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Abstract 

Video content is gaining more popularity than traditional text- and image-based content 
on e-commerce platforms. Drawing on the elaboration likelihood model (ELM), we 
empirically investigate how dynamic video-related features (e.g., content complexity, 
design complexity, and motion of the video) and static frame-related features (e.g., color 
and feature complexity of the video) influence the effectiveness of video advertising by 
using a large and unique choice-level dataset from a leading e-commerce platform in the 
world. The results show that in the context of exploratory search, the central route factors 
of the ELM that require more cognitive effort negatively affect consumer behavior, while 
the effects of the peripheral route factors of the ELM are pronounced. We also find that 
the matching level between consumers and videos has a positive moderating effect on the 
relationship between the peripheral route factors and consumer behavior. This study 
provides novel insights for both research and practice.  

Keywords:  Visual advertising, dynamic video features, elaboration likelihood model,  
exploratory search 

 

Introduction 

With the advancement of digital technologies, visual content is becoming prevalent in online markets. 
Sellers are relying on online videos to introduce and advertise their products more than ever. In 2019, the 
global digital video advertising market was worth 19.7 billion US dollars, and it is expected to grow at a 
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compound annual growth rate of 41.1% from 2020 to 2027.1 Nowadays, the old saying “a picture is worth a 
thousand words” might be replaced by “a video is worth a thousand pictures”. Despite the prevalence of 
online videos in e-commerce, empirical research investigating how videos matter and how to design videos 
in order to introduce products in a dynamic way, still lags behind.  

A video is composed of static images called frames. The results of previous research on image content could 
provide some guidance for video design. However, in addition to those static frame-related visual features 
such as color, some dynamic video-related visual features may also affect the effectiveness of video 
advertising. Do videos with certain dynamic visual features induce more clicks than other videos? And if so, 
how can we manipulate these features to increase the click-through rate? Answers to these questions will 
help content creators and researchers better understand consumer behavior in the current video-oriented 
e-commerce context. 

Drawing upon the elaboration likelihood model (ELM) of persuasion (Petty et al. 1983; Petty and Cacioppo 
1986), we attempt to answer the above research questions. The ELM is one of the most popular models on 
message-based persuasion, which attributes the formation or change in the recipient’s attitude and 
behavior to two routes – the central route and the peripheral route. The central route requires a high level 
of elaboration, while the peripheral route involves less cognitive effort. In our study, we investigate how 
dynamic video-related features (such as content complexity, design complexity, and motion of the video), 
as well as frame-related features (such as color and feature complexity of the video), can influence the 
effectiveness of video advertisement according to the ELM. In addition, based on the ELM, the recipient’s 
ability and motivation will moderate the relative impact of the two routes (Petty et al. 1983; Petty and 
Cacioppo 1986). When both ability and motivation are high, the recipient relies more on the central route 
and less on the peripheral route. When ability or motivation is low, the recipient depends primarily on the 
peripheral route and less on the central route. But what will happen if the recipient’s ability and motivation 
change in different directions? Our data in the e-commerce context of exploratory search also provide an 
opportunity for us to empirically explore this important question. We utilize the field data from Taobao, 
one of the leading e-commerce platforms in the world to test our proposed models. Specifically, we conduct 
the empirical tests over 40,000 consumers for over 10,000 videos from the product category of home 
supplies, which amounts to 74,794 observations. 

Consumers are facing massive information overload today, and thus they tend to have limited willingness 
to utilize their cognitive abilities to process ads (Shin et al. 2020), especially in exploratory search behavior 
(Moe 2003). Our empirical analyses demonstrate that in exploratory search, the central route factors of the 
ELM (i.e., content complexity and design complexity of the video) which require more mental elaboration 
negatively influence consumer behavior, while the effects of the peripheral route factors of the ELM (i.e., 
motion, color, and feature complexity of the video) are pronounced. These results suggest that consumers 
rely more on the peripheral route than the central route when processing videos in the e-commerce context 
of exploratory search. Specifically, our study shows that the motion and brightness of videos have positive 
effects, while the saturation and feature complexity of the video have negative effects on consumers’ click 
behavior. In addition, in the context of exploratory search, the matching level between consumers and 
videos has a positive moderating effect on the relationship between the peripheral route factors and 
consumer behavior. 

This study provides novel insights for both research and practice. Extant research in visual advertising 
mainly focuses on the influence of static features on advertising effectiveness. This empirical study is among 
the first to investigate the effects of dynamic video-related features, including motion, content complexity 
and design complexity of the video, on consumer behavior. Our results provide evidence that these dynamic 
video-related features do influence the effectiveness of videos on e-commerce platforms. Moreover, we find 
that different from previous results in the print ad context (e.g., Pieters et al. 2010), in our e-commerce 
context of exploratory search, the central route factors (i.e., content complexity and design complexity of 
the video) have negative effects on consumer behavior, which is consistent with recent findings in social 
media platforms (Shin et al. 2020). In addition, this research contributes to the ELM research by 
empirically unveiling the complex moderating effect when the recipient’s motivation and ability change in 
different directions. The results reveal that in the context of exploratory search, when the matching level 
increases (i.e., the motivation becomes lower and the ability becomes higher), consumers rely more on the 

 
1 https://www.grandviewresearch.com/industry-analysis/digital-video-ad-market 
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factors in the peripheral route, implying that the moderating effect of the decrease in motivation 
overwhelms the moderating effect of the increase in ability. These results also have valuable practical 
implications for video creators and e-commerce platforms to increase the click-through rate of videos. For 
example, video creators could increase the motion of the video to attract consumers’ attention, and 
introduce products with simpler video content and design that require less cognitive effort. However, there 
is a caveat that our results are based on data from a single product category of home supplies. As different 
product categories may have different characteristics, it is an empirical question whether our results can be 
generalized to other categories. 

Theoretical Background 

Visual Advertising 

The visual components of advertisements play an important role in attracting consumers’ attention, 
improving ad persuasiveness, and increasing the probability of purchase (Shin et al. 2020). A stream of 
research in the marketing literature has examined various image-related visual features as the influencing 
factors of advertising effectiveness (e.g., Pieters et al. 2007; Pieters et al. 2010; Wu et al. 2016). For instance, 
previous research has shown that colorfulness consistently improves consumers’ attention to ads (Finn 
1988) and helps consumers understand the gist of an ad when the exposure is brief and blurred (Wedel and 
Pieters 2015).  

The primary difference between video and image is that video is dynamic, while image is static. By collecting 
six months of data from a major U.S. retailer, Bruce et al. (2017) found that carry-over rates for dynamic ad 
formats are higher than those for static ones. Although a dynamic video is composed of a lot of static images 
(called frames), static image-related features only account for part of its visual attributes. Some dynamic 
video-related features can also play an important role. However, there is still very limited research to 
understand the effects of dynamic video-related features on consumer behavior (Balducci and Marinova 
2018). As an exception, Li et al. (2019) demonstrated that visual variation and video content have 
explanatory power on the fundraising performance of crowdfunding projects. Zhang et al. (2020) 
constructed a measure called “moment-to-moment synchronicity” (MTMS) which refers to the 
synchronicity between temporal variations in film content mined from unstructured data such as video and 
those in the volume of live comments. They found that MTMS significantly predicts consumers’ 
postconsumption appreciation of films. Nonetheless, it still remains unclear how to create videos on e-
commerce platforms in a comprehensive way. 

Elaboration Likelihood Model (ELM) 

An e-commerce platform can be regarded as a stimulus-based decision-making environment. The stimuli 
come in the form of text, image, or video. The design, format and other characteristics of these stimuli 
constitute different persuasive cues to affect consumers (Tam and Ho 2005). Thus, in a sense, each video 
represents a persuasion opportunity for content creators and platforms. The extent to which a content 
creator can construct a persuasive video with the right attributes and effectively deliver it to the right people, 
has salient impacts on the outcome of the content creator’s communication strategy. 

As such, to endow a theoretical lens for our empirical analysis, we draw on the elaboration likelihood model 
(ELM) of persuasion (Petty et al. 1983; Petty and Cacioppo 1986), one of the most popular models on 
persuasion, which provides a general perspective for understanding the effectiveness of persuasive 
communication. In the ELM, there are two routes by which people process messages intended to be 
persuasive – the central route and the peripheral route. The central route requires a high level of elaboration, 
whereas the peripheral route involves less cognitive effort.  When a person processes a message through 
the central route, s/he will carefully consider the issue-related arguments and evaluate the merits of the 
arguments. In contrast, when a person processes a message through the peripheral route, s/he will rely on 
some simple cues such as source credibility rather than analyzing its content. As elaboration likelihood 
decreases, the influence of peripheral cues on the recipient's attitude formation or attitude change becomes 
more and more important. In theory, people can process information only through either the central route 
or the peripheral route. Practically, at moderate elaboration likelihood levels, people utilize a complex mix 
of both central and peripheral routes (Sussman and Siegal 2003). The ELM has been widely employed in 
Information Systems (IS) discipline to examine different IT artefacts and phenomena. For example, 
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Bhattacherjee and Sanford (2006) compared the central route and the peripheral route in affecting IT 
acceptance among workers. Angst and Agarwal (2009) integrated the ELM with individual’s concern for 
information privacy to examine patients’ adoption of electronic health record systems.  

The ELM has been also adopted as a theoretical foundation to understand online consumer behavior, which 
is particularly relevant to our study. Using the ELM, Shin et al. (2020) investigated the effects of visual 
features of social media ads on consumer engagement. However, our study is distinct from Shin et al. (2020) 
in the following aspects. First, we pay special attentions to the advertising effects of dynamic visual features, 
while Shin et al. (2020) focused on static visual features of ads since their research samples are ads 
containing static images and texts. Second, Shin et al. (2020) have examined how the visual features 
influence consumer engagement measured by the number of likes and shares that a post receives on social 
media platforms. Differently, our study investigates the more direct response which consumers can make 
in the purchase funnel after watching a video ad, i.e., whether the consumer clicks the product link included 
in the video. Third, in addition to the main effects of visual features, we also investigate how the matching 
level between consumers and videos moderates the effects of these features on consumer behavior. Below 
we elaborate our theoretical model and hypotheses development. 

Hypotheses Development  

Drawing on the elaboration likelihood model (ELM) of persuasion, we propose our research model as 
shown in Figure 1.  

 

 

Figure 1. The Research Model 

 

The central route factors focus on the information content, including the content complexity and design 
complexity of the video. The peripheral route factors refer to the information characteristics, containing the 
motion, color, and feature complexity of the video. In addition, we propose that the matching level between 
consumers and videos will play a moderating role. We describe our model in detail below. Table 1 lists the 
definitions of the variables we will use in the methodology section. 

 

Constructs Variable Definition 

Dependent 
variable 

Click behavior (i.e., if Click 
or not) 

A dummy variable coded as 1 if the consumer clicks on the 
product in the video. 

Design Complexity of the Video 

Content Complexity of the Video 

Central Route Factors 

Color of the Video 

Motion of the Video 

Peripheral Route Factors 

Feature Complexity of the Video 

Matching Level 

Click Behavior 
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Constructs Variable Definition 

Central 
route 

variables 

Content Complexity A dummy variable coded as 1 if the video is a how-to video 
(evaluated by Taobao’s algorithm). A how-to video is more 
than just displaying the product. It also provides practical 
instruction and advice (as on a craft), and thus its content 
complexity is high. 

Design Complexity A dummy variable coded as 1 if the video is not a slideshow 

of pictures (evaluated by Taobao’s algorithm). If a video is 
just a slideshow of pictures, its design complexity is low. 

Peripheral 
route 

variables 

Motion The average value of motion in the video. We first perform 
shot detection and extract all the frames from each video. 
Following Zhang et al. (2020), for every two successive 
frames within each shot, we convert the color frames into 
grayscale and measure the motion level as 1 minus the 
pixel-level correlation between the two consecutive frames. 
The measured motion represents a combination of object 
motion and camera motion (Zhang et al. 2020). 

Warm Hues The number of pixels classified as warm hues divided by 
the total number of pixels in the frame, take the average of 
all the frames in the video. We employ the OpenCV 
computer vision package in Python to analyze saturation, 
brightness, and the proportion of warm hues for each 
frame. 

Saturation The mean saturation of all pixels in the frame, take the 
average of all the frames in the video. 

Brightness The mean brightness of all pixels in the frame, take the 
average of all the frames in the video. 

Feature Complexity The average value of feature complexity in the video. In the 
computer image of an ad, feature complexity is reflected in 
variation at the level of individual pixels, and the more 
detail and variation in an image, the more computer 
memory is required to store it (Pieters et al. 2010). 
Following Shin et al. (2020), the feature complexity of a 
frame is calculated by (100 * f) / (q * r), that is, we 
normalize the compressed file size f (measured in bytes) of 
a frame by its resolution r (i.e., the number of pixels) and 
compression quality q (for lossless compression formats, q 
= 100). 

Matching 
variable 

Matching Level The matching level between consumers and videos 

(evaluated by Taobao’s algorithm). 

Control 
variables 
(video) 

Shot Num The number of shots in the video. 

Video Length The length of the video (in seconds). 

Video Height-Width Ratio The height of the video / the width of the video. 

Title Length The number of words in the video title. 

Comment Num The number of comments received by the video in the last 
14 days. 

Like Num The number of likes received by the video in the last 14 
days. 

Share Num The number of shares received by the video in the last 14 
days. 
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Constructs Variable Definition 

Control 
variables 
(product) 

Product Num The number of products embedded in the video. 

Price The listing price of the product. Note that consumers can 
only see the listing price (vs. discounted price) in our 
sample video. 

Control 
variables 
(creator) 

Creator Role The role of video creators, including individual sellers, 
corporate sellers, and independent influencers. 

Followers Num The number of followers of the video creator on Taobao. 

Control 
variables 

(consumer) 

Consumer Gender A dummy variable coded as 1 if the consumer is male. 

Consumer Age The age of the consumer. 

Consumer City Level The level of the city where the consumer is located 

(evaluated by Taobao), from 1 to 6. 

Consumer Consumption The consumption amount (RMB) of the consumer in the 
last 6 months on Taobao. 

Table 1. Variable Definitions 

 

Factors in the Central Route 

Content Complexity of the Video 

Previous research has identified the content of text and images in social media posts as a major factor in 
the central route of the ELM (Shin et al. 2020). In the same vein, the content delivered in the video 
influences consumer information processing through the central route, as content comprehension entails 
significant cognitive effort (Petty and Cacioppo 1986). Prior research has employed content complexity (or 
content consistency, content similarity) to represent the central route factors (Shin et al. 2020). As such, 
we propose that the content complexity of a video impacts consumers through the central route. 

Design Complexity of the Video 

In addition to the content aspect, structural visual design can also play an important role when consumers 
scrutinize a video via the central route (Shin et al. 2020). One such factor that has been used in prior studies 
is the “design complexity” or “structural complexity” of images, which refers to the structured variation in 
terms of specific shapes, objects, and their arrangements in the ad (Pieters et al. 2010; Cox and Cox 1988). 
The higher the design complexity of an image, the higher the requirement of information processing ability 
for consumers to understand the image (Shin et al. 2020). We thus propose that the design complexity of a 
video affects consumers through the central route. 

The results of previous studies on factors in the central route are often conflicting or mixed. In the context 
of print ad, Palmer (1999) and Pieters et al. (2010) have indicated that design complexity has a positive 
impact on consumers’ attitudes towards the ad. However, more recently, Shin et al. (2020) have found that 
in the social media context, a post at social media that requires more cognitive efforts from users can hurt 
users’ attitudes towards it. The coefficients of the visual and textual features in the central route that 
increase the cognitive effort required to process the message (such as image design complexity and text 
sentence complexity) are mostly significantly negative in their study.  

In addition, the impact of the central route factors may also depend on the type of search behavior.  There 
are two main components of e-commerce platforms: directed search and in-directed search (De et al. 2010). 
Directed search refers to the searches by consumers using exact product names or product stock-keeping 
units in the search box, while other content presented to consumers through the recommendation engine 
can be regarded as in-directed search or namely exploratory search. Data used in our research are obtained 
a section called “Guess What You Like” on the homepage of Taobao app, which recommends products to 
consumers based on the recommendation algorithm. As such, watching these platform-recommended 
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videos in our context is a type of exploratory search for consumers. Previous research has demonstrated 
that directed search is effortful, which requires a pool of allocated resources, whereas exploratory search is 
less effortful, with a greater responsiveness to cues in the environment (Janiszewski 1998; Moe 2003). As 
a consequence, in the context of exploratory search, the positive effects of the central route factors may not 
exist. We propose two competing hypotheses as below: 

H1a. In the context of exploratory search, the central route factors (i.e., content complexity and design 
complexity of the video) have positive effects on consumers’ click behavior. 

H1b. In the context of exploratory search, the central route factors (i.e., content complexity and design 
complexity of the video) have negative effects on consumers’ click behavior. 

Factors in the Peripheral Route 

According to the ELM, people also rely on other cues to process information, especially in exploratory 
search behavior (Moe 2003). Unlike factors in the central route, peripheral cues are contextually oriented 
towards the communication environment (Cheung et al. 2012). Previous research has verified that visual 
peripheral factors play an important role in the persuasion effectiveness of an ad through the peripheral 
route (Shin et al. 2020). In this study, we focus on the motion of videos due to their dynamic nature. In 
addition, we also examine two other widely accepted visual cues (i.e., color and feature complexity) that 
could affect consumer behavior via the peripheral route. 

Motion of the Video 

Motion refers to object and camera movement (Zhang et al. 2020). In film grammar, a higher motion is 
often manipulated to attract audience’s attention (Adams et al. 2002; Cutting 2016). Research on banner 
ads has indicated that obtrusive ads are more effective since they capture a viewer’s attention in the first 
place (Goldfarb and Tucker 2011; Bruce et al. 2017). Some web campaigns deliberately employ videos that 
are highly visible relative to the static website content to make their ads obtrusive and stand out from others 
(Goldfarb and Tucker 2011). In empirical psychology, Antrobus (1968) revealed that human subjects 
generally perform better in signal-detection tasks when the rate of information presentation increases, 
suggesting less mind wandering at faster information presentation rates. In exploratory search, consumers’ 
attention is often not as focused as in directed search (Corbetta and Shulman 2002; Janiszewski 1998; 
Petersen and Posner 2012). Hence, the motion of the video can play a particularly critical role in grabbing 
consumers’ attention in the context of exploratory search. In line with these studies, we hypothesize: 

H2. In the context of exploratory search, the motion of the video has a positive effect on consumers’ click 
behavior. 

Color of the Video 

It has been taken as an undeniable fact by advertisers and marketers that color influences consumer 
behavior (Elliot and Maier 2014). Previous research has identified color as one of the most critical factors 
in product display (Park et al. 2015) and one of the themes most strongly linked to consumers’ purchase 
intention (Kerfoot et al. 2003). Among several different display scenarios, Sina and Wu (2019) found that 
participants who are in the color-coordinated virtual store manifest the highest levels of emotional, 
cognitive and behavioral outcomes. 

Color can be characterized completely in terms of hue, saturation, and brightness (Munsell 1969). Hue 
determines the color we see, such as red, yellow, and blue. Each hue has an attribute of warm or cool 
(Kobayashi 1981). Red is an absolutely warm hue and blue is an absolutely cool hue. Whether a hue is warm 
or cool is determined by its distance from the two poles. Warm hues (e.g., yellow and orange) trigger a 
higher level of excitement, whereas cool hues (e.g., purple and cyan) trigger a higher level of relaxation 
(Gorn et al. 1997, 2004). The results of previous research on hue are mixed. Some studies have shown that 
products displayed in a blue environment have more positive retail outcomes than products displayed in a 
red environment (Deng et al. 2010). However, research also indicates that consumers prefer a visually warm 
store environment (Brakus et al. 2009). There are also studies that support the critical stimulus factors in 
color experience are saturation and brightness, rather than hue (Schifferstein and Tanudjaja 2004; Collier 
1996). Hence, we argue that the impact of hue on consumer behavior is context-specific and propose three 
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competing hypotheses that the proportion of warm hues has a positive (H3a), negative (H3b), or 
insignificant (H3c) effect on consumers’ click behavior in our e-commerce context of exploratory search. 

H3a. In the context of exploratory search, the proportion of warm hues of the video has a positive effect 
on consumers’ click behavior. 

H3b. In the context of exploratory search, the proportion of warm hues of the video has a negative effect 
on consumers’ click behavior. 

H3c. In the context of exploratory search, the proportion of warm hues of the video has no significant 
effect on consumers’ click behavior. 

Saturation refers to the purity of color. Low-saturated images contain low levels of pigmentation and high-
saturated images reflect colorfulness (Zhang et al. 2017). Becker et al. (2011) indicated that compared with 
low-saturated package of food, a high-saturated package can trigger associations with a low quality. E-
commerce platforms pose a difficulty for consumers to fully evaluate products, especially experience goods 
that cannot be easily described online, which leads to product uncertainty (Dimoka et al. 2012). As such, 
we propose that saturation has a negative effect on consumers’ click behavior since low-saturated color can 
serve as an important quality signal in the e-commerce context of exploratory search. 

H4. In the context of exploratory search, the saturation of the video has a negative effect on consumers’ 
click behavior. 

Brightness is also called value or lightness. A higher level of brightness can lead to relaxation, which in turn 
elicits higher pleasure (Gorn et al. 1997; Valdez and Mehrabian 1994; Jonauskaite et al. 2019). A brighter 
store can increase consumers’ approach behavior such as visiting the store, staying, touching merchandise, 
and hopefully making a purchase (Summers and Hebert 2001). Lakens et al. (2013) showed the presence 
of a general brightness bias, that is, brighter images are evaluated more positively while darker images are 
evaluated more negatively. Therefore, we expect that there is also a “brightness bias” in video advertising, 
which could entice approaching behavior of consumers such as clicking on the product included in the video.  

H5. In the context of exploratory search, the brightness of the video has a positive effect on consumers’ 
click behavior. 

Feature Complexity of the Video 

Pieters et al. (2010) distinguished two types of visual complexity: design complexity and feature complexity. 
Advertisements are visually complex when they contain dense perceptual features (i.e., feature complexity) 
and/or when they have an elaborate creative design (i.e., design complexity). Feature complexity is a widely 
accepted visual cue that influences consumer behavior through the peripheral route (Shin et al. 2020), while 
design complexity plays a role in the central route as we mentioned earlier. In contrast to design complexity, 
feature complexity only evokes low-level visual processing. Feature complexity is also referred to as “visual 
clutter” (Rosenholz et al. 2007) and it damages consumers’ attention to the brand and their attitudes 
towards the ad (Pieters et al. 2010; Donderi and McFadden 2005). As exploratory search is a moment-by-
moment activity that is less focused (Janiszewski 1998; Walter et al. 2020), high feature complexity could 
aggravate consumers' inattention. Hence, we hypothesize: 

H6. In the context of exploratory search, the feature complexity of the video has a negative effect on 
consumers’ click behavior. 

Moderating Role of the Matching Level 

The preceding hypotheses concern video characteristics that are evaluated during central processing and 
peripheral processing, as well as their influence on consumers’ click behavior. However, according to the 
ELM, the degree of influence that results from the central route factors and/or the peripheral route factors 
depends on the ability and motivation of the recipient (Petty et al. 1983; Petty and Cacioppo 1986). 
Researchers typically operationalize ability as recipients’ prior expertise or experience with the focal object 
or issue, and their motivation as personal relevance or involvement (e.g., Bhattacherjee and Sanford 2006; 
Cheung et al. 2012; Sussman and Siegal 2003). When a recipient has both the ability and the motivation to 
scrutinize the message, elaboration likelihood is high. Under such conditions, the recipient will process the 
information by relying primarily on the central route and less on the peripheral route. In contrast, when 
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ability or motivation is low, the recipient will become more dependent upon the peripheral cues rather than 
engaging in intensive scrutiny of the information. In other words, recipients’ ability and motivation are 
expected to moderate the relative influence of central route factors and peripheral route factors on 
consumer behavior. 

In the context of video advertisement, we propose that the matching level between consumers and videos 
will moderate the relationship between the ELM factors and consumer behavior. The matching level is 
measured by online platform’s recommendation algorithm (i.e., Taobao in our context). A higher level of 
matching indicates that the product introduced in the video meets the consumer’s previous preferences, 
that is, consumers are more familiar with the products in such videos.  

Walter et al. (2020) found that greater exploratory search increases the likelihood that consumers choose 
a product with which they are initially unfamiliar. Therefore, in our context of exploratory search, 
consumers are more likely to click on the product in the video when the matching level is low, which means 
that consumers are not familiar with the product. In addition, we posit that the matching level can also play 
a moderating role. As the matching level increases, consumers’ ability to process information improves 
because they tend to have more experience with the focal product, while consumers’ motivation to scrutinize 
the information decreases since they want to explore more unfamiliar products (Walter et al. 2020; Wilson 
et al. 2014). Although consumers will rely more on the central route factors when they possess high ability, 
lack of motivation will make them more dependent on the peripheral route factors. According to Petty and 
Cacioppo (1983), in the persuasion process, the step of “motivation to process ad content” precedes the step 
of “ability to process ad content”. As such, if consumers are not motivated to process, their ability will not 
work. We thus propose that with the increase of the matching level, consumers rely more on the peripheral 
route since the impact of the decrease in motivation dominates the impact of the increase in ability. In other 
words, when the matching level is higher, the effects of peripheral route factors are expected to become 
stronger while the effects of central route factors are expected to become weaker. 

H7a. In the context of exploratory search, the matching level between consumers and videos positively 
moderates the relationship between the peripheral route factors and consumers’ click behavior. 

H7b. In the context of exploratory search, the matching level between consumers and videos negatively 
moderates the relationship between the central route factors and consumers’ click behavior. 

Research Context and Empirical Data 

To empirically answer the research questions, we obtained a large field data set from Taobao, one of the 
largest e-commerce platforms in the world. Taobao launched its e-commerce video function as early as 2013. 
After years of development, it has been increasingly used by sellers and consumers on Taobao. In its e-
commerce video ecosystem, sellers and third-party influencers can publish recorded videos that promote 
products sold on Taobao. Consumers who are watching the videos can click directly to the product 
homepage if they are willing to further browse or buy the product. 

On Taobao, one of the most important channels delivering videos to consumer is “Guess What You Like”, 
which is a platform recommendation tool combining product recommendation and content 
recommendation. Similar to Amazon, Taobao provides consumers with three tools to find the products they 
are likely to buy: product categories, a product search engine, and a recommendation system, of which 
“Guess What You Like” is part of the recommendation system. Typically, when a consumer has a clear 
shopping goal, s/he will browse targeted products by category or use the search engine to search for 
products immediately after launching Taobao app. If a consumer neither uses categories nor the search 
engine, but scrolls to the recommendation panel, s/he is more likely to be in exploration mode without a 
clear shopping goal. Therefore, consumers who are active in the “Guess What You Like” channel are more 
likely to be conducting exploratory product searches. 

On Taobao, through the “Guess What You Like” channel, products and content in different formats 
(including video) are recommended to consumers based on the matching between the content/product and 
the consumer’s recent click and search behaviors. As a result, the videos recommended in the “Guess What 
You Like” channel with high matching level are most likely about the product categories that consumers 
have already paid attention to and had some prior knowledge. However, on Taobao, even in the same 
recommendation channel, there are multiple recommendation algorithms running, each applied to a 
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certain consumer bucket (note that all consumer buckets are randomly created to make sure that the 
distributions of consumer features are almost the same across all buckets). Therefore, consumers in 
different buckets watch recommended videos selected by different recommendation algorithms. 

Our data set includes consumers’ behavior on e-commerce videos in the “Guess What You Like” channel. 
For the sake of convenience for controlling selection bias, we only use the consumer behavior data in one 
consumer bucket in about one month from July 25, 2020 to August 23, 2020, so that the recommendation 
algorithm is the same for all observations. Because videos about products from different categories are 
significantly different – in terms of topics, content, plots and shooting modes, to better control the 
unobserved video features, we collect the video data from the home supplies products, which is one of the 
most popular product categories that rely on e-commerce videos for product exhibition and promotion. To 
ensure that our video sample is representative, we further remove the videos whose time length is shorter 
than 10 seconds  or longer than 3 minutes after consulting Taobao’s content algorithm team. In the end, we 
randomly sampled 1/100 consumers in the dataset to make the data size appropriate for econometric 
analysis.  

To summarize, we finally have video exposure and click through (from video to product page) data of more 
than 40,000 consumer on over 10,000 videos in about one month, which amounts to 74,794 observations. 
Each observation is a viewing record with a flag indicating whether the consumer clicks the product in the 
video after watching it. In addition, we also have corresponding video information, product characteristics, 
creator characteristics and consumer demographics, as shown in Table 1. Because of confidentiality concern, 
we do not report descriptive statistics here. 

Models and Results 

We investigate the effects of the proposed central route factors, peripheral route factors as well as the 
moderating role of the matching level between consumers and videos by estimating a logistic regression 
model as follows: 
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(1) 
where day fixed effects are represented by 𝛼𝑡. Table 2 presents the model estimation results. Model (1) only 
incorporates control variables. Model (2) and Model (3) introduce the main effects of central route factors 
and peripheral factors respectively. Furthermore, the moderation effect of matching level is examined in 
Model (4). 

 

 Dependent variable: Click behavior (i.e., if click) 

 Model (1) Model (2) Model (3) Model (4) 

Content_complexity  -0.1222*** -0.1310*** -0.1318*** 

  (0.0218) (0.0219) (0.0230) 
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 Dependent variable: Click behavior (i.e., if click) 

 Model (1) Model (2) Model (3) Model (4) 

Design_complexity  -0.1642*** -0.1628*** -0.1365*** 

  (0.0423) (0.0429) (0.0459) 

Matching_level  -0.0317*** -0.0309*** -0.0386*** 

  (0.0013) (0.0013) (0.0051) 

Content_complexity * Matching_level    0.0006 

    (0.0026) 

Design_complexity * Matching_level    0.0073 

    (0.0052) 

Motion   1.5919*** 1.7661*** 

   (0.2243) (0.2295) 

Warm_hues   -0.0418 -0.0290 

   (0.0504) (0.0535) 

Saturation   -0.0015*** -0.0017*** 

   (0.0004) (0.0005) 

Brightness   0.0033*** 0.0035*** 

   (0.0004) (0.0004) 

Feature_complexity   -0.2849*** -0.4145*** 

   (0.1044) (0.1129) 

Motion * Matching_level    0.0637*** 

    (0.0234) 

Warm_hues * Matching_level    0.0055 

    (0.0064) 

Saturation * Matching_level    -0.0001 

    (0.0001) 

Brightness * Matching_level    0.0001** 

    (0.0000) 

Feature_complexity * Matching_level    -0.0464*** 

    (0.0133) 

Shot_num -0.0040** -0.0018 -0.0063*** -0.0065*** 

 (0.0016) (0.0018) (0.0021) (0.0021) 

Video_length -0.0148*** -0.0128*** -0.0108*** -0.0108*** 

 (0.0011) (0.0012) (0.0012) (0.0012) 

Video_height_width_ratio 0.2889*** 0.2971*** 0.2710*** 0.2663*** 

 (0.0622) (0.0641) (0.0645) (0.0644) 

Title_length 0.0042 0.0023 -0.0005 -0.0006 

 (0.0049) (0.0049) (0.0050) (0.0050) 

log(Comment_num+1) -0.3415*** -0.3107*** -0.3041*** -0.3041*** 

 (0.0114) (0.0114) (0.0114) (0.0115) 
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 Dependent variable: Click behavior (i.e., if click) 

 Model (1) Model (2) Model (3) Model (4) 

log(Like_num+1) -0.0512*** -0.0009 0.0026 0.0031 

 (0.0142) (0.0140) (0.0140) (0.0141) 

log(Share_num+1) 0.0684*** 0.0257* 0.0213 0.0207 

 (0.0143) (0.0135) (0.0136) (0.0136) 

Product_num -0.1890*** -0.1740*** -0.1676*** -0.1698*** 

 (0.0246) (0.0254) (0.0252) (0.0253) 

log(Price+1) 0.0500*** 0.0360*** 0.0451*** 0.0453*** 

 (0.0063) (0.0062) (0.0063) (0.0063) 

Creator_role_individual_seller 0.3314*** 0.2757*** 0.2623*** 0.2612*** 

 (0.0265) (0.0265) (0.0269) (0.0269) 

Creator_role_corporate_seller 0.4837*** 0.4102*** 0.3907*** 0.3893*** 

 (0.0366) (0.0368) (0.0372) (0.0372) 

log(Followers_num+1) 0.0417*** 0.0391*** 0.0394*** 0.0396*** 

 (0.0075) (0.0074) (0.0075) (0.0075) 

Consumer_gender 0.0063 -0.0062 0.0127 0.0104 

 (0.0235) (0.0238) (0.0240) (0.0240) 

Consumer_age -0.0097*** -0.0058*** -0.0062*** -0.0063*** 

 (0.0011) (0.0011) (0.0011) (0.0011) 

Consumer_city_level_2 0.1416*** 0.1370*** 0.1359*** 0.1357*** 

 (0.0397) (0.0398) (0.0399) (0.0399) 

Consumer_city_level_3 0.1697*** 0.1578*** 0.1545*** 0.1554*** 

 (0.0403) (0.0404) (0.0404) (0.0404) 

Consumer_city_level_4 0.1753*** 0.1710*** 0.1678*** 0.1690*** 

 (0.0485) (0.0486) (0.0487) (0.0487) 

Consumer_city_level_5 0.2253*** 0.2056*** 0.2001*** 0.2002*** 

 (0.0437) (0.0439) (0.0440) (0.0440) 

Consumer_city_level_6 0.2321*** 0.2193*** 0.2143*** 0.2149*** 

 (0.0376) (0.0377) (0.0377) (0.0377) 

log(Consumer_consumption+1) 0.1760*** 0.1740*** 0.1753*** 0.1760*** 

 (0.0075) (0.0080) (0.0080) (0.0080) 

Constant -3.2028*** -2.8524*** -3.2353*** -3.2523*** 

 (0.1939) (0.2058) (0.2249) (0.2077) 

Date Dummies Yes Yes Yes Yes 

Observations 74,794 74,794 74,794 74,794 

LR Test 4416.55*** 5140.92*** 5298.58*** 5336.42*** 

 (df=49) (df=52) (df=57) (df=64) 

Wald Test 3585.66*** 4076.30*** 4300.72*** 4253.31*** 

 (df=49) (df=52) (df=57) (df=64) 
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 Dependent variable: Click behavior (i.e., if click) 

 Model (1) Model (2) Model (3) Model (4) 

Pseudo R2 0.0666 0.0775 0.0799 0.0804 

Log Likelihood -30963.359 -30601.177 -30522.343 -30503.427 

Table 2. Estimation Results 

Note: Robust standard errors shown in parentheses. 

*** p<0.01, ** p<0.05, * p<0.1 

 

Regarding the impact of central route factors, the coefficients of content complexity and design complexity 
of the video are negative, which supports H1b. For the peripheral route factors, our results show that the 
motion and brightness of the video have positive effects, while the saturation and feature complexity of the 
video have negative effects on consumers’ click behavior. The proportion of warm hues of the video has no 
significant effect on consumers’ click behavior. Hence, H2, H3c, H4, H5, and H6 are supported. In terms of 
the matching level between consumers and videos, the statistics domonstreated its negative impact on 
consumer behavior in our context of exploratory search, providing evidence for Walter et al. (2020). In 
addition, the matching level is found to positively moderate the relationship between most peripheral route 
factors and consumers’ click behavior, but does not seem to weaken the effects of central route factors. Thus, 
H7a is supported, while H7b is rejected. We discuss the implications of these findings below.  

Discussion 

Compared to traditional visual advertising through images, the primary distinction of e-commerce 
platforms is that video advertising allows products to be displayed in a dynamic way. As such, we focus not 
only on frame-related features (such as color and feature complexity of the video), but also on dynamic 
video-related features (such as content complexity, design complexity, and motion of the video) in this study. 
Using the ELM, we have examined how these features influence the effectiveness of video advertising.  

Our results show that the central route factors of the ELM (i.e., content complexity and design complexity 
of the video) have negative effects on consumer behavior, which is consistent with Shin et al. (2020) where 
the coefficients of the central route factors that require more cognitive effort to process the message are 
mostly negative. Consumers are facing massive information overload today, and therefore they tend to have 
limited willingness to utilize their cognitive abilities in processing ads and prefer ads with simpler content 
and design that require fewer cognitive resources (Shin et al. 2020; Teixeira et al. 2012). At the same time, 
the effects of the peripheral route factors of the ELM (i.e., motion, color, and feature complexity of the video) 
are pronounced, indicating that consumers rely more on the peripheral route than the central route when 
processing video advertisements. In addition, in our context of exploratory search, the matching level 
between consumers and videos has a moderation effect on the relationship between the peripheral route 
factors and consumer behavior. The influence of peripheral route factors is amplified by a higher level of 
matching. However, the matching level does not attenuate the impact of central route factors, which may 
be due to the durability of central route factors (c.f., Meservy et al. 2014). 

Our research contributes to the relevant literature in several ways. First, this study adds to the literature on 
visual advertising. Extant research in visual advertising has primarily focused on the impact of static frame-
related features on advertising effectiveness. Our field study is among the first to investigate the impact of 
dynamic video-related features on consumer behavior. The findings provide evidence that dynamic video-
related features such as motion, content complexity and design complexity of the video do affect the 
effectiveness of video advertising. In addition, we find that unlike the results in the earlier print ad context 
(e.g., Pieters et al. 2010), the central route factors (i.e., content complexity and design complexity of the 
video) negatively affect consumer behavior in our e-commerce context of exploratory search, which is 
consistent with more recent case in social media platforms (Shin et al. 2020). This may be because 
consumers are facing massive information overload today, and therefore they have limited willingness to 
invest in cognitive effort to deal with video ads, especially when conducting some exploratory searches (Moe 
2003). Second, this study also contributes to the ELM research by empirically unveiling the complex 
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moderating effect when the recipient’s motivation and ability change in different directions. Our results 
show that in the context of exploratory search, when the matching level increases (i.e., the motivation 
becomes lower and the ability becomes higher), consumers are more dependent upon the peripheral route, 
indicating that the moderating effect of the decrease in motivation dominates the moderating effect of the 
increase in ability. 

This study also has important implications for practitioners. For video creators on e-commerce platforms, 
our findings provide guidance for them to improve the advertising effectiveness of their videos. Since the 
effects of content complexity and design complexity of the video are negative, we recommend video creators 
to introduce products with simpler video content and design that require less cognitive effort. In the 
meantime, video creators could increase the motion of the video to attract consumers’ attention, either by 
increasing the object movement or the camera movement. Moreover, low-saturated, bright color and low 
feature complexity are also helpful. For e-commerce platforms, our results can assist them in devising 
mechanisms to help video creators increase their click conversions. For example, e-commerce platforms 
could set a minimum threshold for motion when creators upload their videos. The findings can also help e-
commerce platforms improve their recommendation algorithms by providing consumers with less 
matching videos when they make exploratory searches. 

Apart from the above implications, there are also limitations of our work that we plan to address in future. 
First, our data are from the product category of home supplies. Since different product categories may have 
different characteristics, we will examine more product categories in future studies. Second, although we 
pay attention to several dynamic video-related features in this study, there may be other video-related 
features that affect consumer behavior. Third, this study only takes consumers’ click behavior as the 
outcome variable. Examining other outcome variables such as consumers’ purchase behavior can contribute 
more to the literature. We defer such research questions to the future.  

Conclusion 

Recently, video advertising has sprung up on e-commerce platforms. The key distinction between 
traditional visual advertising and video advertising is that in addition to frame-related features, dynamic 
video-related features can also influence the effectiveness of video advertising. Using the ELM as the 
theoretical framework, our research has empirically investigated the effects of different video-related 
features and frame-related features on consumer behavior, as well as how the matching level between 
consumers and videos affects the use of these features in consumer information processing. This study has 
extended the research on visual advertising and enriches the ELM literature. Given the low click-through 
rate of videos on e-commerce platforms, our research bears valuable practical implications for video 
creators and e-commerce platforms. 
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