𝑝 log(𝑝 ), 

where 𝑝 ∈ [0,1] is the confidence score of object 𝑖 ∈ {1,2, … , 𝑛} and 𝑛 is the number of 

objects included in the thumbnail. A thumbnail that focuses on more objects has a higher value of 

𝑂𝐶 than a thumbnail that focuses on fewer objects. For instance, the 𝑂𝐶 of thumbnail (b) (𝑂𝐶 

= 2.1296) in Figure 3 is greater than that of thumbnail (a) (𝑂𝐶 = 1.4506). 

Celebrity endorsement: Microsoft Azure Computer Vision detects a human face from an image 
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and reports whether it is the face of a celebrity.4 Using this, we constructed 𝐶𝐸, which is set to 1 

if a thumbnail includes a celebrity picture and 0 otherwise. 

Colorfulness: From each thumbnail, we extracted the 𝑅𝑒, 𝐺𝑟, and 𝐵𝑙 values, which are the 

mean values of red, green, and blue pixels in the thumbnail, respectively, using Python OpenCV. 

We then computed the 𝐶 of each thumbnail using the following equation suggested by Hasler 

and Süsstrunk (2003): 

𝐶 = 𝜎 + 𝜎 + 0.3 𝜇 + 𝜇 , 

where 𝜎  and 𝜇  are the standard deviation and mean of the pixel cloud along direction 𝑖 ∈

{𝑟𝑔, 𝑦𝑏}, respectively, where 𝑟𝑔 = 𝑅𝑒 − 𝐺𝑟 and 𝑦𝑏 = 0.5(𝑅𝑒 + 𝐺𝑟) − 𝐵𝑙. Thumbnails that 

use more colors have higher values of 𝐶, as shown in Figure 7. Thumbnails (c) and (d) in Figure 

7 have higher values of 𝐶 than thumbnails (a) and (b). 

Brightness: Using the 𝑅𝑒, 𝐺𝑟, and 𝐵𝑙 values extracted from each thumbnail, we computed the 

𝐵 of the thumbnail using the following hue-saturation perceived (HSP) brightness color model 

suggested by Finley (2006): 

𝐵 = 0.241𝑅𝑟 + 0.391𝐺𝑟 + 0.068𝐵𝑙 . 

Thumbnails that use brighter colors have higher values of 𝐵, as shown in Figure 7. Thumbnails 

(b) and (d) in Figure 7 have higher values of 𝐵 than thumbnails (a) and (c). 

 

                                           
4 Microsoft Azure Computer Vision recognizes 200,000 celebrities from business, politics, sports, and entertainment 
(see: https://azure.microsoft.com/en-au/blog/cognitive-service-2016-08-25/). 
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(a) Colorfulness = 7; Brightness = 40 (b) Colorfulness = 4; Brightness = 137 

 

  
(c) Colorfulness = 84; Brightness = 42 (d) Colorfulness = 85; Brightness = 123 

 
Figure 7. Examples of thumbnails with different colorfulness and brightness values 

 

Image quality: We extracted the 𝑄 of each thumbnail using the BRISQUE algorithm suggested 

by Mittal et al. (2012). BRISQUE is a no-reference image quality assessment (IQA) algorithm 

that measures the degree of distortion of images. A low value of 𝑄 indicates that a thumbnail is 

distorted, i.e., noisy and blurred. In Figure 8, thumbnails (a), (b), and (c) have low, moderate, and 

high values of 𝑄, respectively. 
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(a)             (b)     (c) 

Figure 8. Thumbnails with (a) low image quality (𝑄 = 0.2414), (b) moderate image quality 
(𝑄 = 0.5147), and (c) high image quality (𝑄 = 0.8470) 

 

 Our independent variables also include the number of subscribers (𝑆𝑢𝑏𝑠) of each 

YouTube brand channel, the length (𝐿) and age (𝐴) of each video, and the number of Likes 

(𝐿𝑖𝑘𝑒𝑠) that each video received, all of which have been shown by existing studies to be factors 

that affect the view-through of videos (Borghol et al. 2012, Ruedlinger 2012, Khan and Vong 

2014, Bärtl 2018). In addition, the relative Google search volume (𝑆𝑉) in 2018 is also included 

as an independent variable to control for the effects of brands’ marketing activities outside 

YouTube on the view-through of videos. The search volume for Ford, which had the highest 

search volume in 2018 among all brands in our sample, was used as the basis for comparison. 

The summary statistics of our dependent and independent variables and the correlations of these 

variables are reported in Tables 2 and 3, respectively. 

 

Table 2. Summary statistics of the variables 
Variable Mean S.D. Min Max 

Views (V) 493,440 1,585,465 84 31,600,000 
Element complexity (EC) 1.2012 0.6368 0 3 
Object complexity (OC) 0.3903 0.4680 0 4.5293 
Celebrity endorsement (CE) 0.0227 0.1490 0 1 
Colorfulness (C) 47.39 25.49 0 152.99 
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Brightness (B) 85.17 32.83 2.15 218.92 
Image quality (Q) 0.3423 0.1328 0 1 
Subs (unit: millions) 2.9166 3.0190 0.0030 8.7699 
Length (L) (unit: minutes) 5.5336 23.28 0.0667 495.05 
Age (A) (unit: days) 431 106 243 610 
Likes 1,571 5,866 0 165,619 
Search Volume (𝑆𝑉) 16.73 22.52 0 89 

Note: Approximately 53%, 35%, and 32% of thumbnails in our sample use a product design 
element, a model design element, and a text design element, respectively. 
 

Table 3. Correlation matrix 
 1 2 3 4 5 6 7 8 9 10 11 12 
1. V 1            
2. EC -0.01 1           
3. OC 0.00 0.17 1          
4. CE 0.01 0.04 0.05 1         
5. C 0.13 0.02 -0.02 0.02 1        
6. B 0.08 0.05 0.04 0.00 0.33 1       
7. Q -0.09 -0.08 -0.06 -0.03 -0.31 -0.21 1      
8. Subs 0.16 0.05 0.10 0.00 0.21 0.24 -0.19 1     
9. L 0.01 0.11 0.05 -0.01 -0.02 0.02 0.08 0.16 1    
10. A 0.03 -0.05 -0.02 0.00 0.05 0.08 -0.03 0.14 0.05 1   
11. Likes 0.53 0.04 0.00 0.00 0.02 0.04 -0.03 0.11 0.02 0.00 1  
12. SV -0.10 0.07 -0.05 0.00 -0.14 -0.15 0.16 -0.30 -0.09 -0.06 -0.11 1 

Note: Bold values indicate that the correlation is significant at the 5% level. 

 

5. Empirical Model and Estimation Results 

5.1.Empirical model 

Because our dependent variable, views (𝑉), is a count variable and is overdispersed (see Table 2), 

we use a negative binomial model. The estimation equation of our model is written as follows: 

Pr(𝑉 = 𝑣) =
Γ(𝑣 + 𝛼 )

Γ(𝑣 + 1)Γ(𝛼 )

1

1 + 𝛼𝜇

𝛼𝜇

1 + 𝛼𝜇
, 

ln(𝜇) = 𝛽 + 𝛾𝐼𝑁𝐹𝑂𝑅𝑀𝐴𝑇𝐼𝑉𝐸𝑁𝐸𝑆𝑆 + 𝛿𝐴𝐸𝑆𝑇𝐻𝐸𝑇𝐼𝐶𝑆 + 𝜂𝑂𝑇𝐻𝐸𝑅 + 𝜁𝐼, 
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where Γ(⋅) is the gamma function, 𝜇 is the mean of 𝑣, and 𝛼 is an overdispersion parameter. 

𝐼𝑁𝐹𝑂𝑅𝑀𝐴𝑇𝐼𝑉𝐸𝑁𝐸𝑆𝑆 ∈ {𝐸𝐶, 𝐸𝐶 , 𝑂𝐶, 𝑂𝐶 } and 𝐴𝐸𝑆𝑇𝐻𝐸𝑇𝐼𝐶𝑆 ∈ {𝐶𝐸, 𝐶, 𝐶 , 𝐵, 𝐵 × 𝐶, 𝑄, 𝑄 } 

are the main independent variables of interest, and 𝑂𝑇𝐻𝐸𝑅 ∈ {𝑆𝑢𝑏𝑠, 𝐿, 𝐴, 𝐿𝑖𝑘𝑒𝑠, 𝑆𝑉} are other 

independent variables. Following He et al. (2018), to control for industry fixed effects, we 

include industry dummies, 𝐼 ∈ {𝐼 , 𝐼 , 𝐼 }, in the equation. 

 We include the squared terms of 𝐸𝐶, 𝑂𝐶, 𝐶, and 𝑄 in the equation to control for any 

possible nonmonotonic relations of these variables with the view-through videos. As discussed in 

Section 3, the findings of earlier studies are mixed and suggest that the effects of the visual 

complexity – element complexity and object complexity – of a design on its effectiveness in 

conveying information and the effects of the colorfulness and image quality of a design on its 

aesthetics may not be monotonic. We also include the interaction term 𝐶 × 𝐵 in the equation to 

control for a possible interaction effect between the two color-related properties: colorfulness 

and brightness. 

5.2.Estimation results 

The estimation results of our model are reported in Table 4 (in column (2)). The estimation 

results of the model without the squared terms and the interaction term are also reported in Table 

4 (in column (1)) for reference. Our main independent variables – 𝐼𝑁𝐹𝑂𝑅𝑀𝐴𝑇𝐼𝑉𝐸𝑁𝐸𝑆𝑆 and 

𝐴𝐸𝑆𝑇𝐻𝐸𝑇𝐼𝐶𝑆 – are all significant, suggesting that, as argued by industry experts (Brown 2017, 

Funk 2020), the visual attributes of thumbnails are indeed associated with the view-through of 

videos. This may suggest that the visual attributes of thumbnails may indeed persuade potential 

viewers to click and watch videos via the central route and peripheral route. 
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Table 4. Estimation results 

Variable 
(1) (2) 

Est. Std. Err. Est. Std. Err. 
𝐼𝑁𝐹𝑂𝑅𝑀𝐴𝑇𝐼𝑉𝐸𝑁𝐸𝑆𝑆 Element complexity (𝐸𝐶) -0.0976** 0.0386 -0.3775*** 0.1165 

𝐸𝐶    0.1088** 0.0428 
Object complexity (𝑂𝐶) 0.1208* 0.0567 0.3484*** 0.1162 

𝑂𝐶    -0.1387** 0.0582 

𝐴𝐸𝑆𝑇𝐻𝐸𝑇𝐼𝐶𝑆 Celebrity endorsement (𝐶𝐸) 1.0025*** 0.1717 1.0291*** 0.1721 

Colorfulness (𝐶) 0.0025** 0.0012 -0.0198*** 0.0042 

𝐶    0.0001*** 0.0000 

Brightness (𝐵) -0.0033*** 0.0009 -0.0077*** 0.0016 

𝐶 × 𝐵   0.0001*** 0.0000 

Image quality (𝑄) -0.0601 0.2370 2.9586*** 0.8119 

𝑄    -4.2264*** 0.9778 

𝑂𝑇𝐻𝐸𝑅 𝑆𝑢𝑏𝑠 0.0693*** 0.0123 0.0734*** 0.0123 

Length (𝐿) -0.0027*** 0.0009 -0.0021** 0.0009 
Age (𝐴) -0.0004 0.0002 -0.0003 0.0002 
𝐿𝑖𝑘𝑒𝑠 0.0002*** 0.0000 0.0002*** 0.0000 

Search volume (𝑆𝑉) -0.0058*** 0.0015 -0.0061*** 0.0015 

I 𝐼  0.3469*** 0.1091 0.3365*** 0.1105 

𝐼  2.2628*** 0.1444 2.2872*** 0.1433 

𝐼  1.4760*** 0.1025 1.5296*** 0.1031 

Constant 11.6014*** 0.1766 11.8087*** 0.2536 

Observations 3,743 3,743 
Pseudo R2 0.0188 0.0193 

Note: * 𝑝 ≤ 0.1, ** 𝑝 ≤ 0.05, *** 𝑝 ≤ 0.01. 

 

The coefficients of 𝐼𝑁𝐹𝑂𝑅𝑀𝐴𝑇𝐼𝑉𝑁𝐸𝑆𝑆 suggest that, as shown in Figure 9, although 

the 𝐸𝐶 of thumbnails and the view-through of videos have a U-shaped relation, the 𝑂𝐶 of 

thumbnails and the view-through of videos have an inverted U-shaped relation. These results 

suggest that having all three types of design elements in a thumbnail may help convey 

information; however, focusing on too many objects can hinder the processing of the 

information. 

 



26 

 

  
(a)      (b) 

Figure 9. The relations between (a) the element complexity of thumbnails and the view-through 
of videos and (b) the object complexity of thumbnails and the view-through of videos 
 

 The coefficients of 𝐴𝐸𝑆𝑇𝐻𝐸𝑇𝐼𝐶𝑆 suggest the following results. First, the relation 

between the 𝐶𝐸 of thumbnails and the view-through of videos is positive. This may suggest that 

compared to thumbnails without a celebrity picture, thumbnails with a celebrity picture are more 

visually appealing and thus persuade potential viewers to click and watch videos via the 

peripheral route. Second, the 𝐶 of thumbnails and the view-through of videos have a U-shaped 

relation (see Figure 10(a)). Furthermore, the relation between the 𝐵 of thumbnails and the view-

through of videos is negative if the colorfulness of thumbnails is low and positive if the 

colorfulness of thumbnails is high (see Figure 11). These results suggest that thumbnails with a 

combination of low colorfulness and low brightness or high colorfulness and high brightness 

may be more effective in persuading potential viewers to click and watch videos via the 

peripheral route. These results provide additional insight into the findings of earlier studies 

showing that brighter images are more visually appealing (Lindgaard et al. 2011, Wang and Li 

2017). Finally, the 𝑄 of thumbnails and the view-through of videos have an inverted U-shaped 
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relation (see Figure 10(b)). This may suggest that neither a distorted nor an over-retouched 

thumbnail image is effective in persuading potential viewers to click and watch videos via the 

peripheral route. As thumbnail images taken from videos are often distorted, industry experts 

suggest that enhancing the quality of thumbnail images is important for obtaining more video 

views (Myers 2019, Wright 2019). However, as discussed in Section 3, retouching advertisement 

images does not necessarily improve the effectiveness of advertisements (Cornelis and Peter 

2017, Zhang et al. 2021). 

 

  
(a)      (b) 

Figure 10. The relations between (a) the colorfulness of thumbnails and the view-through of videos 
and (b) the image quality of thumbnails and the view-through of videos 
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Figure 11. The relations between the brightness of thumbnails and the view-through of videos 
for different levels of colorfulness 

 

 The results of our other independent variables are consistent with our expectations and 

the findings of earlier studies (Ruedlinger 2012, Khan and Vong 2014, Bärtl 2018). 𝑆𝑢𝑏𝑠 and 

𝐿𝑖𝑘𝑒𝑠 are positively associated with the view-through of videos, whereas 𝐿 is negatively 

associated with the view-through of videos. 𝑆𝑉 is also negatively associated with the view-

through of videos. This may suggest that there is a substitute relation between brands’ marketing 

activities within and outside of YouTube. 𝐴 is estimated to be not significant. The reason may 

be that, as discussed in Section 4, the age effects in our data are already controlled to some 

degree, as we did not include the data on videos posted in 2019 in our sample. 

 

6. Robustness Check 

6.1.The titles of videos 

Viewers may decide which videos to watch based on the information they obtain from the titles, 

in addition to the thumbnails, of videos when they browse through an online video platform. In 

fact, although video titles are, in often cases, truncated after a fairly small number of words when 
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they are shown in an online video platform, anecdotal evidence suggests that compelling video 

titles improve the view-through of videos (Andrew 2019, Ong 2020). To control for this possible 

effect of video titles on the view-through of videos, we extend our model by including the 

following additional variables. 

 First, following the literature suggesting that the topic complexity of the textual content 

of advertisements may be a central route cue (Shin et al. 2020), we construct a variable, the topic 

complexity (𝑇𝐶) of video titles, and include it in our model. We construct 𝑇𝐶 using the latent 

Dirichlet allocation (𝐿𝐷𝐴) topic modeling approach suggested by Shin et al. (2020). After 

obtaining the optimal number of topics of 40 using the topic coherence score, we convert each 

video title into a topic distribution vector and obtain 𝑇𝐶 using the following equation: 

𝑇𝐶 = − 𝑑 log(𝑑 ), 

where 𝑑 ∈ [0,1] is the weight of topic 𝑖 ∈ {1,2, … , 𝑡} and 𝑡 is the number of topics included 

in the title. Video titles with more topics have a higher value of 𝑇𝐶 than video titles with fewer 

topics. 

 Second, we include a video cluster dummy, 𝐶𝑙𝑢𝑠𝑡𝑒𝑟, in our model by clustering video 

titles using the term frequency-inverse document frequency (TF-IDF) bag-of-words and K-

means algorithm. Using the elbow method, we categorize video titles into two clusters. The top 

five keywords of the first cluster are “trailer”, “world”, “new”, “game”, and “episode”, and those 

of the second cluster are “official”, “teaser”, “spot”, “season”, and “game”. 

 Finally, after obtaining the sentiment polarity of each title using the VADER (Valence 

Aware Dictionary and sEntiment Reasoner), we construct the title sentiment dummies – 
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𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡  and 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡  – and include them in our model. VADER is a lexicon- and 

rule-based model for sentiment analysis proposed by Hutto and Gilbert (2014). If the VADER 

compound score is positive, the title is considered to have positive sentiment, and 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡  

is set to 1. If the VADER compound score is negative, the title is considered to have negative 

sentiment, and 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡  is set to 1. If the VADER compound score is zero, the title is 

considered to have neutral sentiment, and both 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡  and 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡  are set to zero. 

Fifty-six percent of videos in our sample have titles with neutral sentiments, and 30% and 14% 

of videos have titles with positive and negative sentiments, respectively. 

 The estimation results of the extended model with these additional variables are reported 

in Table 5 (in columns (2), (3), and (4)). We also report the estimation results of our base model 

in Table 5 (in column (1)) for reference. These results suggest that, first, our findings on the 

relation between the visual attributes of thumbnails and the view-through of videos that we 

discussed in Section 5 may be quite robust. Furthermore, the 𝑇𝐶 is negatively associated with 

the view-through of videos, which may suggest that less complex video titles may be more 

efficient in conveying information. This may be plausible, as potential viewers can see only a 

fairly small number of words in video titles when they browse through an online video platform. 

Last, both 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡  and 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡  are positively associated with the view-through of 

videos. This may suggest that video titles with positive sentiments (i.e., that include positive 

words such as “great” and “enjoy”) and negative sentiments (i.e., that include negative words 

such as “disaster” and “insane”) may be more effective in persuading potential viewers to click 

and watch videos than the titles with neutral sentiments. 
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6.2.Thumbnails with zero element complexity 

Among the 3,745 thumbnails in our sample, 395 thumbnails have zero as the 𝐸𝐶 value, 

meaning that these thumbnails do not use any type of design element: product, model, or text. 

However, this does not mean that these thumbnails do not include any object. As defined in 

Section 4, our definition of a product design element is an industry-specific product; hence, the 

value of 𝐸𝐶 for a thumbnail will be zero even though the thumbnail includes an object if the 

object is not an industry-specific product. For instance, the thumbnail in Figure 12(a) includes a 

dog picture; however, it is the thumbnail of a video posted by Honda, and a dog is not an 

industry-specific product for the automobile industry (according to our definition). Additionally, 

the thumbnail in Figure 12(b) includes a car picture; however, it is the thumbnail of a video 

posted by Bandai Namco, and a car is not an industry-specific product for the toy industry 

(according to our definition). The number of objects included in a thumbnail is controlled in our 

model using 𝑂𝐶. Nevertheless, to check the sensitivity of our estimation results to thumbnails 

with zero element complexity, we estimate our model excluding thumbnails with zero element 

complexity. The estimation results reported in Table 5 (in column (5)) show that the estimates for 

most parameters are noticeably consistent between the models with and without thumbnails with 

zero element complexity, which may suggest that our estimation results are rather insensitive to 

thumbnails with zero element complexity. 
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(a)       (b) 

Figure 12. Examples of thumbnails that have zero element complexity: thumbnails of videos 
posted by (a) Honda and (b) Bandai Namco on their YouTube brand channels 

 

6.3.Linear model 

To further check the robustness of our estimation results, we estimate our model using a linear 

regression with a log-transformed dependent variable. The estimation results reported in Table 5 

(in column (6)) suggest that although some variables are less significant, possibly because of a 

decrease in statistical efficiency (He et al. 2018), the estimation results from the linear regression 

are fairly consistent with those from the negative binomial regression. 

 

Table 5. Estimation results for robustness checks 
Variable (1) (2) (3) (4) (5) (6) 

𝐸𝐶 -0.3775*** 

(0.1165) 
-0.3729*** 
(0.1163) 

-0.2685** 
(0.1154) 

-0.3773*** 
(0.1164) 

-0.6283* 
(0.3563) 

-0.2187 
(0.1386) 

𝐸𝐶  0.1088** 

(0.0428) 
0.1048** 
(0.0428) 

0.0798* 
(0.0420) 

0.1056** 
(0.0430) 

0.1875* 
(0.1091) 

0.1244** 
(0.0512) 

𝑂𝐶 0.3484*** 

(0.1162) 
0.3133*** 
(0.1136) 

0.2781** 
(0.1140) 

0.3049*** 
(0.1156) 

0.3364*** 
(0.1153) 

-0.2726** 
(0.1368) 

𝑂𝐶  -0.1387** 

(0.0582) 
-0.1122** 
(0.0560) 

-0.1158** 
(0.0564) 

-0.1234** 
(0.0573) 

-0.1555*** 
(0.0553) 

0.0430 
(0.0675) 

𝐶𝐸 1.0291*** 

(0.1721) 
1.0112*** 
(0.1717) 

1.1479*** 
(0.1704) 

0.9627*** 
(0.1730) 

1.0661*** 
(0.1720) 

0.2899 
(0.1992) 
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𝐶 -0.0198*** 

(0.0042) 
-0.0191*** 
(0.0042) 

-0.0204*** 
(0.0042) 

-0.0206*** 
(0.0043) 

-0.0195*** 
(0.0044) 

-0.0216*** 
(0.0048) 

𝐶  0.0001*** 

(0.0000) 
0.0001*** 
(0.0000) 

0.0001*** 
(0.0000) 

0.0001*** 
(0.0000) 

0.0001*** 
(0.0000) 

0.0001*** 
(0.0000) 

𝐵 -0.0077*** 

(0.0016) 
-0.0076*** 
(0.0016) 

-0.0087*** 
(0.0016) 

-0.0075*** 
(0.0016) 

-0.0066*** 
(0.0017) 

-0.0072*** 
(0.0019) 

𝐶 × 𝐵 0.0001*** 

(0.0000) 
0.0001*** 
(0.0000) 

0.0001*** 
(0.0000) 

0.0001*** 
(0.0000) 

0.0001*** 
(0.0000) 

0.0001*** 
(0.0000) 

𝑄 2.9586*** 

(0.8119) 
2.9792*** 
(0.8078) 

2.5205*** 
(0.8086) 

3.0127*** 
(0.8099) 

2.4385*** 
(0.9097) 

1.7772** 
(0.8908) 

𝑄  -4.2264*** 

(0.9778) 
-4.2813*** 
(0.9720) 

-3.7147*** 
(0.9739) 

-4.3887*** 
(0.9745) 

-3.4121*** 
(1.1115) 

-3.1328*** 
(1.0480) 

𝑆𝑢𝑏𝑠 0.0734*** 

(0.0123) 
0.0672*** 
(0.0123) 

0.0962*** 
(0.0118) 

0.0734*** 
(0.0122) 

0.0656*** 
(0.0125) 

0.2269*** 
(0.0130) 

𝐿 -0.0021** 

(0.0009) 
-0.0020** 
(0.0009) 

-0.0021** 
(0.0010) 

-0.0016* 
(0.0010) 

-0.0017* 
(0.0010) 

0.0008 
(0.0013) 

𝐴 -0.0003 
(0.0002) 

-0.0003 
(0.0002) 

-0.0003 
(0.0002) 

-0.0003 
(0.0002) 

-0.0004* 
(0.0002) 

-0.0003 
(0.0003) 

𝐿𝑖𝑘𝑒𝑠 0.0002*** 

(0.0000) 
0.0002*** 
(0.0000) 

0.0002*** 
(0.0000) 

0.0002*** 
(0.0000) 

0.0002*** 
(0.0000) 

0.0001*** 
(0.0000) 

𝑆𝑉 -0.0061*** 

(0.0015) 
-0.0062*** 
(0.0015) 

-0.0045*** 
(0.0015) 

-0.0060*** 
(0.0015) 

-0.0069*** 
(0.0016) 

-0.0163*** 
(0.0019) 

𝑇𝐶  -0.2050*** 
(0.0478) 

    

𝐶𝑎𝑡𝑒𝑔𝑜𝑟𝑦   0.8638*** 
(0.0872) 

   

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡     0.2185*** 
(0.0582) 

  

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡     0.3468*** 
(0.0795) 

  

𝐼  0.3365*** 

(0.1105) 
0.3414*** 
(0.1103) 

0.3069*** 
(0.1076) 

0.2602** 
(0.1113) 

0.2206* 
(0.1166) 

-0.6882*** 
(0.1456) 

𝐼  2.2872*** 

(0.1433) 
2.2711*** 
(0.1429) 

2.3075*** 
(0.1416) 

2.3380*** 
(0.1434) 

2.3264*** 
(0.1496) 

0.3980** 
(0.17404) 

𝐼  1.5296*** 

(0.1031) 
1.6154*** 
(0.1049) 

1.2239*** 
(0.1052) 

1.4148*** 
(0.1059) 

1.5536*** 
(0.1074) 

0.4616*** 
(0.1196) 

Constant 11.8087*** 

(0.2536) 
11.8858*** 
(0.2251) 

11.7921*** 
(0.2511) 

11.7449*** 
(0.2532) 

12.1289*** 
(0.3757) 

11.1326*** 
(0.2819) 

Observations 3,743 3,743 3,743 3,743 3,438 3,743 
Pseudo R2 0.0193 0.0195 0.0204 0.0207 0.0201  
Adjusted R2      0.3147 

Note: Standard errors are in parentheses; * 𝑝 ≤ 0.1, ** 𝑝 ≤ 0.05, *** 𝑝 ≤ 0.01 
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7. Predictive Power of the Visual Attributes of Thumbnails in Predicting Video Views 

To further validate our findings that the visual attributes of thumbnails are associated with the 

view-through of videos, we explore whether the visual attributes of thumbnails are useful in 

predicting video views. In particular, considering 𝑂𝑇𝐻𝐸𝑅 as baseline features, we evaluate 

whether adding 𝑇𝐻𝑈𝑀𝐵𝑁𝐴𝐼𝐿 and/or 𝑇𝐼𝑇𝐿𝐸 as additional features in the dataset improves the 

accuracy of predicting the log of 𝑉. 𝑇𝐻𝑈𝑀𝐵𝑁𝐴𝐼𝐿 are the visual attributes of thumbnails that 

we discussed in Section 3, and 𝑇𝐼𝑇𝐿𝐸 are word vectors that we extracted from video titles 

using word2vec with a dimension size of 100 and a minimum word count of 30. We use four 

widely used machine learning models – linear regression (LR), random forest (RF), support 

vector machine (SVM), and artificial neural network (ANN) – with the default values of the 

Scikit-learn Python library for all parameters for prediction.  

 

Table 6. The mean and standard deviation of MSE from 10-fold cross validation 
 LR RF SVM ANN 

𝑂𝑇𝐻𝐸𝑅 
3.4713 

(0.2890) 
0.1032 

(0.1397) 
2.4239 

(0.2419) 
2.0954 

(0.2051) 

𝑂𝑇𝐻𝐸𝑅 + 𝑇𝐻𝑈𝑀𝐵𝑁𝐴𝐼𝐿 
3.2492 

(0.2467) 
1.1595 

(0.1232) 
2.3451 

(0.2429) 
1.9884 

(0.2189) 

𝑂𝑇𝐻𝐸𝑅 + 𝑇𝐼𝑇𝐿𝐸 
2.9085 

(0.1809) 
1.0422 

(0.1493) 
2.5418 

(0.1697) 
2.2184 

(0.1091) 

𝑂𝑇𝐻𝐸𝑅 + 𝑇𝐻𝑈𝑀𝐵𝑁𝐴𝐼𝐿 + 𝑇𝐼𝑇𝐿𝐸 
2.8168 

(0.1612) 
1.0740 

(0.1515) 
2.4287 

(0.1715) 
2.2946 

(0.1859) 

Note: Standard deviations are in parentheses; Bold values indicate the lowest mean squared 
errors for each model 
 

The mean and standard deviation of mean squared errors (MSEs) from 10-fold cross 

validation reported in Table 6 suggest that the visual attributes of thumbnails may indeed have 

significant additional predictive power in predicting video views. Compared to when only 
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𝑂𝑇𝐻𝐸𝑅 are used, when 𝑇𝐻𝑈𝑀𝐵𝑁𝐴𝐼𝐿 are added as additional features, the prediction 

accuracy is improved for all models except RF. Furthermore, for SVM and ANN, 𝑂𝑇𝐻𝐸𝑅 +

𝑇𝐻𝑈𝑀𝐵𝑁𝐴𝐼𝐿 yields the best prediction accuracy. 

 To further explore the relative predictive power of each of the visual attributes of 

thumbnails, we now obtain the feature importance of each visual attribute in 𝑇𝐻𝑈𝑀𝐵𝑁𝐴𝐼𝐿 

using RF. We use randomly assigned 80% of the dataset for training and 20% for testing, and 

default values of the Scikit-learn Python library for all parameters. The average feature 

importance of each visual attribute from 100 different trials is reported in Table 13. This suggests 

that the colorfulness of thumbnails may have the highest predictive power, followed by the 

image quality, object complexity, element complexity, and celebrity endorsement of thumbnails. 

 

 

Figure 13. The feature importance of visual attributes of thumbnails 
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8. Conclusion 

Using 3,745 marketing videos posted by 38 top brands across 4 industries – the automobile, 

beverage, restaurant, and toy industries – on YouTube, we investigated the relation between the 

visual attributes of thumbnails and the view-through of videos. We found that the visual 

attributes of thumbnails are associated with the view-through of videos, which may suggest that 

the visual attributes of thumbnails may persuade potential viewers to click and watch videos via 

the central route and peripheral route. In particular, having more types of design elements in a 

thumbnail may help convey information; however, focusing on too many objects can hinder the 

processing of the information. Furthermore, thumbnails with a celebrity picture, with a 

combination of high colorfulness and high brightness or low colorfulness and low brightness, 

and with moderate image quality may be more effective in persuading potential viewers to click 

and watch videos via the peripheral route. 

 Our study makes the following contributions. First, our study enhances our 

understanding of the role of visual attributes of images in persuading viewers in the online 

environment. Furthermore, complementing a growing body of literature studying the factors that 

affect the view-through of videos, our study shows the relation between the visual attributes of 

thumbnails and the view-through of videos. This may provide a possible theoretical ground for 

studies on information processing and decision support that focus on automation thumbnail 

selection. Finally, our study provides useful and practical guidelines for designing templates for 

optimal thumbnails that grab potential viewers’ attention and yield more video views. 

 Nevertheless, our study is not without limitations. First, the literature has shown that 

YouTube recommendations are an important factor affecting the view-through of videos (Zhou et 
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al. 2010). However, because a dataset that captures YouTube recommendations across the board 

is not readily available, as this process is heavily personalized (Madrigal 2018), our model 

controls for recommendation effects only indirectly through measures such as the number of 

Likes that videos received and the number of subscribers of each channel. How the YouTube 

recommendation algorithm works is mostly unknown, but articles have suggested that YouTube 

considers factors such as the popularity of channels and how much people like videos when it 

decides which videos to recommend (Covington et al. 2016, Dean 2017, Madrigal 2018, Jaffari 

2019). Future research can investigate the effect of recommendations on the relation between the 

visual attributes of thumbnails and the view-through of videos using a more direct measure. 

Second, our study focuses on the relation between the visual attributes of thumbnails and the 

view-through of videos when viewers browse through an online video platform, and it does not 

model viewers’ searches. Although some viewers may begin browsing by searching, 

Cunningham and Nichols (2008) show that viewers eventually find relevant videos using 

browsing, and viewers report that browsing is a useful and efficient way to find relevant videos. 

Nevertheless, one may want to extend our study and investigate how viewers’ searching 

moderates the relation between the visual attributes of thumbnails and the view-through of 

videos. Third, our data can be extended further. Our dataset includes data on 3,745 marketing 

videos posted by 38 top brands across 4 industries. It would be worthwhile to collect data from 

more brands covering more industries and to further generalize the results. In particular, given 

that “how-to” videos are growing rapidly in popularity (Mogensen 2015), examining the relation 

between the visual attributes of thumbnails and the view-through of videos, particularly for 

“how-to” videos, would be valuable. Finally, although our findings are based on grounded 
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theory, they are derived from regression models and may not be sufficient to make causal claims. 

It would be valuable to extend our model and investigate the relation between the visual 

attributes of thumbnails and the view-through of videos based on causal models such as field 

experiments and establish causality. 

  



39 

 

References. 

Amos, C., G. Holmes, and D. Strutton. 2008. Exploring the relationship between celebrity 
endorser effects and advertising effectiveness. International Journal of Advertising. 
27(2): 209-234. 

Anderson, R.E. and M.A. Jolson. 1980. Technical Wording in Advertising: Implications for 
Market Segmentation. Journal of Marketing. 44(1): 57-66. 

Andrew. 2019. YouTube Video Titles – Best Practices in 2020. Onlinehikes, October 23, 2019. 
Retrieved from: https://www.onlinehikes.com/blog/youtube-video-titles/. 

Angst. C.M. and R. Agarwal. Adoption of Electronic Health Records in the Presence of Privacy 
Concerns: The Elaboration Likelihood Model and Individual Persuasion. MIS 
Quarterly. 33(2): 339-370. 

Aydınoğlu, N.Z. and L. Cian. 2014. Show me the product, show me the model: Effect of picture 
type on attitudes toward advertising. Journal of Consumer Psychology. 24(4): 506-519. 

Bärtl, M. 2018. YouTube channels, uploads and views: A statistical analysis of the past 10 years. 
Convergence: The International Journal of Research into New Media Technologies. 
24(1): 16-32. 

Birkhoff, G.D. 1933. Aesthetic measure. Cambridge, Mass.: Harvard University Press. 

Borghol, Y., S. Ardon, N. Carlsson, D. Eager, and A. Mahanti. 2012. The Untold Story of the 
Clones: Content-agnostic Factors that Impact YouTube Video Popularity. In 
Proceedings of the 18th ACM SIGKDD international conference on Knowledge 
discovery and data mining, p1186–1194. 

Bracken, C.C. 2014. Investigating the impact of television advertisement image quality on 
telepresence, attitude towards brands and purchase intentions. International Journal of 
Digital Television. 5(2): 137-147. 

Brightcove. 2018. New Research from Brightcove Finds Video Content Impacts Product and 
Service Purchases, Particularly by Millennial Consumers. Brightcove, November 6, 
2018. Retrieved from: https://www.brightcove.com/en/company/press/new-research-
brightcove-finds-video-content-impacts-product-and-service-purchases-particularly-. 

Brown C. 2017. Why YouTube Thumbnails Matter. Octoly Magazine, October 4, 2017. 
Retrieved from: https://mag.octoly.com/youtube-thumbnails-matter-563c9af6fa74. 

Buffer. 2019. State of Social Report. Retrieved from: https://buffer.com/state-of-social-2019#. 

Carta, S., A. Giuliani, L. Piano, A.S. Podda, D.R. Recupero. 2022. VSTAR: Visual Semantic 
Thumbnails and tAgs Revitalization. Expert Systems with Applications. 193(1): 116375. 

Chatzopoulou, G., C. Sheng, and M. Faloutsos. 2010. A first step towards understanding 
popularity in YouTube. INFOCOM IEEE Conference on Computer Communications 
Workshops, San Diego, CA. 

Childers, T.L. and M.J. Houston. 1984. Conditions for a Picture-Superiority Effect on Consumer 



40 

 

Memory. Journal of Consumer Research. 11(2): 643-654. 

Chou, Y., H.H. Chuang, and T. Liang. 2022. Elaboration likelihood model, endogenous quality 
indicators, and online review helpfulness. Decision Support Systems. 153: 1-13. 

Chowdhury, S.A. and D. Makaroff. 2013. Popularity Growth Patterns of YouTube Videos: A 
Category-based Study. In Proceedings of the 9th International Conference on Web 
Information Systems and Technologies, p233-242. 

Chua, R. 2019. Is Video Advertising the Future of Content Marketing?. Creadits, July 24, 2019. 
Retrieved from: https://creadits.com/blog/video-advertising-future-of-content-
marketing/. 

Cisco. 2019. Cisco Visual Networking Index: Forecast and Trends, 2017–2022. White Paper. 
Retrieved from: https://www.cisco.com/c/en/us/solutions/collateral/service-
provider/visual-networking-index-vni/white-paper-c11-741490.html. 

Cornelis, E. and P.C. Peter. 2017. The real campaign: The role of authenticity in the effectiveness 
of advertising disclaimers in digitally enhanced images. Journal of Business Research. 
77: 102-112. 

Covington, P., J. Adams, and E. Sargin. 2016. Deep Neural Networks for YouTube 
Recommendations. In Proceedings of the 10th ACM Conference on Recommender 
Systems, p191–198. 

Cunningham, S.J. and D.M. Nichols. 2008. How People Find Videos. In Proceedings of the 8th 
ACM/IEEE-CS joint conference on Digital libraries, p201–210. 

Cyr. D., M. Head, E. Lim, and A. Stibe. 2018. Using the elaboration likelihood model to examine 
online persuasion through website design. Information & Management. 55: 807-821. 

Dean, B. 2017. We Analyzed 1.3 Million YouTube Videos. Here’s What We Learned About 
YouTube SEO. Backlinko, February 28, 2017. Retrieved from: 
https://backlinko.com/youtube-ranking-factors. 

Dean, B. 2020. 17 Ways to Get More Views on YouTube in 2020. Backlinko, January 14, 2020. 
Retrieved from: https://backlinko.com/get-youtube-views. 

Deng, L. and M.S. Poole. 2010. Affect in Web Interfaces: A Study of the Impacts of Web Page 
Visual Complexity and Order. MIS Quarterly. 34(1): 711-730. 

Donderi, D.C. and S. McFadden. 2005. Compressed file length predicts search time and errors on 
visual displays. Displays. 26(2): 71-78. 

Dufaux, F. 2000. Key frame selection to represent a video. In Proceedings 2000 International 
Conference on Image Processing, p275-278. 

Erdogan, B.Z. 1999. Celebrity Endorsement: A Literature Review. Journal of Marketing 
Management. 15(4): 291-314. 

Fergusson, P. 2017. 4 Examples of Successful Branded Video Content. Native Advertising 
Institute, August 2, 2017. Retrieved from: 
https://blog.nativeadvertisinginstitute.com/successful-branded-video-content. 



41 

 

Finley, D.R. 2006. HSP Color Model — Alternative to HSV (HSB) and HSL. Retrieved from: 
http://alienryderflex.com/hsp.html. 

Fu, W.W. 2012. Selecting Online Videos from Graphics, Text, and View Counts: The Moderation 
of Popularity Bandwagons. Journal of Computer-Mediated Communication. 18(1): 46-
61. 

Funk, M. 2020. YouTube Thumbnails: The Best Practice Guide. Tubics, January 10, 2020. 
Retrieved from: https://www.tubics.com/blog/what-is-a-youtube-thumbnail/. 

Gao, Y., T. Zhang, and J. Xiao. 2009. Thematic video thumbnail selection. 16th IEEE 
International Conference on Image Processing (ICIP), Cairo, Egypt. 

Geissler, G. L., G.M. Zinkhan, and R.T. Watson. 2006. The Influence of Home Page Complexity 
on Consumer Attention, Attitudes, and Purchase Intent. Journal of Advertising. 35(2): 
69-80. 

Gollin, M. 2018. Facebook Video Ads: Best Practices for 2019. Falcon.io, December 3, 2018. 
Retrieved from: https://www.falcon.io/insights-hub/topics/social-media-
strategy/facebook-video-ads-best-practices-for-2018/. 

Gong, Y. and X. Liu. 2000. Generating optimal video summaries. In Proceedings of IEEE 
International Conference on Multimedia and Expo, p1559-1562.  

Google. 2014. Blurred Lines Between Branded Video Content and Ads. Think with Google, 
December 2014. Retrieved from: https://www.thinkwithgoogle.com/marketing-
resources/content-marketing/youtube-insights-stats-data-trends-vol8/. 

Hale, J. 2019. More Than 500 Hours Of Content Are Now Being Uploaded To YouTube Every 
Minute. Tubefilter, May 7, 2019. Retrieved from: 
https://www.tubefilter.com/2019/05/07/number-hours-video-uploaded-to-youtube-per-
minute/. 

Harrison, L., K. Reinecke, and R. Chang. 2015. Infographic Aesthetics: Designing for the First 
Impression. In Proceedings of the 33rd Annual ACM Conference on Human Factors in 
Computing Systems, p1187–1190. 

Hasler, D. and S. Süsstrunk. 2003. Measuring colourfulness in natural images. In Proceedings of 
SPIE - The International Society for Optical Engineering, p87-95. 

Hayes, A. 2019. The State of Video Marketing in 2020. Hubspot, December 23, 2019. Retrieved 
from: https://blog.hubspot.com/marketing/state-of-video-marketing-new-data. 

He, S., H. Rui, A.B. Whinston. 2018. Social Media Strategies in Product-Harm Crises. 
Information Systems Research. 29(2) 362-380. 

Ho, S.Y. and D. Bodoff. 2014. The Effects of Web Personalization on User Attitude and 
Behavior: An Integration of the Elaboration Likelihood Model and Consumer Search 
Theory. MIS Quarterly. 38(2): 497-520. 

Hürst, W., C.G.M. Snoek, W. Spoel, and M. Tomin. 2011. Size Matters! How Thumbnail 
Number, Size, and Motion Influence Mobile Video Retrieval. In Proceedings of 



42 

 

International Conference on Multimedia Modeling, p230-240. 

Hutto, C.J. and E. Gilbert. 2014. VADER: A Parsimonious Rule-based Model for Sentiment 
Analysis of Social Media Text. In Proceedings of the Eighth International AAAI 
Conference on Weblogs and Social Media, p216-225. 

Jaffari, A. 2019. How the YouTube Algorithm Works (Or Why Your Videos Aren’t Getting 
Views). Shopify, July 4, 2019. Retrieved from: https://www.shopify.com/blog/youtube-
algorithm. 

Kahn, B.E. 2017. Using Visual Design to Improve Customer Perceptions of Online Assortments. 
Journal of Retailing. (93)1: 29-42. 

Keller, K.L., S.E. Heckler, and M.J. Houston. 1998. The Effects of Brand Name Suggestiveness 
on Advertising Recall. Journal of Marketing. 62(1): P48-57. 

Kessel, P.V., S. Toor, and A. Smith. 2019. A Week in the Life of Popular YouTube Channels. Pew 
Research Center. July 25, 2019. Retrieved from: 
https://www.pewresearch.org/internet/2019/07/25/a-week-in-the-life-of-popular-
youtube-channels/. 

Khan, G.F. and S. Vong. 2014. Virality over YouTube: An Empirical Analysis. Internet Research. 
24(5): 629-647. 

Kitchen, P.J., G. Kerr, D.E. Schultz, R. McColl, and H. Pals. 2014. The elaboration likelihood 
model: review, critique and research agenda. European Journal of Marketing. 48(11): 
2033-2050. 

Knoll, J. and J. Matthes. 2017. The effectiveness of celebrity endorsements: a meta-analysis. 
Journal of the Academy of Marketing Science. 45(1): 55-75. 

Kurzer, R. 2018. Forrester report: Video ad spending expected to hit $103B in 2023. Marketing 
Land, August 27, 2018. Retrieved from: https://marketingland.com/forrester-report-
video-ad-spending-expected-to-hit-103b-in-2023-246876 

Kusumasondjaja, S. and F. Tjiptono. 2019. Endorsement and visual complexity in food 
advertising on Instagram. Internet Research. 29(4): 659-687. 

Lawrence, E. 2019. How to Improve Your YouTube Video Views. Social Media Examiner, 
November 27, 2019. Retrieved from: https://www.socialmediaexaminer.com/how-to-
improve-youtube-video-views/. 

Lewinski, P. 2015. Don’t Look Blank, Happy, or Sad: Patterns of Facial Expressions of Speakers 
in Banks’ YouTube Videos Predict Video’s Popularity Over Time. Journal of 
Neuroscience, Psychology, and Economics. 8(4): 241–249. 

Lewis, M., K.A. Whitler, and J. Hoegg. 2013. Customer Relationship Stage and the Use of 
Picture-Dominant versus Text-Dominant Advertising: A Field Study. Journal of 
Retailing. 89(3): 263-280. 

Lindgaard, G., C. Dudek, D. Sen, L. Sumegi, and P. Noonan. 2011. An Exploration of Relations 
Between Visual Appeal, Trustworthiness and Perceived Usability of Homepages. ACM 



43 

 

Transactions on Computer-Human Interaction. 18(1): 1-30. 

Luffarelli, J., M. Mukesh, and A. Mahmood. 2019. Let the Logo Do the Talking: The Influence 
of Logo Descriptiveness on Brand Equity. Journal of Marketing Research. 56(5): 862-
878. 

MacCallum, F. and H. Widdows. 2018. Altered Images: Understanding the Influence of 
Unrealistic Images and Beauty Aspirations. Health Care Analysis. 26(3): 235-245. 

Madrigal, A.C. 2018. How YouTube’s Algorithm Really Works. The Atlantic, November 8, 2018. 
Retrieved from: https://www.theatlantic.com/technology/archive/2018/11/how-
youtubes-algorithm-really-works/575212/. 

McNeely, N. 2019. Video marketing tips and tools to boost your traffic. Search Engine Watch, 
August 8, 2019. Retrieved from: 
https://www.searchenginewatch.com/2019/08/08/video-marketing-tips/. 

Mittal, A., A.K. Moorthy, and A.C. Bovik. 2012. No-Reference Image Quality Assessment in the 
Spatial Domain. IEEE Transactions on Image Processing. 21(12): 4695-4708. 

Mogensen, D. 2015. I want-to-do moments: From home to beauty. Think with Google, May 
2015. Retrieved from: https://www.thinkwithgoogle.com/marketing-resources/micro-
moments/i-want-to-do-micro-moments/. 

Mohr, I. 2014. Going Viral: An Analysis of YouTube Videos. Journal of Marketing Development 
and Competitiveness. 8(3): 43-48. 

Mohsin, M. 2019. 10 Youtube Stats Every Marketer Should Know in 2020 [Infographic]. Oberlo, 
November 11, 2019. Retrieved from: https://www.oberlo.com/blog/youtube-statistics. 

Moshagen, M. and M.T. Thielsch. 2010. Facets of visual aesthetics. International Journal of 
Human-Computer Studies. 68(10): 689-709. 

Myers. L. 2019. This is How to Create the Best YouTube Thumbnails. Louise Myers Visual 
Social Media, May 21, 2019. Retrieved from: https://louisem.com/198803/how-to-
youtube-thumbnails. 

Newberry, C. 2018. How to Get More Views on YouTube. Hootsuite, April 3, 2018. Retrieved 
from: https://blog.hootsuite.com/get-views-youtube/. 

O’Neill, M. 2018. 2018. State of Social Video: Marketer Trends [Infographic]. Animoto Blog, 
October 23, 2018. Retrieved from: https://animoto.com/blog/business/2018-social-
video-marketer-trends. 

Ong, Si Quan. 2020. 14 Proven Ways to Get More Views on YouTube. Ahrefsblog, August 26, 
2020. Retrieved from: https://ahrefs.com/blog/how-to-get-more-views-on-youtube/. 

Palmer, S.E. 1999. Vision Science: Photons to Phenomenology. Cambridge, MA: A Bradford 
Book/MIT Press. 

Park, T. and B. Zhang. 2015. Consensus Analysis and Modeling of Visual Aesthetic Perception. 
IEEE Transactions on Affective Computing. 6(3): 272-285. 



44 

 

Petty, R.E. and J.T. Cacioppo. 1986. The elaboration likelihood model of persuasion. 
Communication and Persuasion. 1–24. 

Petty, R.E., J.T. Cacioppo, and D. Schumann. 1983. Central and peripheral routes to advertising 
effectiveness: The moderating role of involvement. Journal of Consumer Research. 
10(2):135–146. 

Petty, R.E., D.T. Wegener, and L.R. Fabrigar. 1997. Attitudes and attitude change. Annual Review 
of Psychology. 48: 609-647. 

Pieters, R., M. Wedel, and R. Batra. 2010. The Stopping Power of Advertising: Measures and 
Effects of Visual Complexity. Journal of Marketing. 74(5): 48-60. 

Reinecke, K., T. Yeh, L. Miratrix, R. Mardiko, Y. Zhao, J. Liu, K.Z. Gajos. 2013. Predicting 
Users’ First Impressions of Website Aesthetics With a Quantification of Perceived 
Visual Complexity and Colorfulness. In Proceedings of the SIGCHI Conference on 
Human Factors in Computing Systems, p2049-2058. 

Rosenholtz, R., Y. Li, and L. Nakano. 2007. Measuring visual clutter. Journal of Vision. 7(17): 1-
22. 

Rozario-Ospino, J. 2019. Social Video Trends: Consumer Insights for 2020. Animoto Blog, 
October 22, 2019. Retrieved from: https://animoto.com/blog/news/social-video-trends-
consumers-2020. 

Ruedlinger, B. 2012. Does Video Length Matter?. Wistia, May 7, 2012. Retrieved from: 
https://wistia.com/learn/marketing/does-length-matter-it-does-for-video-2k12-edition. 

Schueller, S. 2019. A Guide to Branded Video Content. Widen, September 9, 2019. Retrieved 
from: https://www.widen.com/blog/branded-video-content. 

Seckler, M., K. Opwis, and A.N. Tuch. 2015. Linking objective design factors with subjective 
aesthetics: An experimental study on how structure and color of websites affect the 
facets of users’ visual aesthetic perception. Computers in Human Behavior. 49: 375-
389. 

Semaan, R.W., B. Kocher, and S. Gould. 2018. How well will this brand work? The ironic 
impact of advertising disclosure of body-image retouching on brand attitudes. 
Psychology and Marketing. 35(10): 766-777. 

Shin, D., S. He, G.M. Lee, A.B. Whinston, S. Cetintas, and K. Lee. 2020. Enhancing Social 
Media Analysis with Visual Data Analytics: A Deep Learning Approach. MIS Quarterly. 
44(4): 1459-1492. 

Sojka, J.Z. and J.L. Giese. 2006. Communicating Through Pictures and Words: Understanding 
the Role of Affect and Cognition in Processing Visual and Verbal Information. 
Psychology and Marketing. 23(12): 995-1014. 

Song, Y., M. Redi, J. Vallmitjana, and A. Jaimes. 2016. To Click or Not To Click: Automatic 
Selection of Beautiful Thumbnails from Videos. In Proceedings of International 
Conference on Information and Knowledge Management, p659-668. 



45 

 

Spangler, T. 2019. YouTube now has 2 billion monthly users, who watch 250 million hours on 
TV screens daily. The Star Online, May 6, 2019. Retrieved from: 
https://www.thestar.com.my/tech/tech-news/2019/05/06/youtube-now-has-2-billion-
monthly-users-who-watch-250-million-hours-on-tv-screens-daily. 

Tam, K.Y. and S.Y. Ho. 2005. Web Personalization as a Persuasion Strategy: An Elaboration 
Likelihood Model Perspective. Information Systems Research. 16(3): 271-291. 

Taylor, C.R., Y. Cho, C.M. Anthony, and D.B. Smith. 2018. Photoshopping of models in 
advertising: A review of the literature and future research agenda. Journal of global 
Fashion Marketing. 9(4): 379-398. 

Vidyard. 2013. How Vidyard Increased the CTR on Its Homepage Video by 15%. Vidyard, April 
22, 2013. Retrieved from: https://www.vidyard.com/blog/video-roi-how-vidyard-
increased-the-ctr-homepage-video-15/. 

Vizard, S. 2015. YouTube ups the ante with TV in battle for brand advertisers. Marketing Week, 
July 20, 2015. Retrieved from: https://www.marketingweek.com/youtube-ups-the-ante-
with-tv-in-battle-for-brand-advertisers/. 

Wang, M. and X. Li. 2017. Effects of the aesthetic design of icons on app downloads: evidence 
from an android market. Electronic Commerce Research. 17(1): 83-102. 

Wang, H. and C. Lin. 2019. An investigation into visual complexity and aesthetic preference to 
facilitate the creation of more appropriate learning analytics systems for children. 
Computers in Human Behavior. 92: 706-715. 

Welbourne, D.J. and W.J. Grant. 2016. Science communication on YouTube: Factors that Affect 
channel and video popularity. Public Understanding of Science. 25(6): 706-718. 

Wright, W. 2019. How to Create an Eye-catching YouTube Thumbnail in Photoshop. Ezoic, July 
23, 2019. Retrieved from: https://www.ezoic.com/how-to-create-an-eye-catching-
youtube-thumbnail-in-photoshop/. 

Yu, H., L. Xie, and S. Sanner. 2014. Twitter-driven YouTube Views: Beyond Individual 
Influencers. In Proceedings of the 22nd ACM international conference on Multimedia, 
p869-872. 

Yoon, S. and H. Kim. 2019. What content and context factors lead to selection of a video clip? 
The heuristic route perspective. Electronic Commerce Research. 19(3): 603-627. 

Yuan, Y., T. Mei, P. Cui, and W. Zhu. 2017. Video Summarization by Learning Deep Side 
Semantic Embedding. In Proceedings of IEEE Transactions on Circuits and Systems for 
Video Technology, p226-237. 

Zhang, S., D. Lee, P.V. Singh, and K. Srinivasan. 2021. What Makes a Good Image? Airbnb 
Demand Analytics Leveraging Interpretable Image Features. Management Science. 
Forthcoming. 

Zhou, R. S. Khemmarat, and L. Gao. 2010. The impact of YouTube recommendation system on 
video views. In Proceedings of the 10th ACM SIGCOMM conference on Internet 
measurement, p404–410. 


