
Ⅰ. Introduction 

With the boom of the hospitality and tourism 
industries, online reviews have become an essential, 
objective, and reliable way to evaluate intangible 
products and services before consumption (Korfiatis 

et al., 2012; Lee and Lee, 2016). Review content is 
considered to be the essence of online reviews, and 
how review content is presented could change an 
individual’s perception of the product and the useful-
ness of the review (Xu et al., 2015). In particular, 
with the rise of ‘smart tourism,’ as individuals are 
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becoming more dependent on the newest develop-
ments in information and communications technol-
ogy (ICT), using features provided by online review 
platforms and posting visual content have become 
influential trends (Gretzel et al., 2015; Lin et al., 
2012). Along with these trends, online restaurant 
review (ORR) platforms such as Yelp.com have re-
cently gained popularity as an experience exchange 
platform, allowing consumers to share information 
and knowledge in various forms, such as through 
textual (i.e., review text) and visual contents (i.e., 
images), and make their own decisions based on 
these contents as well as on reviewer information. 
These textual and visual contents and reviewer in-
formation are all presented simultaneously to readers 
online as stimuli to attract attention and gain more 
votes for review usefulness and enjoyment. 

The purpose of our research is therefore to find 
out which type(s) of presentation forms of ORRs 
matter when aiming to increase the numbers of use-
fulness and enjoyment votes among all the simulta-
neous presentation forms, including the similarity 
between textual and visual contents. Academically, 
previous studies have found that various forms of 
simultaneous presentation partially influence review 
usefulness and enjoyment in online reviews. For ex-
ample, Vu et al. (2019) investigated text contents 
related to dining preference for cuisine popularity; 
Jabr et al. (2018) examined reviewer information, 
such as gender, age, and residence of the reviewer; 
and Lin et al. (2012) focused on the images of reviews. 
However, a comprehensive examination of all the 
forms of simultaneous presentation has not yet been 
conducted, especially not with a focus on visual con-
tent in spite of the fact that image mining techniques 
have become a tool to automatically extract meaning 
and explore the implicit knowledge hidden within 
image data (Hsu et al., 2002). Moreover, although 

we did find a few attempts by previous research 
to measure content similarity (e.g., Shin et al., 2016), 
the similarity between textual-visual contents in the 
context of ORRs using both text mining and image 
mining techniques has not yet been examined. 

The adage that we eat with our eyes first describes 
vividly the value of images in ORRs. Visual content 
can therefore be considered ‘a feast for the eyes’ 
as they pique consumer interests and make a strong 
impact on consumer choices. It has been shown that 
with only textual information, individuals are in-
clined to remember only 10 percent of the content 
they see; however, if a relevant image is paired with 
a textual description, 65 percent or more of the in-
formation is processed and retained (Mawhinney, 
2019). We therefore argue that while textual content 
is a necessity in ORRs, the combination of textual 
and visual contents makes reviews more engaging. 
Additionally, readers of online review have developed 
a pattern of information processing in which they 
do not read every detail of a review; instead, they 
focus only on details that they assume are interesting 
and useful. Similarity between textual-visual contents 
can thus be considered a powerful tool for content 
evaluation, as it makes the process of determining 
the content of reviews more efficient. 

An all-inclusive examination of all the forms of 
simultaneous presentation as well as the similarity 
between textual-visual contents using both text min-
ing (i.e., topic modeling) and image mining (i.e., 
Google Vision Application Programming Interface 
(API)) techniques to extract semantic meanings from 
textual and visual contents has not been conducted 
in the context of ORRs. Therefore, the results of 
analyzing simultaneous presentation forms in ORRs 
will provide significant theoretical implications for 
topic modeling, image mining, and content similarity 
of ORRs and will provide practical implications for 
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reviewers and general users of online review platforms 
as well as managers of restaurants and online review 
platforms in the hospitality and tourism industries. 

Ⅱ. Literature Review

2.1. Online Restaurant Reviews and 
Simultaneous Presentation Forms

The content of online reviews is presented simulta-
neously to readers, and all forms of presentations 
can affect their decisions regarding whether review 
content is useful or enjoyable. We therefore believe 
that considering a single presentation form may lead 
to a biased conclusion on how online reviews are 
perceived by readers. Although previous studies have 
examined parts of presentation forms in the context 
of ORRs, the majority of them are limited to one 
or two types of forms, and a comprehensive overview 
and examination have not yet been conducted (see 
<Appendix>). 

In particular, many studies have focused on one 
of the most obvious simultaneous presentation forms, 
i.e., textual content (referred to as Type 1 in this 
study), as the fundamental function of ORRs is to 
help gather related information about restaurant ex-
periences from other customers (Jeong and Jang, 
2011). To name a few, De Pelsmacker et al. (2018) 
examined text valence, Li et al. (2018a) focused on 
text with temporal, explanatory, and sensory cues, 
and Vu et al. (2019) investigated text contents related 
to dining preference. 

On the other hand, a small number of researchers 
have focused solely on the other simultaneous pre-
sentation form, reviewer information (referred to as 
Type 2 in this study) such as the gender, age, and 
residence of the reviewer (Jabr et al., 2018), as this 

information provides ‘source effects’ in conducting 
persuasive communication (Janis and Hovland, 
1959). 

Recently, more researchers have paid attention 
to identifying both textual content and reviewer in-
formation (referred to as Type 3 in this study), as 
the combination of these two contents is believed 
to be the key form of simultaneous presentation. 
For instance, Filieri et al. (2018) found that two-sided 
review contents and reviewer expertise are considered 
helpful in service evaluation; Hwang et al. (2018) 
investigated the impact of dialecticism (contradictory 
information) and reviewer expertise on decision dis-
comfort; and Zhang and Lin (2018) used review con-
tent, reviewer engagement, and reviewer reputation 
to predict review helpfulness in multilingual textual 
contents. 

These studies found that both textual content and 
reviewer information are two forms of simultaneous 
presentation that are significantly related to how 
ORRs are processed and evaluated. However, the 
fact that many restaurant experiences are shared not 
only through related text descriptions but also 
through images of the food, drinks, or the restaurant 
environment cannot be neglected (Yang et al., 2017b). 
Therefore, this study focuses not only on textual 
content and reviewer information but also on visual 
content, which has been studied relatively less in 
the context of ORRs. 

2.2. Online Restaurant Reviews and Image 
Mining 

Visual content (e.g., photos and images) can be 
defined as the pictorial presentation of certain prod-
ucts or services (Kim and Lennon, 2008). Visual 
content is presented simultaneously to the readers 
in the form of pictures associated with review texts 
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in ORRs. More recently, image mining techniques 
have recently been employed in the study of ORRs, 
and several studies have investigated the effects of 
visual content. We believe that visual content is as 
persuasive as textual content, as pictures can be used 
to support review trustworthiness and reveal real 
restaurant experiences that are gathered from knowl-
edge and/or observation from the dining experiences 
(Filieri, 2016; Jeong and Jang, 2011). For example, 
Lin et al. (2012) initiated by focusing on only visual 
content (referred to as Type 4 in this study), arguing 
that the presence of images itself improves ratings 
of message quality, credibility, consumer interest, 
and purchase intention. 

In response to the trend of more visual information 
being uploaded on ORRs to share experiences and 
emotions (Lin and Huang, 2006), several researchers 
have tried to combine both textual and visual content 
(referred to as Type 5 in this study). To name a 
few, Karimi and Wang (2017) examined the impact 
of both review depth, rating valence, and equivocality 
together with reviewer profile image on review help-
fulness; Nazlan et al. (2018) found that text and star 
ratings produce higher visit intentions as a whole 
and that consumers are prone to choose a menu 
item with images if ratings are presented in numerical 
instead of star rating format. Yang et al. (2017a) 
combined review length and review readability with 
images of the physical environment, food, and bev-
erages, confirming that the imagery format has a 
positive relationship with review enjoyment.

Moreover, one step further has been taken to ex-
plore the similarity between textual and visual con-
tents by considering the meaning of the visual 
content. Shin et al. (2016) studied text/tags, images, 
and the similarity between textual and visual contents 
on Tumblr. Therefore, we categorize this kind of 
hybrid study that includes Type 5 (i.e., Type 1 and 

Type 4) and Type 1 * Type 4 (i.e., similarity between 
textual-visual contents) as Type 6 in our study. 

Facilitated by image mining techniques, these stud-
ies have expanded from the study of Type 1 (i.e., 
textual content only), Type 2 (i.e., reviewer information 
only), and Type 3 (i.e., Type 1 + Type 2), to the study 
of visual content, which are referred to as Type 4 
(i.e., visual content only), Type 5 (i.e., Type 1 + Type 
4), and Type 6 (i.e., Type 5 + Type 1 * Type 4) (see 
Appendix). As a comprehensive study of all the types 
above have not been done, we intend to explore 
not only textual content and reviewer information, 
but also visual content using an image mining techni-
que in order to further expand our examination by 
including the meaning of pictures and the degree 
of similarity between the visual content and the tex-
tual content. It is especially worth studying in the 
context of ORRs, where readers rely on both the 
textual and visual contents, along with reviewer in-
formation for their restaurant evaluation. 

2.3. Topic Modeling and LDA 

Topic modeling is a salient tool to investigate user 
opinions as well as identify and follow topical trends 
(Nikolenko et al., 2017). It has been used in various 
fields of study including online reviews, product sales 
performance analyses (Li et al., 2019), sentiment clas-
sifications (Hu et al., 2019), recommendation systems 
construction (Cho et al., 2015), movie revenue pre-
diction (Cho et al., 2014), and customer complaint 
analyses for online tourist reviews (Ren and Hong, 
2017). As for the context of ORRs in particular, Park 
et al. (2018) used topic modeling to discover the 
pattern of word appearances among various topics, 
and Gan et al. (2017) used it to study sentiments 
about food and service.

Latent Dirichlet Allocation (LDA) modeling, one 
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of the most common and popular methods of topic 
modeling, follows a probabilistic procedure that links 
parameters in documents by a hierarchical generative 
model (Bagheri et al., 2014). Chen et al. (2015) em-
ployed LDA modeling to visualize sentiments in on-
line hotel reviews, Guo et al. (2017) used it to extract 
meaning from online reviews, and Xiang et al. (2017) 
used it to extract topics from three platforms of online 
hotel reviews. Although such studies highlighted the 
vital role of topic modeling, especially LDA modeling, 
we found that the majority of them used LDA in 
topic modeling for textual analysis but did not use 
it to extract keywords and compare them with the 
visual content. Additionally, most of the extant re-
search has focused on online tourist reviews, espe-
cially online hotel reviews, while online restaurant 
reviews have received relatively little attention, which 
underscores the importance of this study.

2.4. Review Usefulness and Review Enjoyment 

Perceived usefulness is considered to be a kind 
of extrinsic motivation, while enjoyment is consid-
ered to be a kind of intrinsic motivation, and both 
usefulness and enjoyment are used in the process 
of review information (Davis et al., 1992; Park and 
Nicolau, 2015). Usefulness can be defined as the in-
strumental value of information that can directly 
influence behavioral intention (Davis et al., 1992), 
while enjoyment can be defined as the intrinsic moti-
vation that can affect post-behavioral intentions (Yoo 
and Gretzel, 2008). Extant research has consistently 
examined review usefulness and enjoyment since 
Davis et al. (1992) found out that both usefulness 
and enjoyment are influential factors for behavioral 
intention. To name a few, Venkatesh (2000) proved 
that enjoyment can have an effect on usefulness 
through ease of use, and Wang et al. (2012) examined 

the antecedents of enjoyment when using blogging 
websites. 

In the context of ORRs, Liu and Park (2015) found 
that review enjoyment serves as a determinant of 
review usefulness, and Yang et al. (2017a) investigated 
the effect of both textual and imagery cues on review 
usefulness and review enjoyment. However, to the 
best of our knowledge, the question of how all the 
types of simultaneous presentation (i.e., reviewer in-
formation, textual content, visual content, and sim-
ilarity between textual-visual contents) influence re-
view usefulness and enjoyment has not yet been 
examined. Additionally, how similarity between tex-
tual-visual contents influences review usefulness and 
enjoyment is an open empirical question for the spe-
cific context of ORRs. We therefore do not propose 
formal hypotheses for testing; instead, we allow the 
propositions resulting from this exploratory study 
to provide some guidance for future empirical studies 
on the impact of textual and visual content and the 
similarity between them on ORRs (Lee et al., 2017). 

Ⅲ. Research Methodology 

3.1. Data Source and Data Sampling

Our data were collected from the list of Yelp’s 
‘Top 100 Places to Eat for 2018 in the U.S.’. Yelp.com 
was chosen as the data source as it is a dominant 
source of ORRs (Luca, 2016). Yelp provides more 
than 171 million cumulative reviews in almost every 
type of business, such as restaurants, dentists, and 
beauty salons as of Quarter 3, 2018, among which 
30 million reviews are ORRs, providing a sufficient 
and representative data pool (Singh and Woo, 2019; 
Yelp, 2018). Moreover, Yelp has a spam filtering 
system that is capable of blocking advertisements 
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and unrelated content, resulting in a relatively reliable 
target population (Li et al., 2018b). In addition, a 
larger number of user-generated images and photos 
are also found on Yelp compared to other popular 
review websites, which provides a large amount of 
visual content for the process of image mining (Reiley, 
2015). 

Yelp’s ‘Top 100 Places to Eat in the U.S.’ list is 
published every year by selecting the most popular 
and highly-rated restaurants across the U.S., and both 
quality and popularity are taken into consideration 
(Leary, 2018). Data were collected from the top-rank-
ing restaurant from the list for the following two 
reasons. First, the top-ranking restaurant can be re-
garded as a representation of restaurants with high 
levels of popularity, credibility, and quality (Huang 
et al., 2015). Second, the top-ranking restaurant 
is likely to generate more reviews, as it can be 
considered one of the most popular search items 
on Yelp (Chevalier and Mayzlin, 2006). Therefore, 

the top-ranking restaurant obviously signals a large 
quantity of reviews, which guarantees a representative 
and appropriate sample with reliability and validity 
(Yang et al., 2017a). Ultimately, we selected a total 
of 2,121 ORRs from the top-ranking restaurant on 
Yelp’s ‘Top 100 Places to Eat for 2018 in the U.S.’ 
list on January, 2019, among which 185 have images 
in the review content. 

3.2. Measurement and Operationalization 
of Variables

A sample ORR posted on Yelp, which includes 
reviewer information, textual content, visual content, 
similarity between textual-visual contents, review 
usefulness, review enjoyment, and control variables, 
is shown in <Figure 1>. The operational definitions 
and measurement methods of the variables are shown 
in <Table 1>, and two examples of the measurement 
of similarity between textual-visual contents are 

<Figure 1> The Illustration of Variables in an ORR
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shown in detail in <Table 2>. 
Two dependent variables (i.e., review usefulness 

and enjoyment) were measured by the number of 
votes on ‘useful’ and ‘funny and cool’ (Ghose and 
Ipeirotis, 2011; Liu and Park, 2015). For reviewer 

information, reviewer expertise was measured by the 
total number of reviews, photos, and Elite awards 
a reviewer has. Reviewer location of residence, for 
which 0 is local and 1 is non-local, was measured 
using Liu and Park (2015)’s two levels of distance 

<Table 1> Operational Definitions and Measurements of Variables

Variable Operational Definition Measurement Reference(s)

Reviewer 
Information

Reviewer 
Reputation

The extent of how socially identified 
and validated a reviewer is on Yelp.com

The number of friends a reviewer 
has

Cialdini (2001); Racherla 
and Friske (2012)

Reviewer 
Expertise

The extent of competence and 
knowledge that a
reviewer holds regarding restaurants 

The total number of reviews, 
photos, and Elite awards a 
reviewer has

Forman et al. (2008);
Racherla and Friske 
(2012); Weiss et al. 

(2008)
Reviewer 

Location of 
Residence

The extent of how close a reviewer lives 
to the city where the restaurant is 
located 

0: local
1: non-local Liu and Park (2015)

Textual 
Content

Review 
Length The degree of how long a review is The number of total words in a 

review Korfiatis et al. (2012)

Review 
Readability

The extent of how well a review is 
understood by readers

The Dale-Chall readability score 
calculated in a review Korfiatis et al. (2012)

Visual 
Content

Salient 
Objects in 

Images

The extent of how many objects are 
noticeable enough to pop up from the 
surroundings in the pictures

The average number of salient 
objects from all the images in a 
review 

Shin et al. (2016)

Number of 
Images

The extent of how many pictures are 
included in each review 

The total number of pictures in 
a review Cheng and Ho (2015)

Similarity Between 
Textual-visual Contents

The extent of how consistent and 
similar the textual and visual content is 
to each other 

Cosine similarity score between 
Google Vision API predicted 
image labels and topic words 
extracted from the review texts 
using LDA

Shin et al. (2016)

Dependent 
Variables 

Review 
Usefulness

The degree of how beneficial a review 
is perceived to be 

The number of total useful votes 
in a review

Ghose and Ipeirotis 
(2011)

Review 
Enjoyment

The degree of how appealing a review 
is perceived to be 

The summated numeric total of 
both funny and cool votes for a 
review

Liu and Park (2015)

Control 
Variables

Review Star 
Rating

The degree to which a review is 
evaluated numerically by a reviewer

The star rating (1-5) given by a 
reviewer for a review 

Mudambi and Schuff 
(2010)

Review Date The degree of the day of the month and 
year when a review is written The date associated with a review Gu and Ye (2014)

Number of 
Check-ins

The degree of how often a reviewer has 
visited the restaurant that he/she 
reviews 

The number of check-ins 
provided by a reviewer for a 
review 

Banerjee et al. (2017)
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between the reviewer and the destination. 
For textual content, review length was measured 

by the number of total words in each review, and 
review readability was measured by Dale-Chall’s read-
ability score calculated in each review (Korfiatis et 
al., 2012). As for visual content, salient objects in 
images were measured by the average number of 
salient objects from the images in each review, and 
the number of images was measured by the total 
number of pictures in each review (Cheng and Ho, 
2015; Shin et al., 2016). Additionally, similarity be-
tween textual-visual contents was measured by the 
cosine similarity score between image labels predicted 
by Google Vision API and the topic words extracted 
from the review texts using LDA (Latent Dirichlet 
Allocation) topic modeling method (Shin et al., 2016). 
We also use review star rating, review date, and num-
ber of check-ins as our control variables. 

3.3. LDA Topic Modeling

To measure the similarity between textual-visual 
contents, we adopted three steps: (1) use unsupervised 

learning (LDA topic modeling) to collect keywords 
from review texts, (2) collect predicted labels in the 
images using machine learning (ML) models pro-
vided by Google Vision API, and (3) calculate the 
cosine similarity score between the extracted key-
words and the predicted image labels. 

In the first step, we employed the Latent Dirichlet 
Allocation (LDA) topic modeling approach proposed 
by Blei et al. (2003). LDA model topic modeling 
is a generative probabilistic model used to collect 
discrete text data and discover topics through posteri-
or inference (Blei et al., 2003). <Figure 2> shows 
the graphical model representation of LDA, which 
is a three-level (document-topic-word) hierarchical 
Bayesian model that belongs to unsupervised learning 
(Louvigné et al., 2018). This approach has been widely 
applied to extract latent topics from large amounts 
of documents (e.g., Singh et al., 2014; Tirunillai and 
Tellis, 2014), and in our research, LDA provides 
the best estimation of similarity in the text topics 
and is therefore used for the purpose of topic di-
vergence maximization (Louvigné et al., 2018). By 
using the LDA topic modeling approach, keyword 

Where α and β: the parameters of the Dirichlet prior distributions, K: the number of topics, D: the number of documents, N:
the vocabulary size in the documents, Wdn: the nth word in the dth document, Zdn: the topic allocation for Wdn, the topic distribution,
 θd = [θd1,…, θdK]: a multinomial distribution over the K topics for the dth document, the word distribution ϕk = [ϕk1,…, ϕkN]:
a multinomial distribution over N vocabulary words for the kth topic (Louvigné et al., 2018)

<Figure 2> A Graphical Model Representation of LDA (Blei et al., 2003)
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sets from review texts are automatically constructed 
as output for analysis (Shin et al., 2016). 

The principle of LDA modeling is to allocate words 
from separate and multiple reviews into a single new 
document by assigning a probability to words, and 
a new topic consisting of highly related co-occurring 
topic words is generated as a result (Mou et al., 
2019). The process of generating a new document 
is described below:

(1) For each review, choose the topic distribution 
 ∼ Dirichlet ( )

(2) For each word WNd in the review r
   (a) Choose a topic ZNr ∼ Multinomial ( )
   (b) Choose a word WNr from p (WNr|ZNr, β) 

(i.e., Φr,N)

LDA modeling has a document collection layer, 
document layer, and word layer (Fu et al., 2013). 
Two Dirichlet priors α and β are used to determine 
the document-topic distribution   and the top-
ic-word distribution  under the assumption that 
both   and  follow multinomial distribution (Mou 
et al., 2019). In order to estimate parameters for 
  and , the most commonly used approaches for 
approximate inference are Gibbs Sampling and 
Variational Inference (Blei et al., 2003; Griffiths and 
Steyvers, 2004). After determining the model parame-
ters, the posterior probability of a given document 
d regarding the latent topic   can be defined as 
the followings (see Equations (1) and (2)) (Fu et 
al., 2013): 

(1)
where 

(2)

P (w|α, β) in Eq. (1) represents the probability 
of the extracted word, and the probability indicates 
the relative importance of each word in a single 
topic. The higher the probability is, the more relevant 
the word is to the topic (Mou et al., 2019). 

3.4. Similarity Between Textual-Visual Contents 

For the second step in measuring the similarity 
between textual-visual contents, we collected pre-
dicted labels in images using ML models provided 
by Google Vision API, which has been recently used 
for image detection and classification (e.g., Hyam, 
2017; Vossen et al., 2018). Google Vision API is 
an image classification service that was launched by 
Google in 2016, and AutoML Vision Beta in Google 
Vision API is an image classification algorithm that 
has been developed by large training sets (Cloud 
Vision API, 2019; Hyam, 2017). It classifies pictures 
into thousands of categories, detects objects in pic-
tures, and generates lists of labels, such as ‘sandwich,’ 
‘burger,’ and ‘appetizer’ (Cloud Vision API, 2019). 
Despite the fact that the size of the total label pool 
is not published, it is estimated to be dynamic, and 
we encountered thousands of labels in Google Vision 
API in the course of this study (Hyam, 2017).

In the last step, we measured the similarity between 
the two contents. Measuring the similarity between 
the two different kinds of contents was not a simple 
task, as a consistent representation needed to be em-
ployed in the process, but was made possible by 
ML technique for both textual and visual contents 
in the first and second steps (Shin et al., 2016). 
Specifically, we calculated the cosine similarity score 
between textual content (i.e., extracted keywords) 
and visual content (i.e., predicted image labels). We 
measured the similarity of post i as the cosine sim-
ilarity between ci and ci

avg (see Equation (3)). 



Exploring Simultaneous Presentation in Online Restaurant Reviews: An Analysis of Textual and Visual Content 

190  Asia Pacific Journal of Information Systems Vol. 29 No. 2

Similarity between textual-visual content

= (3)

As a detailed demonstration, we compare two ex-
ample pictures from our sample data in <Table 2>. 
The first example (left) has a higher similarity score 
as there are several overlapping words between the 
Google Vision API predicted image labels and the 
keywords extracted from the review texts, such as 
‘glass’ and ‘wine,’ while the second example (right) 
has a lower similarity score for the Google Vision 
API predicted image labels and does not contain 
the words from the texts (Shin et al., 2016).

Ⅳ. Data Analysis and Results 

4.1. Data Analysis Procedure 

The data were collected using a web crawling tech-

nique of Python, and the collected data were analyzed 
using negative binomial regression analysis. The rea-
sons for using negative binominal regression analysis 
were twofold. First, a large quantity of reviews re-
ceived 0 usefulness and/or enjoyment votes, and the 
distribution therefore did not follow normal dis-
tribution, making linear regression unfit for this 
study. Second, a count data model was used, as both 
usefulness and enjoyment are count variables and 
as the Poisson regression model is a reliable count 
data model, it was assumed that both review useful-
ness and enjoyment would follow a Poisson dis-
tribution (Fang et al., 2016). Poisson regression, how-
ever, requires that the mean be equal to the variance 
(Fang et al., 2016), while the mean of our dependent 
variables was smaller than the variance (Meanusefulness 

= 0.77, Varianceusefulness = 1.970; Meanenjoyment = 2.85, 
Varianceenjoyment = 102.086). The extended model of 
Poisson regression, i.e., negative binomial regression, 
was therefore applied in this study (see Equation (4)). 

<Table 2> Examples of Similarity between Textual-visual Contents

Image 

Google Vision API predicted image 
labels 

drink, wine glass, stemware, alcoholic beverage, 
tableware, red wine, cocktail, bar, glass 

crowd, communication, event, conversation, 
fun

Keywords extracted from the 
review texts using LDA

mussels, wine, staff, place, energy, décor, red, 
glass, bartenders service, food, line, trip

Similarity score 0.512 0.032
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(4)

Where xi represents a vector of independent variables, 
and β represents a vector of parameters to be estimated. 

4.2. Results 

A correlation analysis and multi-collinearity test 
were taken before the empirical test, and the results 
are shown in <Table 3>. The results of the correlation 
analysis are acceptable as all the correlations are lower 
than 0.90 (Tabachnick and Fidell, 2007). The variance 
inflation factor (VIF) values were calculated to check 
multi-collinearity, and based on the threshold sug-
gested by Schroeder et al. (1990), the multi-colli-
nearity problem did not exist in this study as the 
VIF values were all smaller than 5. 

Model 1 shows the relationship between the con-
trolled variables and the two dependent variables 
(i.e., review usefulness and review enjoyment). The 
controlled variables include review star rating, review 
date, and number of check-ins. The results indicate 
that without main independent variables, only the 
review date is significantly related to usefulness (see 
<Table 4>). Model 2 includes all the variables, and 
it can be seen that review date, review readability, 
salient objects in images, and similarity between tex-
tual-visual contents have a positive relationship with 
review usefulness. In addition, review enjoyment, 
reviewer reputation, reviewer expertise, reviewer lo-
cation of residence, review readability, and salient 
objects in images have a positive relationship with 
review enjoyment. It can be seen that review read-
ability and salient objects in images have a significant 
positive relationship to both dependent variables and 

<Table 3> Correlations, Multi-collinearities, and Descriptive statistics (n = 185)

1 2 3 4 5 6 7 8 9 10 11 12 13 VIF
RSR 1 1.275
RD -.189* 1 1.204
NC .047 -.287** 1 1.346
RRP -.101 .050 -.054 1 1.751
REP .119 -.016 -.039 .352** 1 1.006
RLR .183* .058 -.077 .083 .160 1 1.585
RL -.213** .115 .018 .293** .131 .084 1 1.440

RRD .033 .084 -.25** .136 .178 -.070 .118 1 1.335
SBI .035 .083 .086 .063 .158 .072 .072 -.070 1 1.714
NI -.066 .208** .065 .156* .385** -.012 .278** .046 .581** 1 1.914
SB .111 -.102 .064 .085 .010 .000 -.032 -.168* -.104 .033 1 1.393
RU -.101 .341** -.090 -.028 -.076 .041 .038 .064 -.098 -.067 -.083 1 1.092
REJ -.118 .056 -.020 .800** .356** .042 .361** .201** .151* .193** .006 -.039 1 1.887

Mean 4.85 42658 2.04 233.57 1567.3 0.96 121.95 6.74 2.18 1.83 0.089 0.77 2.85 -
SD 0.551 486.54 3.345 493.16 2461.6 0.204 103.34 1.10 2.27 0.880 0.070 1.404 10.104 -

Note: *p < 0.05; **p < 0.01; RSR = Review Star Rating; Review Date = RD; NC = Number of Check-ins; RRP = Reviewer Reputation;
REP = Reviewer Expertise; RLR = Reviewer Location of Residence; RL = Review Length; RRD = Review Readability; SBI = Salient Objects
in Images; NI = Number of Images; SB = Similarity between Textual-visual Contents; RU = Review Usefulness; REJ = Review Enjoyment
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that similarity between textual-visual contents was 
positively related to only review usefulness, not review 
enjoyment. 

Ⅴ. Discussion and Propositions 

For textual content, readers of ORRs primarily 
preferred to use review readability to assess review 
usefulness, which is consistent with the findings of 
much research on online reviews. In particular, 
Korfiatis et al. (2012) found that review readability 
has a significant impact on review usefulness, Hu 
et al. (2012) validated the role of review readability 
by experimental manipulation, and Liu and Park 
(2015) confirmed it in the context of ORRs. 

On the other hand, our results indicated that review 

length is not used much to estimate review usefulness. 
This finding is consistent with those of many other 
studies. For example, Korfiatis et al. (2012) verified 
that review length has less of an effect on review 
usefulness than review readability, Yang et al. (2017a) 
also found that review length holds little importance 
in comparison with other textual cues, and Xiang 
et al. (2017) suggested that review length is a weak 
indicator of review usefulness on Expedia. We thus 
assume that some readers may shift their attention 
to other textual content cues, such as review read-
ability, when evaluating online reviews in terms of 
review usefulness and enjoyment. Thus, based on 
these results, the following proposition can be as-
sumed:

Proposition 1: Among textual contents, review readability 

<Table 4> Results of Negative Binomial Regression

Model 1 Model 2
Path Coefficient (Standard Error) Path Coefficient (Standard Error)
Usefulness Enjoyment Usefulness Enjoyment

RSR 0.530 (0.1166) 0.000 (0.0468) 0.278 (0.1533) 0.239 (0.1778)
RD 0.000*** (0.0002) 0.004 (0.001) 0.005** (0.0003) 0.025 (0.0002)
NC 0.557 (0.0563) 0.561 (0.0173) 0.228 (0.1366) 0.377 (.0582)
RRP 0.204 (0.0003) 0.000*** (8.0671E-5)
REP 0.317 (6.5313E-5) 0.000*** (2.2403E-5)
RLR 0.731 (0.0011) 0.000*** (0.0005)
RRD 0.016* (0.1738) 0.001*** (0.1145)
SBI 0.008** (0.0926) 0.000*** (0.0227)
NI 0.425 (0.1981) 0.752 (0.1107)
SB 0.086† (2.0370) 0.894 (1.2600)

Alpha 0.000 (10.0139) 0.032 (4.3610) 0.004 (14.2766) 0.004* (7.2385)
Log Likelihood -235.914044 -1093.017 -108.909 -213.643

Likelihood-ration test of 
alpha = 0 62.817 (p < 0.001) 69.525 (p < 0.001) 36.124 (p < 0.001) 404.219 (p < 0.001)

Number of Obs. 185 185 185 185

Note: † p < 0.10, * p < 0.05, ** p < 0.01, *** p < 0.001
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would play an important role in both review 
usefulness and review enjoyment. 

Among reviewer information, we found noticeable 
differences between the factors influencing review 
usefulness and review enjoyment. Specifically, re-
viewer reputation, reviewer expertise, and reviewer 
location of residence are not significantly related to 
review usefulness, while all of them have a significant 
positive relationship with review enjoyment. A possi-
ble explanation might be that reviewer information 
disclosure is considered a heuristic cue for message 
evaluation (Forman et al., 2008), which connects it 
more closely to review enjoyment, where pleasure 
and inherent satisfaction are the priority (Park and 
Nicolau, 2015). On the other hand, for review useful-
ness, where the utilitarian factor is the main focus, 
systematic cues, such as review content, are taken 
into more consideration. Therefore, the following 
proposition can be assumed:

Proposition 2: Reviewer information would have more of 
an importance in review enjoyment than 
review usefulness. 

Among visual contents, salient objects in images 
are significantly related to both review usefulness 
and review enjoyment. We therefore conclude that 
salient objects in images would have an important 
role in both review usefulness and review enjoyment. 
The reason could be that as salient objects in images 
encourage eye-fixation on images (Jiang et al., 2013), 
multiple salient objects can therefore increase the 
amount of information processed in images while 
also focusing more attention on the review content 
(Liu and Han, 2016). 

However, our results did not show a significant 
relationship between the number of images and re-

view usefulness and review enjoyment. A possible 
explanation might be that due to information over-
load, readers might not click all the pictures listed 
in each review; they may click on only the ones 
that they find useful and/or enjoyable, resulting in 
whether a review contains one or several images 
becoming less relevant. Thus, based on these results, 
the following proposition can be assumed:

Proposition 3: Among visual contents, salient objects in 
images would have an impact on both 
review usefulness and review enjoyment. 

Similarity between textual-visual contents is only 
significantly related to review usefulness, not to re-
view enjoyment. We thus argue that similarity be-
tween textual-visual contents would have a more 
important role in review usefulness than review 
enjoyment. A possible explanation might be that as 
review enjoyment is related more to hedonic aspects, 
such as pleasure and inherent satisfaction (Park and 
Nicolau, 2015), when readers vote for review enjoy-
ment, they focus more on how cool, interesting, and 
funny the review is; whether the review is consistent 
and similar between textual and visual contents is 
not a major consideration. On the contrary, as review 
usefulness is related more to the instrumental value 
of the review (Ryan and Deci, 2000), whether the 
review content has a high similarity between tex-
tual-visual contents matters more as they may want 
to use the provided information for guidance when 
they actually go to the particular restaurant men-
tioned in the review. Based on this result, the follow-
ing proposition can be assumed: 

Proposition 4: Similarity between textual-visual contents 
would have more of an importance in 
review usefulness than review enjoyment.
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Ⅵ. Conclusion and Implications 

Theoretically, this study provides implications on 
topic modeling, image mining, and content similarity 
of ORRs. To start, topic modeling method has been 
used to investigate user opinions and to analyze cus-
tomer complaints, sentiments, and product sales per-
formance based on online reviews. As for the context 
of ORRs, topic modeling has mostly been used for 
sentiment and textual analysis, and this is especially 
the case for LDA modeling, but we furthered the 
study by using it for the calculation of similarity 
between textual-visual contents. Despite the fact that 
topic modeling has been used to extract key words 
and further compare them to image tags in social 
media, it has not been employed in the context of 
ORRs, for which topical trends are vital for restaurant 
owners and online restaurant review platform 
managers. 

Second, this study contributes to the literature 
on image mining in ORRs. The reason is that the 
image labels used in previous research are primarily 
generated by users themselves through the form of 
tags on various social media platforms. Consequently, 
the image mining technique for image label extraction 
from the semantic content of images has rarely been 
employed, especially in the context of ORRs. This 
study extracted image labels from the content of 
images by employing image mining technique of 
Google Vision API, a more advanced ML model 
than self-developed models, which dramatically in-
creased the validity of our findings. 

Third, the way in which we compared the similarity 
between textual-visual contents in ORRs was 
innovative. Even though the concept of content sim-
ilarity has been examined by extant studies, these 
were done in the other contexts, such as social media, 
leaving the context of ORRs uninvestigated. 

Moreover, this study is the first to use both text 
mining (i.e., LDA topic modeling) and image mining 
(i.e., Google Vision API) methods to extract keywords 
from textual and visual contents, allowing for a more 
rigorous data collection methodology. 

This study also provides several practical 
implications. First, reviewers can increase the num-
bers of review usefulness and enjoyment votes with 
the help of our findings. Based on our findings, review 
readability in textual content and salient objects in 
images in visual content are significant elements for 
both review usefulness and review enjoyment. If re-
viewers want to increase the numbers of usefulness 
and enjoyment votes for their reviews, they need 
to write their reviews in a way that is easy to under-
stand and try to include multiple salient objects in 
their pictures. Moreover, our findings also imply that 
for more usefulness votes, reviewers should consider 
ways to increase the similarity between their tex-
tual-visual contents so that people find the content 
more consistent and relevant. As for increasing the 
number of enjoyment votes, more reviewer in-
formation can be disclosed, such as their location 
of residence, in order to associate more expertise 
with one’s reputation and gain trust. 

Second, general users of online review platforms 
can search review information more efficiently by 
referring to the similarity between textual-visual con-
tents investigated in this study. Particularly in the 
era of information overload, readers may not look 
through all the text and pictures in every review; 
instead, they may use the similarity between tex-
tual-visual contents as a tool to decide whether or 
not the review is useful. That is, when online review 
readers browse one particular review among hun-
dreds of thousands, they may tend to first scan the 
textual content and then check the images that pique 
their interests, and if both the contents are interesting 
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and consistent with each other, they would consider 
the review worth reading and further decide whether 
the review is useful or enjoyable. A result of this 
pattern of information processing highlights the im-
portance of the similarity between textual-visual con-
tents, and this is especially the case for ORRs, where 
the adage that we eat first with our eyes prevails. 
Thus, the similarity between textual-visual contents 
highlighted in this study will help general users of 
online review platforms find useful content more 
effectively. 

Third, managers of restaurants could benefit from 
our findings by starting to pay more attention to 
providing an environment that encourages consum-
ers to post high quality pictures of food, as images 
can give readers a more concrete picture of the food 
offered and allow for the focal information to be 
evaluated more effectively (Yang et al., 2017a). Images 
can also help curb consumers’ uncertainties about 
certain types of cuisine with which they are not famil-
iar as well as the need to guess about the restaurant 
atmosphere or environment. The reviews will attract 
more long-term interest, and readers will be able 
to experience the feelings of being in the restaurant 
without ever having to leave their home. 

Lastly, our findings have important implications 
for managers of online review platforms, such as 
Yelp.com. If managers provide incentives to encour-
age users to develop image-posting behaviors 
(especially images with multiple salient objects) and 
increase the consistency and similarity between their 
texts and images, their platforms would benefit and 
gain higher web traffic. For instance, ‘Yelpers,’ who 
join Yelp activities and leave reviews, can be encour-
aged to post more images and increase the similarity 
between their textual-visual contents, awards of ‘the 
most popular posting’ can be given using community 
coins, and votes for ‘the most impressively consistent 

contents’ can also be initiated to increase the enthusi-
astic participation on online review platforms.

Four limitations were identified in this study but 
leave room for future research. First, our data were 
collected from ORRs on Yelp.com, but whether our 
findings can be generalized to other online review 
platforms, such as TripAdvisor, is not confirmed. 
Thus, further empirical studies should gather data 
from various online review websites and aim to pro-
vide more diverse implications. Second, only the 
top-ranking restaurant from Yelp’s ‘Top 100 Places 
to Eat in the U.S.’ was used for empirical analysis, 
and even though the internal validity of this study 
was secured, future studies should use a larger number 
of restaurants to increase the generalizability of our 
findings. Third, we employed the concept of cosine 
similarity to measure the similarity between tex-
tual-visual contents, but different measurements of 
similarity scores should be used in future studies 
for further validation. Fourth, salient objects in im-
ages were manually coded to measure visual content, 
but more up-to-date ML methods should be used 
in future studies. 
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<Appendix> Summary of Literature on Online Restaurant Reviews Regarding 6 Types of Simultaneous 
Presentation

Type Independent 
variables

Dependent 
variables Method Sample 

source Findings Reference

Type 1: 
textual 

contents only

Text valence, 
star rating, and 
rated usefulness

Review 
impression, 

positive 
word-of-mouth 

intention

A 2 × 2 full 
factorial 

between-subjects 
experimental 

design

The panel of a 
professional 

market 
research 
agency

More involved and more susceptible 
individuals have stronger evaluative 
responses to the effect of review text 

valence. 

De 
Pelsmacker 

et al. (2018)

Text with 
temporal, 

explanatory, and 
sensory cues 

Review 
usefulness and 

review 
enjoyment 

Text mining 
approach and 
econometric 

analysis

Yelp.com

Text with temporal cues affect review 
usefulness, explanatory cues have an 
effect on both review usefulness and 

review enjoyment.
Sensory cues are shown to have a 

stronger impact on review enjoyment. 

Li et al. 
(2018)

Text contents 
related to dining 

preference

Cuisine 
popularity Text processing TripAdvisor

Tourist dining preferences in cuisine, 
meal, and restaurant features are 

analyzed. 

Vu et al. 
(2019)

Type 2: 
reviewer 

information 
only

Reviewer 
information

Review 
usefulness 

Binomial 
regression

Yelp and 
TripAdvisor

Reviewer information is a vital 
predictor of usefulness, it becomes less 
significant when reviewers get more 

status on the platform.

Jabr et al. 
(2018) 

Type 3: 
Type 1 + 

Type 2 

Text included 
two-side 

information + 
Reviewer expert 

Purchase 
intentions Questionnaire

Online + 
travelers at 
HK airport 

Two-sided reviews and reviewer 
expertise are considered helpful when 
evaluating service performance and 

quality. 

Filieri et al. 
(2018)

 Dialecticism 
(contradictory 

information) + 
Reviewer 
expertise 

Decision 
discomfort 

A 3 × 2 × 2 
experimental 

design

229 U.S. 
consumers 

and recruited 
through 
MTurk 

When review contents are written by 
non-experts, highly dialectical 

thinkers show similar levels of attitude 
certainty among univalent and mixed 

conditions of reviews.

Hwang et al. 
(2018) 

Review content 
+ Reviewer 

engagement and 
reviewer 

reputation

Review 
helpfulness 

Multilingual 
review 

helpfulness 
prediction model

Multilingual 
textual 

contents

Better performance on review 
helpfulness classification and 

prediction is achieved by including 
the variables generated by the 

proposed instantiated multilingual 
system.

Zhang and 
Lin (2018)

Type 4: 
visual 

contents only
Images

Ratings of the 
message 

quality, blog’s 
credibility, 
consumers' 

interest, and 
purchase 
intention 

A 2 × 2 
between-subjects 

design and a 
2 × 4  

between-subjects 
design

155 subjects 
in a 

laboratory 
setting 

Blogs that have visual information are 
significantly higher in the four aspects 
(i.e., ratings of the message quality, 
blog credibility, consumer interest, 

and purchase intention) than identical 
content without visual information. 

Lin et al. 
(2012)
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<Appendix> Summary of Literature on Online Restaurant Reviews Regarding 6 Types of Simultaneous 
Presentation (Cont.)

Type Independent 
variables

Dependent 
variables Method Sample 

source Findings Reference

Type 5: 
Type 1 + 

Type 4 

Depth, rating 
valence, and 

equivocality + 
Reviewer profile 

image 

Review 
helpfulness

Heteroscedasticit
y-consistent 
regression

Online 
reviews of 

mobile 
gaming 

applications

Reviewer profile image significantly 
increases review helpfulness, but no 

differential effect is found among 
image types. 

Karimi and 
Wang (2017)

Text and rating 
format + Visual 

cues

Dining 
intentions and 

menu item 
choice

Experiments 

210 
respondents 

from an 
online market 

research 
company

Consumers are prone to choose a 
menu item with images if ratings are 
in numerical rather than star rating 

format.

Nazlan et al. 
(2018)

Review length 
and review 

readability + 
Physical 

environment 
images and food 

and beverage 
images 

Review 
usefulness and 

review 
enjoyment

Tobit regression 
model Yelp.com

Attributes of textual format influence 
review

usefulness, and attributes of imagery 
format have a positive relationship 

with review enjoyment.

Yang et al. 
(2017a)

Type 6: 
Type 5 + 
Type 1 * 
Type 4

Text and tags + 
Images + Cosine 

similarity 

Engagement 
(likes and 
reblogs)

Deep learning 
approaches

Social media: 
Tumblr 

Complementary textual content, 
proper visual stimuli (e.g., beautiful 

images, celebrities, adult-content, 
etc.), and consistent themes are 
positively related to engagement.

Shin et al. 
(2016)
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