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Online customer reviews, considered as electronic word of mouth, have become very useful in the era of e-
commerce as they facilitate future purchase decisions. The present study discusses the central and peripheral
sources of influence, such as the content of the review, star rating, review length, and the total number of votes
on the perceived usefulness of the review. It analyses reviews from Amazon.com on three products, namely, a
videogame, digital music, and a grocery item. Using text mining, the study uncovers sentiment polarity, identifies

sentiment patterns, and finally, analyses the perceived usefulness of reviews under the moderation effect. The
study establishes that the impact of the central route is not significant for search goods. The study concludes that
peripheral sources have a significant impact on the search products. Our study provides insights on how mar-
keting strategies can be formulated by online retailers based on the product type.

1. Introduction

In recent years, digital transformation has impacted how business is
conducted posing new managerial challenges (Bresciani et al, 2021; Del
Giudice et al, 2020; Galindo-Martin et al., 2019; Chakraborty & Paul,
2022). It has also revolutionized the way companies conduct business
using big data analytics, artificial intelligence, and social media net-
works (Gunawan & Huarng, 2015, Rialti et al, 2019; Erevelles et al.,
2016; Purohit, Arora & Paul, 2022). Marketing activities of many
companies have been impacted by big data (Erevelles, 2016). Firms with
greater big data analytics have performed better (Ferriera, 2019). Dig-
ital transformation has brought about changes in the buying behavior of
customers. Online purchasing has become extremely important in last
two years because of the pandemic. Many customers have started to
purchase online, and they prefer online shopping to traditional in-store
shopping, as it is convenient, flexible, and cost-saving. Adoption of
digital technologies have changed the way information being shared by
the consumers (Baima et al., 2022). So, digital transformation has
impacted business performance of many companies (Ferraris et al.,
2019; Ferreira et al., 2019). It has also created great opportunities for

companies to expand their business and increase visibility (Magni et al.,
2021).

However, customers face difficulties in online purchasing because of
limited information (Dimoka et al., 2012). Customers overcome such
limitations through online reviews, which provides them information
that facilitates their future purchases. These reviews aid in purchase
decisions because they describe user experience rather than the features
of the product (Chen & Xie, 2008; Dellarocas, 2003). According to
Kaemingk (2020), 97% of consumers research online about the product
they intend to purchase, 93% of consumers go through the reviews
before making a purchase decision, and most of the consumers are ready
to pay 31% more for the same products if they are convinced about the
positive aspects of reviews. Therefore, a product with good online re-
views acts as good electronic word of mouth (eWoM) which impacts the
purchase decisions of existing as well as potential customers. As this
turns out to be a novel way to generate eWoM, most online shopping
websites encourage customers to share their views. Amazon, one of the
largest online retailers, provides abundant customer reviews on almost
all products that it sells on its e-commerce platform (Mishra et al., 2018;
Forman et al, 2008). Even though online ratings do not have a direct
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impact on the sales of a product, they have a huge indirect impact on
sales through review sentiments. Sentiments, however, have a direct
impact on sales. (Hu et al., 2014). These sentiments, along with the
presence of ample information on the product, may overwhelm future
customers (Godes & Silva, 2012). Sometimes they are unable to un-
derstand which reviews are actually useful (Yin et al., 2014). The
presence of numerous reviews, including unhelpful ones, causes infor-
mation overload which affects the cognitive capabilities of consumers,
and as a result, the impact of reviews goes down in consumer’s mind
while making a purchase decision. So, information overload needs to be
reduced (Baek et al., 2015). It is important, therefore, to identify the
most helpful reviews. Siering et al (2018) applied signaling theory to
develop such a research model. Many online retailers have introduced a
social voting system that allows readers to vote for helpful reviews
(Ghose & Ipeirotis, 2011). Naturally, these reviews are considered
equally by all readers (Pan & Zhang, 2011). Therefore, it is beneficial to
study what factors make a review useful perceived by the users (Baek
et al., 2013; Ghose & Ipeirotis, 2011; Mudambi & Schuff 2010; Purna-
wirawan et al., 2014). The present study tries to determine the impact of
various factors, including review content, review depth, star rating, and
the total number of votes received, on the perceived usefulness of re-
views. The reviews for three products, namely, a videogame, a grocery
item, and digital music were selected for these estimations from
Amazon.

According to consumer psychologists, customers’ perceptions and
decision-making are highly influenced by helpful product reviews
(Chakravarti et al., 2006; Li et al., 2013). Zablocki et al. (2019) point out
that emotional content within online reviews impacts product attitudes.
Research reveals that users’ evaluation of information may be based on
the Elaboration Likelihood Model (ELM) of persuasion (Baek et al. 2013;
Cheung & Thadani, 2012). It emphasizes two informational paths which
affect perceived usefulness — the central route and the peripheral route.
While the central route represents the content of the review itself, the
peripheral route represents the peripheral source of influence, such as
source identity, reviewer’s rating, review length, etc. (Bhattacherjee &
Sanford, 2006; Cheung & Thadani, 2012). However, studies so far have
produced mixed results as far as the determinants of perceived review
helpfulness are concerned (Hong et al, 2017).

The present study addresses this research gap. It adopts a compre-
hensive ELM framework, incorporating both central and peripheral as-
pects which influence the perceived usefulness of reviews for potential
customers. The main contribution of the study is that it provides insights
about the impact of the central and peripheral routes on the product
type, namely search and experience goods.

Previous studies have attempted to understand the helpfulness of
reviews and contributing factors such as review rating (Cao et al., 2011;
Ghose & Ipeirotis, 2007; Mudambi & Schuff, 2010), word count (Baek
et al., 2012; Kim et al., 2006; Mudambi & Schuff, 2010), creditability of
reviewers (Baek et al.,, 2012; Forman et al., 2008), subjectivity and
readability (Ghose & Ipeirotis 2007). Multiple studies including Siering
and Muntermann (2013), Wu (2013) and Yin et al. (2016) found a
positive relationship between review depth and review helpfulness,
whereas Racherla et al. (2012) established a negative relationship be-
tween the two. A positive relationship was established between the star
rating and review helpfulness by a few studies (Wu, 2013; Huang et al.,
2015; Ullah et al., 2015; Yan et al., 2012); however, negativity between
the two was also established by other researchers (Chua & Banerjee,
2015; Zhang & Tran, 2010; Zhou & Guo, 2015; Guo & Zhou, 2016). After
identifying the inconsistencies and contradictions in the previous
research, the present study attempts to evaluate the impact of various
factors on the perceived usefulness of reviews using the central and
peripheral routes, and contributes to the development of new perspec-
tives about online reviews. The study is also adding to the literature of
customer knowledge sharing (CKS). More the online reviews are
considered useful, more the customers are willing to share knowledge
about products and services on social media (Baima et al., 2022). So,
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insights from this study can be useful for understanding knowledge
sharing behavior of customers.

The unique feature of the present study is that it adopts a hybrid
methodology, combining an exploratory study and a hypothesis-driven
deductive approach. Conducting a sentiment polarity analysis of re-
view content is also an exclusive contribution of the study, in compar-
ison with similar studies which also tried to develop relationships
between various aspects of reviews and their helpfulness. Three critical
hypotheses emerged from the exploratory analysis, which also helped
the authors identify ‘Product Type’ as the moderator in the hypothesis-
driven model. The findings from this study can help e-commerce re-
tailers formulate strategies by understanding the importance of both
central and peripheral routes of persuasion in the perceived usefulness
of a product.

The paper is structured as follows. The second section establishes the
theoretical background of the paper. The section after that reviews
existing literature leading to identification of research gap and hy-
potheses development. Methodology is discussed in section 4. The sec-
tion after that discusses the results and discussion. The penultimate
section discusses the implications and future scope for research. The last
section concludes the paper.

2. Theoretical foundation

Online customer reviews are an important part of eWoM (Mishra
et al., 2018). Customers often face difficulties in making the right online
purchase decisions. So, they seek information about their potential
purchases through online reviews by other customers (Choi and Leon,
2020). Online customer reviews, therefore, have a significant influence
on purchase decisions. Electronic Word of Mouth (eWoM) has been
revolutionized by the emergence and popularity of social media and
user-generated content. However, information overload can sometimes
overwhelm customers. It is important therefore, that online retailers
identify the most helpful reviews among the large number posted online
by customers (Baek et al., 2015). Customers tend to attach more value to
the reviews posted by existing customers (Lin et al., 2017) rather than
the information provided by vendors (L.opez-Lopez & Parra, 2016). In-
formation Economics or the Economics of Information is helpful to un-
derstand the role played by online customer reviews in purchase
decisions. Often, there is information asymmetry and customers make
purchase decisions without complete information about the quality of
the product or the available alternatives. It is not always easy to get
useful information. It can be time-consuming and at times, costly. So,
there is always a tradeoff between the cost and the benefit of search
(Stigler, 1961). There is also a close connection between information
and uncertainty (Nelson, 1970). eWoM can solve this problem because
information gathered through online customer reviews can reduce un-
certainty to a large extent. Helpful reviews have a significant influence
on the purchase decision of the customers who can enhance their
knowledge by finding cues based on the cue-summation theory (Severin,
1967).

The dual-process theory of external information systems is appro-
priate as a theoretical foundation for studies related to online customer
reviews. Jahoda (1959) stated that social influence decides how an in-
dividual is influenced by others, for example, online reviews by expe-
rienced customers can be a social influence on potential purchases by
new customers (Cialdini, 2009). According to the dual process theory
suggested by Deutsch and Gerard (1955), social influence can be cat-
egorised into two - informational and normative. The influence exerted
on an e-commerce cite by experienced customers through online reviews
can be classified as normative social influence.

Normative social influence is influenced by the strength, immediacy,
and number of sources (Latane, 1981). The importance of the influential
group is measured by strength. In case of online reviews, the experience
of the customers is considered an important influence on potential
purchases. Immediacy denotes proximity which is facilitated for online
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reviews by the internet. The number of sources refer to the number of
people who can influence purchase decisions. The average ratings tend
to increase with an increase in the number of reviewers, which in turn
influences potential customers. The Elaboration Likelihood Model
(ELM) in the dual process theory states that both context and content of
information are important to impact the perception of the recipients. So,
both central and peripheral routes are important to influence the
perceived usefulness of a product in an online purchase (Bhattacharjee
and Sanford, 2006). The study also considers attribution theory and
affect-as-information theory to understand the impact of the central
route, that is, the content of the review on the perceived usefulness of a
product.

3. Literature review and hypothesis development

An online customer review (OCR) is a form of content generated by
users and has a significant impact on the purchase decisions of cus-
tomers (Lin et al., 2017). It reduces purchase risk (Bruce et al. 2012). It
also acts as one of the sources of evaluation of alternative products (Kim,
2014). Online retailers encourage customer reviews because they facil-
itate future purchase decisions. However, the high number of such re-
views triggers customers to look for ‘helpful reviews’ (Yi Chen et al,
2020). The present study examines what factors contribute to such
helpfulness which influences the prospects.

3.1. Review usefulness

Berthon et al. (2008) define online reviews as specific comments
through which reviewers aim to communicate to future customers about
the product. As it is not possible for consumers to experience products
beforehand, their purchase decision making is largely guided by con-
sumers who have already purchased the product. However, too many
reviews may clutter their decision-making process, therefore, they pre-
fer to consult only the useful reviews. Online reviews are useful when
customers’ perceived understanding about the quality and performance
of the product is clear (Li et al., 2013). This is referred to as perceived
usefulness. High-knowledge customers react differently to negative on-
line reviews compared with low-knowledge customers (Chiou et al.
2018). The valence of online reviews, that is whether reviews are pre-
dominantly positive or negative, influences the perceived usefulness of a
product (Purnawirawan et al, 2015). The review content complements
the descriptions and features of the product, reduces uncertainties
regarding potential purchases; and thus exerts influence on purchase
decision-making through e-word of mouth (Cheung & Thadani, 2012;
Chevalier & Mayzlin, 2006; Mudambi & Schuff, 2010). Studies (Holle-
beek et al., 2014; Saboo et al., 2015) have shown that customer
engagement with brand intensifies while reading reviews.

As online customer reviews reduce purchase risk (Bruce et al., 2012)
and help evaluate alternative products (Kim, 2014), online retailers are
encouraged to capture such experiences from users. The present study
has adapted the number of helpful votes as the primary measure of review
usefulness as suggested by previous research (Cao et al., 2011; Forman
et al., 2008; Mudambi & Schuff, 2010; Zhang & Tran, 2010).

3.2. Review content

Content-based reviews and their sources have a significant influence
on review helpfulness (Li et al, 2013). Studies based on the attribution
theory have shown that the impact of messages mediated through causal
attribution towards product/store/personal trait is immense (Chiou
et al., 2018). It essentially explains customers’ behavioral responses
towards products. Weiner (1986) developed a three-stage structured
framework of attribution theory: a person must observe the behavior of
the other person; the observer must believe that the behavior is inten-
tionally performed, and finally the observer must determine what causes
compel such behavior. Therefore, customers’ judgement towards the
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usefulness of online reviews may be affected by the causal inferences
explained in the attribution theory.

The affect-as-information theory postulates that one evaluates his/
her affective reactions (positive or negative) to judge whether the
environment in question is good or bad in nature. Affective conditions
have two parts: affective valence, which essentially says how good or bad
the environment is; and affective arousal, which denotes its significance
or urgency (Clark & Isen, 1982). Khare et al. (2011) have argued that
review valence and review volume are two important cues that influence
the perceptions of review usefulness. The present study has adapted the
valence approach to assess how reviews are accepted by readers.

User-generated content essentially indicates reviewers’ sentiments
which could be positive, negative, or neutral and these sentiments
reflect their attitude towards the product (Hu et al. 2014). Following the
attribution theory and affect-as-information theory, this study focuses
on the content of reviews. and hypothesizes the following:

Hypothesis 1. The content of a review has a positive effect on the
perceived usefulness of the review.

3.3. Review ratings

Pan and Zhang (2011) mention that reviewers’ textual comments are
usually accompanied by star ratings taken on a 5-point scale, 1 being
extremely negative and 5 being extremely positive. Reviewers’ overall
ratings are expected to reveal their experiences about the quality of the
product (Hu et al., 2008), which in turn captures the overall attitude of a
reviewer towards the product. As demonstrated by the cue-summation
theory (Severin, 1967), customers gather knowledge about a product
or service from various cues of information. Naturally, users’ star ratings
are considered to be very helpful in the purchase decisions of future
customers (Lalehan and Kim, 2016). Multiple studies have shown that
extreme ratings are very useful in customers’ purchase decision-making
process (Forman et al., 2008; Pavlou and Dimoka, 2006; Korfiatis et al.,
2012).

Osgood and Tannenbaum (1995) point out that there should be
consistency between people’s thoughts and actions. It is expected that
the sentiments expressed by reviewers should match with their respec-
tive ratings for the product. Therefore, star rating was included as one of
the independent variables to observe whether ratings have a similar
impact on perceived usefulness and to assess the consistency of re-
viewers’ attitudes. Rating extremity has been considered as review
valence (Forman et al. 2008, Ghose & Ipeirotis 2011), while average
rating has been considered as an indication of indifference (Cao et al.
2011). The present study has adopted the concept of review valence
while integrating the star rating in the model. Based on the above dis-
cussion, the study formulates the following hypothesis.

Hypothesis 2. The star rating has a significant impact on the perceived
usefulness of a review.

3.4. Review length

It is suggested that reviews should be comprehensive and should
provide useful information to facilitate decisions (Filieri, 2015; Zheng
et al., 2013). Research shows that the length of review is one of the key
predictors of review performance (Mudambi & Schuff, 2011; Schindler
& Bickart, 2012). Short reviews may not be perceived well, whereas long
reviews may be better analyzed by the users. Further, Korfiatis et al.
(2012) established that readers get more information in lengthy review
and the quality of such reviews are better than shorter reviews. This
could be attributed to the level of cognitive effort which is related to
length of reviews. The study of Mudambi and Schuff (2010).

shows that there is a high positive correlation between the review
usefulness and the number of words that a review contains. Therefore,
it’s established that the length of a review plays a key role in the
perceived usefulness of reviews. Further, Ghasemaghaei et al. (2017)
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show that lower star ratings are associated with longer reviews. Guided
by their findings, a correlation test was conducted between review
length and star ratings to observe that the correlation is not significant
(r =-0.013, p = 0.627 > 0.05). This led the researchers to incorporate
review length as an independent variable to estimate its impact on
perceived usefulness, with the following hypothesis being formulated:

Hypothesis 3. Review length significantly influences the perceived use-
fulness of a review.

3.5. Number of votes

Wu (2017) suggests that the effectiveness of a review is determined
by product quality & the ability that it attracts customer’s attention.
Product popularity for experience product is assessed by number of
votes that the review has received (Cui et al., 2012). Highly popular
products are perceived as highly credible and as a result, reviews are
perceived as highly useful, as emotions are attached with such kind of
products. Bansal and Voyer (2000) suggest that a reviewer’s experience
in reviewing a product may be judged by the number of votes received.
The acceptability of a review is greater when the expertise and trust-
worthiness of a reviewer is high (Kim & Na, 2007). Studies (Cheung &
Ho, 2015) have shown that the acceptance of a review is subject to the
number of votes it receives. As the authors were curious about the pe-
ripheral route of review usefulness, it was logical to consider the expe-
rience and expertise of reviewers to determine the usefulness of reviews.
Further, research suggests (Cheung & Ho, 2015) that the number of
votes a review receives could be a proxy variable to measure the expe-
rience of reviewers. Based on the above discussion, the present study
developed the following hypothesis.

Hypothesis 4. The total number of votes received by a review has a pos-
itive impact on its perceived usefulness of reviews.

3.6. Product type

The economics of information advocates the importance of the
product type in customers’ purchase decision-making process (Mudambi
& Schuff, 2010). It postulates that customers must have full information
on product quality, seller quality, and the available alternatives. How-
ever, seeking information is costly and time-consuming. The total cost of
a product increases since it includes the product cost as well the search
cost (Nelson, 1970). Search denotes the physical as well as the cognitive
search for a product. Nelson (1970, 1974) found that the nature of the
product plays a key role in determining the search cost. He defines search
and experience goods as two major categories of products: if a customer
can get the information about the product quality before the purchase, it
is considered as search goods, while experience goods are those which
must be purchased or experienced to evaluate them. There are several
products, however, which are of mixed type and therefore, fall in the
continuum of pure search and pure experience products.

Nelson (1974) further emphasizes this classification based on
whether product quality can be evaluated by search or by experience.
Objective explanations of attributes are required for search goods
whereas experience goods call for subjective explanations of attributes
(Huang et al., 2009). Experience goods must be sampled to take a call
and that sampling essentially turns out to be the purchase of the product.
For example, a 30-second video clip of an online lecture allows a
customer to collect some pre-purchase information and even to experi-
ence the lecture virtually; however purchasing is required for access to
the entire lecture/topic.

Although customers search for reviews for their products, it is quite
obvious that the nature of information available on these two categories
of products is different, since search products reveal more objective
information while experience products carry subjective information.
The valence of an online review is moderated by the product type. (Xia &
Bechwati, 2008). Customers can get valid information in case of search
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products before using them. However, only sensory experience helps in
evaluating the performance of experience products (Nelson, 1970).

There may be an interaction between product type and review con-
tent, as reviewers opine differently for different products. Choi and Leon
(2020) pointed out that product intangibility moderates the effect of
review. Reviews for experience goods may reveal sentiments unique or
personal to the reviewer only. In contrast, the sentiments of reviewers
for search products are very product-oriented and objective as customers
for search goods look for more factual information about the product
(Mudambi & Schuff, 2010).

Driven by the above arguments, three products are chosen for this
study: a grocery item as a search product, a videogame as an experience
product, and digital music as a mixed category product. An experience
product is an item in which customer interacts with the product, which
results in certain emotions and feelings (Desmet & Hekkert, 2007).
Schmitt (1999) opines that experiences are the main deliverables of
experience goods. Dyck et al. (2003) opine that videogame is a product
which brings novel interaction between the user and the product. The
study considers the videogame as an experience product, because vid-
eogame customers look for experiencing alternate realities and the thrill
of problem-solving through interactive experience. Nelson (1970)
characterizes the search products as those products, information of
which can be gathered though information search. As the purchase of
grocery products are driven by specific requirements, customers typi-
cally look for the availability of a particular brand, the price of the
product and the rating of the brand while shopping online. It is on these
grounds that the present study considers it as search product. According
to Bhattacharjee et al. (2009), digital music may be considered as a
product for which customers look both for product experience as well as
prior information about the product while searching. This prompted the
authors to consider ‘digital music’ as a mixed product which lies in the
middle of the search and experience product continuum scale.

As review content is driven by the nature of products, we propose
‘Product Type’ as a control variable to evaluate the following
hypothesis:

Hypothesis 5. Product type moderates the effect of review content on
perceived usefulness of reviews.

Fig. 1 represents the conceptual model of the present study based on
the five hypotheses developed above.

4. Research methodology

The studies (Biancone et al., 2016; Cardamone et al., 2012) suggest
that value-relevance investigation may be adopted to test the hypothe-
sis, as in this method, analysis reveals the relevant information from a
given set of data (Secinaro et al., 2021). The hypotheses of the present
study have been tested using the above approach. Further, to examine
the impact of product type as moderator, we have adopted dummy
variable technique (Secinaro et al., 2021), in which we have created two
dummy variables, one for ‘Videogame’ and the other for ‘Digital Music’,
while ‘Grocery’ has been considered as reference category. The study
attempts to measure the effectiveness of online reviews through pe-
ripheral versus central route, therefore, we adopted a statistical quan-
titative approach to research as it is more scientific, focused, and
acceptable as compared to qualitative study.

4.1. Data Collection

The study is based on online reviews of three products, namely, a
videogame, digital music, and a grocery item from Amazon.com. Even
though many reviews are available on all three products, we concen-
trated only on the most recent ones available. We chose the two expe-
rience products in such a way that reviews are subjective and difficult to
compare with those of other similar products. We chose the grocery item
as our search products as awareness about these items is high and these
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Tannenbaum, Amazon
1995) website

As depicted in Fig. 1, the outcome variable is the perceived useful-
ness of reviews and this is derived from the total of helpful votes
received for each review. Four independent variables were selected
including review length, review content, total votes received, and the
overall star rating. The details of the operationalization of variables are
given in Table 2.

Table 1
Sample Size.

Product No of Observation
Digital Music 379

Grocery 408

Videogame 577

Grand Total 1364

151

4.3. Data analysis

The analysis was carried out in four phases:

Phase 1: Determination of the proportion of positive, negative, and
neutral opinions using sentiment analysis.

Phase 2: Exploration of the distribution of review sentiments using
Exploratory Data Analysis.

Phase 3: Identification of a logical pattern using the Text Mining
Algorithm.

Phase 4: Estimation of the perceived usefulness of reviews using a
Multiple Regression Model.

Phase 1: Determination of the Proportion of Positive, Negative, and
Neutral Opinions Using Sentiment Analysis.

To extract the positive, negative and neutral aspects of reviews,
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Sentiment Analysis was performed, also known as Opinion Mining, as
part of Natural Language Processing (NLP) on the Python platform.
Sentiment Analysis is a computational method of extracting positive and
negative polarity from a text, and is often used to understand customers’
sentiments attached to online reviews (Archak et al., 2011; Pang & Lee,
2008). There are two approaches to extract sentiments from a text:
polarity-based and valence-based. The polarity-based method only
classifies a piece of text into positive and negative categories; whereas
the valence-based method considers the intensity of the sentiment. For
example, the polarity-based approach would classify both *bad’ and
*horrible’ as negative categories, whereas "horrible’ would be consid-
ered as more negative in the valence-based approach. We adapted
Valence Aware Dictionary and sEntiment Reasoner (VADER), a lexicon
and rule-based sentiment analysis tool to extract sentiments. A lexicon is
a list of lexical words representing positive or negative sentiments. The
analysis produces positive, negative, and neutral scores representing the
proportion of reviews that falls under these categories. Finally, it pro-
vides the compound score, a metric that calculates the sum of all the
lexicon ratings after normalizing them between —1 (most negative) and
+ 1 (most positive). This compound score finally categorizes the senti-
ments of review text as follows:

Compound Score > 0.05= Positive Sentiment.

Compound Score < —0.05= Negative Sentiment.

—0.05 < Compound Score < 0.05= Neutral Sentiment.

A sample extract of positive, negative, neutral, and compound sen-
timents is presented in Table 3.

The first review in Table 3 indicates that it contains 4.4% negative,
53.8% neutral, and 41.9% positive sentiments. As the compound score
for the same review turns out to be 0.9794 (>0.05), the overall senti-
ment of the review is considered extremely positive. Further, the in-
tensity of review sentiment of the first review in Table 3 is greater
compared to that of the second or third ones, as revealed by the com-
posite scores of 0.9531 and 0.4019 respectively. Similar interpretations
were drawn for negative sentiments as well. We have thus transformed
the unstructured review data into a structured format and the review
valence, measured by the composite score, was considered as a measure
of review content in the model.

Phase 2: Exploration of the Distribution of Review Sentiments Using
Exploratory Data Analysis.

The objective of this exploratory study is to examine the pattern of
positive, negative, and neutral review sentiments and whether these
sentiments are consistent with the reviewers’ star ratings. We have used
key visualization tools, including histogram and box plot, to explore the
distribution of positive, negative, and neutral review sentiments of
customers. The histogram is a frequency distribution graph for contin-
uous data that represents the shape of the distribution for a single var-
iable and also facilitates the identification of outliers in the distribution.
A box plot represents a five-point summary of distribution, including
allowable minimum value, first quartile, median, third quartile, and
allowable maximum value of the distribution. We have adapted this tool
to explore bivariate distributions to investigate the positive, negative,
and neutral sentiments of reviews across star ratings. Further, as dis-
cussed in section 3.5, customers’ sentiments are different for different
types of products. We developed three more hypotheses driven by the
exploratory data analyses of sentiment distributions. The hypotheses are
stated below and we conducted an Analysis of Variance (ANOVA) to test
these hypotheses:

Hypothesis 6. The proportion of negative sentiment in reviews varies
across products.

Hypothesis 7. The proportion of positive sentiment in reviews varies
across products.

Hypothesis 8. The proportion of neutral sentiment in reviews varies across
products.

Phase 3: Identification of a Logical Pattern Using the Text Mining
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Table 3
Identification of sentiment category.

Sentiment
Category

Review Text Negative  Neutral Positive = Compound

This is a great 0.044 0.538 0.419 0.9794 Positive
CD. I
thoroughly
enjoyed it.
I'd give it all
five stars
except for
one small
sour note on
this effort...
The trilogy
that started
off is the best
I've ever
heard. ...
Feelings #34
is a great
track as
well... I
listen to it
every
night...

Cat at his best.
These songs
have been
played
hundreds of
times over
the years and
still have not
lost their
ability to
move
people’s
emotions. I

0.04 0.651 0.309 0.9531 Positive

know I've
played them,
listened to
them,
analyzed
them,
discussed
them with
friends, sung
along with
the
recordings,
and sang
them
together
with friends.
They are part
of my youth,
part of my
life, and will
forever be a
part of me ...

Aptitudes and 0
skill(s) of the
fifth album
categorises
the Rock
music to
attract the
new
generation
and to make
a long-
lasting
position in
the library
shelf.

0.881 0.119 0.4019 Positive

0.298 0.702 0 —0.5256 Negative

(continued on next page)
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Table 3 (continued)

Sentiment
Category

Review Text Negative  Neutral Positive = Compound

I was
disappointed
when I got
this CD and
it didn’t
work. Can I
get a refund?
It acts as if
there is no
information
on it.

Horrible
Quality can
hardy hear it

0.427 0.244 0.329 —0.2023 Negative

The whining in
this song
makes me
crazy. It
sounds like
Coldplay’s
Chris Martin
getting
raped in a
maximum-
security
prison
shower. A-

0.415 0.404 0.18 —0.7506 Negative

awe-awe-all!
terrible!

Algorithm.

Text mining is a process to extract knowledge from unstructured text
data (Kao & Poteet, 2007). It has been defined by researchers as one of
the key data mining techniques. Standard data mining techniques are
used to extract logical patterns from structured data, while text mining is
a process of knowledge discovery and a technique for identifying logical
patterns from unstructured data (Kano et al., 2009). The text-mining
algorithm extracts features such as characters, words, terms, concepts,
and sentiments from a body of text (Feldman & Sanger, 2006; Grimes,
2007). The algorithm follows a standardized process consisting of
various steps including tokenization, lemmatization, stemming, dictio-
nary generation, part-of-speech tagging, word sense disambiguation,
phrase recognition, and feature generation (Protaziuk et al., 2016).

Using the text-mining algorithm, we have extracted various cate-
gories from the review data. Documents from the text are assigned to
pre-existing categories; the present study uses the categories defined in
the ’customer satisfaction’ library, as these reviews express essentially
customers’ satisfaction about a product.

After pre-processing the data, the extraction process follows the steps
given below:

e First, interesting words and phrases are extracted from each docu-
ment; these words and phrases collectively are known as ‘Terms’.

e A ‘Concept’ is formed by grouping all the relevant terms that have
already been extracted.

e Combinations of a few concepts which reveal the key ideas, knowl-
edge, and attitudes expressed in the text are known as ‘Categories’.

e Once the categories are identified, certain patterns were identified.

Phase 4: Estimation of the Perceived Usefulness of Reviews Using a
Multiple Regression Model.

Finally, the study has adopted multiple regression technique to test
the five hypotheses, hypothesis 1 through hypothesis 5. The technique
essentially has estimated the linear relationships between perceived
usefulness as the dependent variable and the four independent variables,
namely, review length, review content, star rating, and the total number
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of votes received. As mentioned in Table 2, independent variables of the
model have been derived from the reviews of the customers. Review
length is the number of words which has been extracted from the review.
Review content essentially represents the sentiments of the reviewers
embodied in the reviews. Total number of votes that a review has
received and the star rating pertaining to a review have been taken in
actuals. We have considered product type as the control variable as
described in the research conceptual model. We have estimated two
models using the Ordinary Least Square Method:

Model 1: Effect of all predictors on perceived usefulness of a review.

Perceived Usefulness = fp + p; Review Content + P2 Review Length
+ Ps Star Rating + p4 Total Votes Received + &;.

Model 2: Effect of all predictors on perceived usefulness of review in
the presence of ’product type’ as a moderator.

To incorporate ‘Product Type’ as a moderator, we have created two
dummy variables, namely Digital Music and Videogame, using the
following dummy codes:

1. Digital Music: If Product Type = Digital Music, then Digital Music =
1,orelse =0

. Videogame: If Product Type = Videogame, then Videogame = 1, or
else=0

As a result, Grocery is now the reference category in Model 2. We
have estimated the second model as follows:

Perceived Usefulness = po + f; Review Content + p3 Review Length
+ B3 Star Rating + B4 Total Votes Received + fs Digital Music + Pg
Videogame + Py Review Content*Digital Music + Pg Review Con-
tent*Videogame + 5.

5. Results & discussion

5.1. Evaluation of positive, negative, and neutral sentiments in customer
reviews

Customer reviews were analyzed using sentiment analysis to extract
sentiments about the products. The descriptive statistics of these senti-
ments are presented in Table 4. On an average, customers expressed only
8.3% negative opinions as against the 30.3% of positive opinions. It is
further revealed that on an average, customer attitude towards a product
is typically positive as the average compound score was determined as
0.685 (>0.05).

5.2. Exploratory data analysis of review sentiments

In order to examine the distribution of the three categories of sen-
timents, we visualized histograms of positive, negative, and neutral
sentiments which are depicted in Figs. 2-4 respectively.

As evidenced from the three figures above, we conclude that the
proportion of negative sentiment follows a positively skewed

Table 4

Descriptive Statistics of Review Sentiments.
Measures Negative Neutral Positive Compound
Mean 0.083 0.614 0.303 0.685
Standard Error 0.002 0.004 0.004 0.013
Median 0.066 0.624 0.285 0.893
Mode 0 0.651 0 0.992
Standard Deviation 0.083 0.130 0.140 0.473
Sample Variance 0.007 0.017 0.020 0.224
Kurtosis 1.548 0.528 0.756 3.448
Skewness 1.186 —0.226 0.623 —-2.072
Range 0.459 1 1 1.981
Minimum 0 0 0 —0.982
Maximum 0.459 1 1 0.999
Sum 113.25 837.21 413.55 934.13
Count 1364 1364 1364 1364
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distribution (Skewness = 1.186) whereas, positive (Skewness = 0.623)
and neutral (Skewness = -0.226) sentiments are almost symmetric in
nature. Further, we examined whether positive and negative distribu-
tions are similar across the three products, namely digital music, grocery
item, and videogame, understudy. We derived the Population Pyramid
Histogram for all the three products on the same scale to observe that
there is no difference in the distribution patterns of sentiments across the
three products (as depicted in Figs. 5 and 6).

Even though the visualizations affirm that there is hardly any dif-
ference in the distribution of sentiment patterns across products, the
study wanted conclusive statistical evidence. The present study formu-
lated three hypotheses (6-8), based on the data visualizations, to
examine whether the proportion of positive, negative & neutral senti-
ments in reviews are different across various products. It deployed a one-
way ANOVA to test the following hypotheses.

Hypothesis 6. The proportion of negative sentiment in reviews varies
across products.

Hypothesis 7. The proportion of positive sentiment in reviews varies
across products.

Hypothesis 8. The proportion of neutral sentiment in reviews varies across
products.

Table 5 provides the descriptive statistics highlighting the fact that
the average proportion of sentiments is not the same across products.
This is also confirmed in the output of the ANOVA test (Table 6), which
shows that the proportion of negative sentiments is not same across
product type (F = 35.763 (2, 1361); p < 0.01). The proportion of neutral
sentiment is also not the same (F = 23.556 (2,1361); p < 0.01); however,
there is no difference in the proportion of positive sentiment across
products (F = 0.974 (2, 1361); p > 0.05).

Thus, the hypotheses 6 and 8 are supported while hypothesis 7 is not
supported.

5.3. Customer reviews: a comparative analysis across overall star ratings

We wanted to examine the correlation between the star ratings and
the positivity and negativity embodied in their reviews to assess the

Journal of Business Research 150 (2022) 147-164

consistency of customer feedback using five-point exploratory data
analysis tools.

The box plot in Fig. 7 shows that the average positive sentiment is
higher against the star ratings 4 and 5 than that at the star ratings 1 and
2. The findings from Fig. 8 with respect to negative sentiment are
complementary to those about positive sentiments. Average negativity is
higher on the ratings 1 and 2 in comparison with the ratings 4 and 5.
These comparative studies indicate that there is consistency between
reviews and star ratings. This is further evidenced in the distribution of
neutral feedback (Fig. 9), which shows a similar pattern from 1 through
5-star ratings.

5.4. Knowledge discovery

5.4.1. Polarity analysis

Polarity Analysis determines the extent of positive and negative
terms in a document. The text mining algorithm extracted 9381 positive
terms and 4804 negative terms from the entire corpus under 8 positive
and negative concepts including positive (negative), positive (negative)
feeling, positive (negative) functioning, positive (negative) recommen-
dations, positive (negative) competence, positive (negative) budget,
positive (negative) attitude, and positive (negative) emotion. Table 7
shows the frequency distribution of all positive and negative sentiments
from the entire corpus as well as the number of reviews that carry these
sentiments.

The results indicate that, overall, customers possess mostly positive
sentiments for the products they buy, except in the case of attitude and
functioning. When customers are not happy with the functioning of the
products purchased, they may develop negative attitude towards them.
However, their overall comments appear to be positive. Further,
product-wise polarity was analyzed, based on positive and negative
concepts. We observed (Fig. 10) that digital music and videogame re-
views carry less positive concepts as against the grocery item. A video-
game is an experience product, as is digital music to a large extent,
reviews may carry mostly subjective opinions and that probably causes
less positivity in the reviews. On the contrary, the grocery item is a
search product; reviews are based on the characteristics of the products
and therefore, objective in nature. Customers are sure about expressing

Population Pyramid Frequency Positive Sentiment by Product Type
Product Type
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Fig. 5. Histogram of Positive Sentiment by Product Type.
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Population Pyramid Frequency Negative Sentiment by Product Type
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5.5. Model Estimation
Table 5

Descriptive statistics: product-wise proportions of sentiments.

Sentiment Products N Mean Std. Deviation
Negative Digital Music 379 0.0781 0.08697
Grocery 408 0.0593 0.07813
Videogame 577 0.1031 0.07910
Positive Digital Music 379 0.3007 0.15511
Grocery 408 0.2970 0.14144
Videogame 577 0.3092 0.12852
Neutral Digital Music 379 0.6212 0.14620
Grocery 408 0.6437 0.13571
Videogame 577 0.5878 0.10854
Table 6
ANOVA.
Sentiment Type F Sig.
Negative 35.763 0.000
Positive 0.974 0.378
Neutral 23.566 0.000

their opinions about the products.

5.4.2. Sentiment pattern

The study demonstrates the process of sentiment extraction from the
reviews of the videogame, since it is an experience product,. First, we
derived the terms from the reviews as explained in section 3.3. The top
20 terms extracted are presented in Table 8 (see Tables 9 and 10).

We further extracted the pattern of use of these terms by visualizing
web maps. Two such maps pertaining to the terms ’excellent’ and
’entertaining’ are presented in Figs. 11 and 12 respectively for readers’
understanding. It is clear how positive attitudes, such as ’excellent’ or
‘entertaining’ are connected to certain features of the product (see
Figs. 13 and 14).

To identify the pattern of the two concepts which finally led to the
formation of the categories of sentiments, we derived a web-cloud on
these concepts. We have demonstrated only two such web clouds to
illustrate customers’ opinions about the videogame.
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We performed a multiple regression analysis by taking perceived
usefulness as the dependent variable and the factors, review content,
review length, star rating, and the total number of votes received as
independent variables. The study performed two regression models. The
first model estimated the following relationship:

[1] Perceived Usefulness = Py + ; Review Content + 3, Review Length + 3
Star Rating + B4 Total Votes Received + €.

It is evident from the results that all four factors significantly and
positively affect the perceived usefulness of reviews. This in line with the
concept of normative social influence developed by Deutsch and Gerard
(1955) using the dual process theory. Latane (1981) mentioned that one
of the ways to explain normative social influence is through the number
of sources. In our study, we find that the total votes received, which can
be considered as the number of sources has a significant influence on
perceived usefulness. Further, as the study wanted to examine the
moderating effect of product type on review content, a second regression
analysis was performed incorporating two interaction variables, namely,
Digital Music*Depth and Videogame*Depth along with the independent
variables from the first model. The interaction variables were incorpo-
rated to examine the moderation effect of Product Type on Perceived
Usefulness. The second model with moderation effect is presented
below:

[2] Perceived Usefulness = By + p; Review Content + f2 Review
Length + p3 Star Rating + f4 Total Votes Received + ps Digital Music +
B¢ Videogame + Py Review Content*Digital Music + Bg Review Con-
tent*Videogame + e5.

As the moderating effects were found to be significant, we built the
following estimation models of perceived usefulness for the three chosen
products:

[3] Perceived Usefulness (Grocery) = -1.382 + 0.251 (Total Votes) + 0.546
(Star Rating) 4 0.004 (Review Length).

[4] Perceived Usefulness (Digital Music) = -1.382 + 0.251 (Total Votes) +
0.546 (Star Rating) + 0.004 (Review Length) 4+ 1.072 (Review Content).
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Fig. 8. Comparison of Negative Sentiment across Star Rating.

[5] Perceived Usefulness (Videogame) = - (1.382 + 0.834) + 0.251 (Total
Votes) + 0.546 (Star Rating) + 0.004 (Review Length) + 1.512 (Review
Content).

It is clear from equation [3] that customers do not rely on review
content in the case of grocery products, rather they depend more on the
star rating as well as on the popularity of reviews indicated by the total
number of votes; review length also has a positive effect on perceived
usefulness, as every additional word in review is expected to increase
usefulness by 0.004 units. This could be because customers’ purchase
decisions for ’search’ products do not depend much on the subjective
evaluation of the product. However, the scenario is different in the case
of the videogame and digital music. In addition to the star rating, the
popularity of the review, and the review length, customers depend on
the user comments about the products. It is further evidenced from the
study that review content has a greater impact (1.512, p < 0.01) on
videogame customers compared to that of digital music (1.072, p < 0.1).
It is apparent that future customers for ‘experience’ products rely mostly
on subjective evaluations of current users in addition to other parame-
ters of reviews. Further, as digital music lies in the middle of the search-
experience continuum scale, the degree of impact of subjective content is

157

lesser than that of videogame, which falls under the pure experience
category. Online reviews are moderated by the product type (Xia &
Bechawati, 2008). Search products can be evaluated accurately before
purchase because of their attributes. So, review content is not significant
for search goods. These are based on objective criteria (Sen & Lerman,
2007). Consumers suffer from uncertainties before buying experience
goods. They are based on subjective criteria (Park & Park, 2013; Sen &
Lerman, 2007; Purnawirawan et al, 2015). Therefore, review content is
significant for experience goods. It is in fact stronger in the case of pure
experience goods. Therefore, after evaluating both models, we conclude
that all the five hypotheses (H; through Hs) are supported by the study.
Finally, we present the results of the hypothesis testing in Table 11.

6. Implications and directions for future research
6.1. Implications of the study
The findings from the present study have important practical im-

plications that can be useful for managers and researchers. Our study
helps in explaining the importance of the central and peripheral routes
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Table 7
Positive and negative terms.

Positive Sentiment Sentiment Frequency Review Frequency

Negative Sentiment Sentiment Frequency Review Frequency

Positive 7942 1266 Negative 3383 921
Positive Feeling 761 411 Negative Feeling 265 191
Positive Functioning 175 149 Negative Functioning 818 386
Positive Recommendation 116 113 Negative Recommendation 60 57
Positive Competence 122 105 Negative Competence 9 9
Positive Budget 111 94 Negative Budget 67 55
Positive Attitude 115 88 Negative Attitude 191 133
Positive Emoticon 39 32 Negative Emoticon 11 11
Total 9381 Total 4804
Product-wise Sentiment Polarity
150
115 113
97
100 66
48 o7
. . . .
0
Digital Music Grocery Videogame
®m Negative M Positive

Fig. 10. Comparison of sentiments between the products.

to persuasion for experience and search goods and the relative impor-
tance of the peripheral route for experience goods. It provides insights to
online retailers about the types of online reviews which would be useful
for a particular type of product. The findings from the study will help
them focus on the types of reviews depending on the product. The pe-
ripheral route can be given more importance for search goods. Experi-
ence goods have intangible attributes. Consumers do not know much
about a product until they have sensory experience (Nelson, 1970),
therefore, reviews by experienced customers adds more value.

The analysis of sentiment polarity offers that reviews on search
products carry more positive sentiments whereas reviews of experience
products are burdened with negative sentiments. However, online re-
tailers should not be excited with the positivity of search products as
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review content is not important for consumers of search products (Hy-
pothesis 5).

The polarity analysis (section 5.4.1) reveals that customers are not
happy with the functioning of the products considered in this study.
Practitioners, therefore, need to revisit the product design to customize
it according to customer preferences. This would also enhance the
attitude towards the product.

The study shows that on an average, 61.4% comments are neutral,
which does not help either the future customers or the online retailers.
Online review platforms need to consider how to articulate review
questions to trigger effective comments.

The study contributes to research methodology as it adopts a hybrid
method of combining exploratory as well as hypothesis-driven deductive
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Table 8

Top terms extracted from the reviews for the videogame.

Journal of Business Research 150 (2022) 147-164

study. The exploratory study results in the development of three hy-
potheses which have been derived from data visualization in section 5.2.
This is one of the unique contributions of this study.

Term Term Frequency Document Frequency
The study contributes to theory also. Hong et al (2017) pointed out
Excellent 1115 392 . . .
Game 1076 436 that mainstream studies have produced mixed results as far as the de-
Good 467 265 terminants of perceived usefulness is concerned. The study contributes
Like 345 208 to the existing literature by adopting a comprehensive ELM framework
Well 292 184 to evaluate the impact on perceived usefulness using the central and
Entertaining 287 183 eripheral routes
Bad 232 140 perip - ) ) )
Difficult 293 137 The study contributes to literature in consumer knowledge sharing
Play 181 141 (CSK) because perceived usefulness of online reviews positively impacts
Graphic 153 125 customer knowledge sharing. They are willing to share knowledge about
];:arge 1;:; 22 products and services through social media (Baima et al., 2022).
as . . .
Tim}; 126 03 The study also adds to the literature on International Marketing.
Creative 126 89 Companies can use social media platforms and the information to gain
Problem 124 83 competitive advantage globally (Berthen et al., 2012).
Level 116 77
not working 107 79
old 100 79 6.2. Limitations and directions for future research
Classic 99 69
Crashed % 28 The study is subject to some limitations. Only three products were
considered including two experience and one search product. However,
Table 9
Model 1 - regression output.
Independent Variables Coefficients Standard Error t Stat p-value R? F Test p-value
Intercept —1.869%** 0.373 -5.016 0.000 0.359 190.25 0.000
Total Votes 0.249%* 0.010 25.134 0.000
Star Rating 0.529%%* 0.088 5.989 0.000
Review Content 0.380* 0.229 1.661 0.097
Review Length 0.004%%* 0.000 7.840 0.000
Note: “* — Significant at 10% level; “**** — Significant at 1% level.
Table 10
Model 2 - regression output with moderation effect.
Independent Variables Coefficients Standard Error t Stat P-value R? F Test P-value
Intercept —1.382%** 0.472 ~2.930 0.003 0.363 96.72 0.000
Digital Music -0.395 0.494 —0.800 0.424
Videogame —0.834* 0.443 -1.883 0.060
Total Votes 0.251%%* 0.010 24.983 0.000
Star Rating 0.546%* 0.089 6.164 0.000
Digital Music*Content 1.072* 0.611 1.754 0.080
Videogame*Content 1.512%** 0.536 2.818 0.005
Review Content —0.702 0.460 —1.528 0.127
Review Length 0.004%%* 0.000 7.582 0.000

Note: “*’ — Significant at 10% level; “**** — Significant at 1% level.
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if we would have considered a wider range of products, the results could
have been generalised for other categories as well. Further, the Amazon
platform has been taken as the single source of data, whereas multiple
review platforms would have extracted reviews in multiple formats. The
study did not include the metadata of the reviewers. Future studies can
include metadata and examine the impact of the demographics of re-
viewers on the usefulness of reviews. Further, future studies can
examine the reviews of the same product on multiple platforms and also
of multiple products on the same platform. Future research can delve
into cross-cultural aspects. Different cross-cultural and contextual set-
tings can influence purchase intentions (Ferraris et al., 2019). So, the
research question that can be on the impact of cross-cultural settings on
purchase decisions. Vaidyanathan et al. (2013) pointed out that con-
sumer behavior can be impacted by cultural differences. So, researchers
can check whether cultural differences have any impact on perceived
usefulness of online reviews. Based on this, companies can seek to target
international markets. Consumer cosmopolitanism can be a powerful
segmentation base (Makrides et al. 2021) for online retailers. Perceived
usefulness of online reviews positively influences customer knowledge
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sharing (CKS). Researchers can also study the impact of cross-cultural
differences on customer knowledge sharing.

COVID 19 has resulted in structural changes in consumer behavior
(Gordon-Wilson, 2021; Yap et al., 2021; Rayburn et al., 2021; Kursan
Milakovic, 2021; Nayal et al., 2021; Sharma, Thomas & Paul, 2021;
Chopdar, Paul & Prodanova, 2022). For example, online transactions
have become part of people’s life in many sectors including healthcare,
financial services, hotel booking, food delivery etc (Siddiqui, Akhter &
Islam, 2022; Chakraborty & Paul, 2022; Purohit, Arora & Paul, 2022;
Chopdar, Paul, Korfiatis, & Lytras, 2022). As an outcome, we need new
theories, scales, methods and paradigms to carry research studies in the
post-pandemic era to analyze the new processes, patterns and problems.
We concur with the prior calls (Paul & Bhukya, 2021), for developing
new frameworks and models as platforms to carry out future studies in
the area of online reviews and consumer.

7. Conclusion

Online reviews, considered as electronic word-of-mouth, have
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Table 11
Results of hypotheses testing.
No Hypothesis Supported/Not
Supported
H1  Content of the review has a positive effect on the Supported
perceived usefulness of the review.
H2 The star rating has a significant impact on the perceived ~ Supported
usefulness of a review.
H3  Review length significantly influences the perceived Supported
usefulness of a review.
H4  Total number of votes has a positive impact on the Supported
perceived usefulness of reviews.
H5  Product type moderates the effect of review contentonthe ~ Supported
perceived usefulness of reviews.
H6  Proportions of negative sentiment in reviews vary Supported
across the products.
H7  Proportions of positive sentiment in reviews vary Not Supported
across the products.
H8  Proportions of neutral sentiment in reviews vary Supported

across the products.

become very critical in the era of e-commerce (Verma & Yadav, 2021) as
they facilitate the purchase decisions of future customers and also help
online retailers to understand the acceptability of their product. Hence,
the present study focuses on discovering knowledge from such reviews.
Even though a few studies have concentrated on understanding the
helpfulness of customers’ reviews (Chiou et al., 2018), the present study
contributes to analyzing customer reviews from three perspectives: un-
derstanding sentiment polarity, identification of sentiment pattern, and
finally, analyzing the impact of various factors on the perceived use-
fulness of reviews under the moderation effect of search and experience
products.

The main insight which can be drawn from the study is that the
peripheral route of persuasion has a more significant impact than the
central route on the perceived usefulness of online reviews. The impact
is also dependent on the product category. In fact, the central route
captured through review content loses its significance in the case of
‘search’ products as potential customers rely more on the star rating and
other parameters, whereas the content is quite important in the case of

161

14. Videogame Web-Cloud on Negative Performance.

‘experience’ products. Even within experience goods, the impact is less
for digital music which lies in the middle of the search-experience con-
tinuum scale. The impact of review content is the greatest in the case of
the videogame which is a pure experience product. Since experience
products have intangible characteristics, customers like sensory evalu-
ation, therefore, review content assumes greater importance as potential
users seek more information from the experiences of customers who
have already used them.

A few additional insights were also drawn from the study. i) Even
though there is no significant difference in positive comments, cus-
tomers’ negative comments depend on the product category. ii) There
exists a consistency between reviewers’ comments and their star rating.
iii) Polarity analysis reveals that customers usually opine in a positive
manner; however, they are more positive while reviewing ‘search’
products rather than ‘experience’ products. iv) Various factors including
star rating, review length, number of votes, and review content have a
positive impact on the perceived usefulness of reviews.

CRediT authorship contribution statement

Madhumita Guha Majumder: Writing — review & editing, Writing —
original draft, Validation, Methodology, Formal analysis, Data curation,
Conceptualization. Sangita Dutta Gupta: Writing — review & editing,
Visualization, Validation, Supervision, Project administration, Concep-
tualization. Justin Paul: Writing — review & editing, Visualization,
Validation, Supervision, Project administration, Conceptualization.

Declaration of Competing Interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

References

Archak, N., Ghose, A., & Ipeirotis, P. G. (2011). Deriving the pricing power of product
features by mining customer reviews. Management Science, 57(8), 1485-1509.
Bansal, H. S., & Voyer, P. A. (2000). Word-of-mouth processes within a services purchase

decision context. Journal of Service Research, 3(2), 166-177.



M. Guha Majumder et al.

Baek, H., Ahn, J. H., & Choi, Y. (2013). Helpfulness of online customer reviews: Readers’
objectives and review cues. International Journal of Electronic Commerce, 17(2),
99-126.

Baek, H., Lee, S., Oh, S., & Ahn, J. H. (2015). Normative social influence and online
review helpfulness: Polynomial modeling and response surface analysis. Journal of
Electronic Commerce Research, 16(4), 290-306.

Baima, G., Santoro, G., Pellicelli, A.C. and Mitrgga, M. (2022), “Testing the antecedents
of customer knowledge sharing on social media: a quantitative analysis on Italian
consumers”, International Marketing Review, Vol. ahead-of-print No. ahead-of-print.
https://doi.org/10.1108/IMR-03-2021-0122).

Berthon, P., Pitt, L., & Campbell, C. (2008). Ad lib: When customers create the ad.
California Management Review, 50(4), 6-30.

Bhattacherjee, A., & Sanford, C. (2006). Influence processes for information technology
acceptance: An elaboration likelihood model. MIS Quarterly, 30(4), 805-825.

Bhattacharjee, S., Gopal, R.D., Marsden, J.R., & Sankaranarayanan, R. (2009). Re-tuning
the music industry. Communications of the ACM. 52(6) 136 — 140.

Chakraborty, D., & Paul, J. (2022). Healthcare apps’ purchase intention: A consumption
values perspective. Technovation. https://doi.org/10.1016/j.
technovation.2022.102481

Chopdar, P. K., Paul, J., & Prodanova, J. (2022). Mobile shoppers’ response to Covid-19
phobia, pessimism and smartphone addiction: Does social influence matter?
Technological Forecasting and Social Change, 174, Article 121249.

Chopdar, P. K., Paul, J., Korfiatis, N., & Lytras, M. D. (2022). Examining the role of
consumer impulsiveness in multiple app usage behavior among mobile shoppers.
Journal of Business Research, 140, 657-669.

Bresciani, S., Huarng, K. H., Malhotra, A., & Ferraris, A. (2021). Digital transformation as
a springboard for product, process and business model innovation. Journal of
Business Research, 128, 204-210.

Bruce, N. ., Foutz, N. Z., & Kolsarici, C. (2012). Dynamic effectiveness of advertising and
word of mouth in sequential distribution of new products. Journal of Marketing
Research, 49(4), 469-486.

Cao, Q., Duan, W., & Gan, Q. (2011). Exploring determinants of voting for the
‘helpfulness’ of online user reviews: A text mining approach. Decision Support
Systems, 50(2), 511-521.

Chakravarti, A., Janiszewski, C., & Ulkumen, G. (2006). The neglect of prescreening
information. Journal of Marketing Research, 43(4), 642-653.

Chen, Y., & Xie, J. (2008). Online consumer review: Word-of-mouth as a new element of
marketing communication mix. Management Science, 54(3), 477-491.

Cheung, C. M. K., & Thadani, D. R. (2012). The impact of electronic word-of-mouth
communication: A literature analysis and integrative model. Decision Support
Systems, 54(1), 461-470. https://doi.org/10.1016/j.dss.2012.06.008

Cheung, Y., & Ho, H. (2015). Social influence’s impact on reader perceptions of online
reviews. Journal of Business Research, 68(4), 883-887.

Chevalier, J. A., & Mayzlin, D. (2006). The Effect of Word of Mouth on Sales: Online Book
Reviews. Journal of Marketing Research, 43(3), 345-354.

Chiou, J. S., Hsiao, C. C., & Chiu, T. Y. (2018). The credibility and attribution of online
reviews: Differences between high and low product knowledge customers. Online
Information Review, 42(5), 630-646.

Choi, H. S., & Leon, S. (2020). An empirical investigation of online review helpfulness: A
big data perspective. Decision Support Systems, 139, Article 113403.

Chua, A. Y. K., & Banerjee, S. (2015). Understanding review helpfulness as a function of
reviewer reputation, review rating, and review depth. Journal of the Association for
Information Science and Technology, 66(2), 354-362.

Cialdini, R. B. (2009). Influence: Science and Practice. Boston: MA, Pearson Education.

Clark, M.S., & Isen, A.M. (1982). Towards understanding the relationship between
feeling states and social behavior.in Hastorf, A.H. and Isen, A.M. (Eds), Cognitive
Social Psychology, Elsevier, New York, NY, 73-108.

Cui, G., Lui, H. K., & Guo, X. (2012). The effect of online consumer reviews on new
product sales. International Journal of Electronic Commerce, 17(1), 39-58.

Del Giudice, M., Scuotto, V., Papa, A., Tarba, S., Bresciani, S., & Warkentin, M. (2020).
A self-tuning model for smart manufacturing SMEs: Effects on digital innovation.
Journal of Product Innovation Management. https://doi.org/10.1111/jpim.12560

Dellarocas, C. (2003). The digitization of word of mouth: Promise and challenges of
online feedback mechanisms. Management Science., 49(10), 1407-1424.

Desmet, P., & Hekkert, P. (2007). Framework of product experience. International Journal
of Design, 1(1), 57-66.

Deutsch, M., & Gerard, H. B. (1955). A study of normative and informational social
influences upon individual judgment. The Journal of Abnormal and Social Psychology,
51(3), 629-636.

Dimoka, A., Hong, Y., & Pavlou, P. A. (2012). On product uncertainty in online markets:
Theory and evidence. MIS Quarterly, 36(2), 395-426.

Dyck, J., Pinelle, D., Brown, B., & Gutwin, C. (2003). Learning from Games: HCI Design
Innovations in Entertainment Software. In Proceedings of the Conference on Human-
Computer Interaction and Computer Graphics (GI'03) (pp. 237-246).

Erevelles, S., Fukawa, N., & Swayne, L. (2016). Big Data consumer analytics and the
transformation of marketing. Journal of Business Research, 69(2), 897-904.

Feldman, R., & Sanger, J. (2006). Information extraction (pp. 94-130). The text mining
handbook: Advanced approaches in analyzing unstructured data.

Ferraris, A., Del Giudice, M., Grandhi, B., & Cillo, V. (2019). Refining the relation
between cause-related marketing and consumers purchase intentions. International
Marketing Review, 37(4), 661-669.

Ferraris, A., Mazzoleni, A., Devalle, A., & Couturier, J. (2019). Big data analytics
capabilities and knowledge management: Impact on firm performance. Management
Decision, 57(8), 1923-1936.

162

Journal of Business Research 150 (2022) 147-164

Ferreira, J. J., Fernandes, C. ., & Ferreira, F. A. (2019). To be or not to be digital, that is
the question: Firm innovation and performance. Journal of Business Research, 101,
583-590.

Filieri, R. (2015). What makes online reviews helpful? A diagnosticity-adoption
framework to explain informational and normative influences in e-WOM. Journal of
Business Research, 68(1), 1261-1270.

Forman, C., Ghose, A., & Wiesenfeld, B. (2008). Examining the Relationship between
Reviews and Sales: The Role of Reviewer Identity Disclosure in Electronic Markets.
Information Systems Research, 19(3), 291-313.

Galindo-Martin, M.A., Castafo-Martinez, M.A., & Méndez-Picazo, M.T. (2019). Digital
transformation, digital dividends and entrepreneurship: A quantitative analysis,
Journal of Business Research, 101, 522-527.

Ghose, A., & Ipeirotis, P. (2007). In Designing Novel Review Ranking Systems: Predicting
Usefulness and Impact of Reviews (pp. 1-7). Minneapolis, Minnesota: ACM.

Ghose, A., & Ipeirotis, P. (2011). Estimating the helpfulness and economic impact of
product reviews: Mining text and reviewer characteristics. IEEE Transactions on
Knowledge and Data Engineering, 23(10), 1498-1512.

Ghasemaghaei, M., Eslami, S. P., Deal, K., & Hassanein, K. (2018). Reviews’ length and
sentiment as correlates of online reviews’ ratings. Internet Research, 28(3), 544-563.

Godes, D., & Silva, J. C. (2012). Sequential and Temporal Dynamics of Online Opinion.
Marketing Science, 31(3), 448-473.

Gordon-Wilson, S. (2021). Consumption practices during the COVID-19 crisis.
International Journal of Consumer Studies. https://doi.org/10.1111/ijes. 12701

Grimes, S. (2007). A brief history of text analytics. BeyeNetwork. Retrieved from http://
www.b-eye-network.com/view/6311.

Green, S. B. (1991). How many subjects does it take to do a regression analysis.
Multivariate behavioral research, 26(3), 499-510.

Guo, B., & Zhou, S. (2016). What makes population perception of review helpfulness: An
information processing perspective. Electronic Commerce Research, 17, 585-608.
Gunawan, D. D., & Huarng, K. H. (2015). Viral effects of social network and media on
consumers’ purchase intention. Journal of Business Research, 68(1), 2237-2241.
Hollebeek, L. D., Glynn, M. S., & Brodie, R. J. (2014). Customer brand engagement in
social media: Conceptualization, scale development and validation. Journal of

Interactive Marketing, 28(2), 149-165.

Hong, H., Xu, D., Wang, G. A., & Fan, W. (2017). Understanding the determinants of
online review helpfulness: A meta-analytic investigation. Decision Support Systems,
102, 1-11.

Huang, A. H., Chen, K., Yen, D. C., & Tran, T. P. (2015). A study of factors that contribute
to online review helpfulness. Computers in Human Behavior, 48, 17-27.

Huang, P., Lurie, N. H., & Mitra, S. (2009). Searching for experience on the web: An
empirical examination of consumer behavior for search and experience goods.
Journal of marketing, 73(2), 55-69.

Hu, N., Koh, N. S, & Reddy, S. K. (2014). Ratings lead you to the product, reviews help
you clinch it? the mediating role of online review sentiments on product sales.
Decision Support Systems, 57, 42-53. available at: www.sciencedirect.com/science/
journal/01679236/57.

Hu, N., Liu, L., & Zhang, J. J. (2008). Do online reviews affect product sales? The role of
reviewer characteristics and temporal effects. Information Technology and
Management, 9(3), 201-214.

Jahoda, M. (1959). Conformity and Independence: A Psychological Analysis. Human
Relations., 12, 99-120.

Kaemingk, D. (2020). Online reviews statistics to know in 2021 — Qualtrics.

Kao, A., & Poteet, S. (2007). Natural language processing and text mining: Springer.

Kano, Y., Baumgartner, W. A., McCrohon, L., Ananiadou, S., Cohen, K. B., Hunter, L., &
Tsujii, T. (2009). Data mining: Concept and techniques. Oxford Journal of
Bioinformatics, 25(15), 1997-1998.

Khare, A., Labrecque, L. I., & Asare, A. K. (2011). The assimilative and contrastive effects
of word-ofmouth volume: An experimental of online customer ratings. Journal of
Retailing, 87(1), 111-126.

Kim, S.M., Pantel, P., Chklovski, T., & Pennacchiotti, M. (2006). Automatically Assessing
Review Helpfulness, Paper presented at the Conference on Empirical Methods in
Natural Language Processing, Sydney, Australia.

Kim, H. (2014). The role of WOM and dynamic capability in B2B transactions. Journal of
Research in Interactive Marketing, 8(2), 84-101.

Kim, Y., & Na, J. (2007). Effects of celebrity athlete endorsement on attitude towards the
product: The role of credibility, attractiveness and the concept of congruence.
International Journal of Sports Marketing and Sponsorship, 8(4), 23-33.

Korfiatis, N., Garcia-Bariocanal, E., & Sdnchez-Alonso, S. (2012). Evaluating content
quality and helpfulness of online product reviews: The interplay of review
helpfulness vs review content. Electronic Commerce Research and Applications, 11(3),
205-217.

Kursan Milakovi¢, I. (2021). Purchase experience during the COVID-19 pandemic and
social cognitive theory: The relevance of consumer vulnerability, resilience, and
adaptability for purchase satisfaction and repurchase. International Journal of
Consumer Studies. https://doi.org/10.1111/ijcs. 12672

Latane, B. (1981). The Psychology of Social Impact. American Psychologist, 36(4),
343-356.

Li, M., Huang, L., Tan, C. H., & Wei, K. K. (2013). Helpfulness of online product reviews
as seen by customers: Source and content features. International Journal of Electronic
Commerce, 17(4), 101-136.

Lin, C. A, Lin, C. A., Xu, X., & Xu, X. (2017). Effectiveness of online customer reviews:
The influence of valence, reviewer ethnicity, social distance and source
trustworthiness. Internet Research, 27(2), 362-380.

Lopez-Lopez, 1., & Parra, J. F. (2016). Is a most helpful eWOM review really helpful? The
impact of conflicting aggregate valence and customer’s goals on product attitude.
Internet Research, 26(4), 827-844.



M. Guha Majumder et al.

Magni, D., Chierici, R., Fait, M. and Lefebvre, K. (2021). A network model approach to
enhance knowledge sharing for internationalization readiness of SMEs, International
Marketing Review, Vol. ahead-of-print No. ahead-of-print. https://doi.org/10.1108/
IMR-03-2021-0110.

Makrides, A., Kvasova, O., Thrassou, A., Hadjielias, E., & Ferraris, A. (2021). Consumer
cosmopolitanism in international marketing research: A systematic review and
future research agenda. International Marketing Review. https://doi.org/10.1108/
IMR-12-2020-0304

Mishra, K. K., Rana, N. P., & Dwivedi, Y. K. (2018). Exploring reviews and review
sequences on e-commerce platform: A study of helpful reviews on Amazon. Journal
of retailing and Consumer Services, 45, 21-32.

Mudambi, S. M., & Schuff, D. (2010). What makes a helpful review? A study of customer
reviews on Amazon.com. MIS Quarterly, 34(1), 185-200.

Nayal, P., Pandey, N., & Paul, J. (2021). Covid-19 Pandemic and Consumer-Employee-
Organization wellbeing: A dynamic capability theory approach. Journal of Consumer
Affairs. https://doi.org/10.1111/joca.12399

Nelson, P. (1970). Information and Customer Behavior. Journal of Political Economy, 78,
311-329.

Nelson, P. (1974). Advertising as Information. Journal of Political Economy, 81(4),
729-754.

Osgood, C. E., & Tannenbaum, P. H. (1955). The principle of congruity in the prediction
of attitude change. Psychological Review, 62(1), 42-55.

Pan, Y., & Zhang, J. Q. (2011). Born Unequal: A Study of the Helpfulness of User-
Generated Product Reviews. Journal of Retailing., 87(4), 598-612.

Pang, B., & Lee, L. (2008). Opinion mining and sentiment analysis. Foundations and
Trends in Information Retrieval, available at: http://dl.acm.org/citation.cfm?
1d%1454712 (accessed May 2021).

Park, S. B., & Park, D. H. (2013). The Effect of Low- Versus High- variance in Product
Reviews on Product Evaluation. Psychology & Marketing, 30(7), 543-554.

Paul, J., & Bhukya, R. (2021). Forty-five years of International Journal of Consumer
Studies: A bibliometric review and directions for future research. International
Journal of Consumer Studies, 45(5), 937-963.

Purohit, S., Arora, R., & Paul, J. (2022). The bright side of online consumer behavior:
Continuance intention for mobile payments. Journal of Consumer Behaviour.. https://
doi.org/10.1002/cb.2017

Pavlou, P. A., & Dimoka, A. (2006). The nature and role of feedback text comments in
online marketplaces: Implications for trust building, price premiums, and seller
differentiation. Information Systems Research., 17(4), 392-414.

Protaziuk, G., Lewandowski, J., & Bembenik, R. (2016). SAUText-a system for analysis of
unstructured textual data. Journal of International Information System, 46, 369-389.

Purnawirawan, N., Den, N., & Pelsmacker, P. D. (2014). Expert Reviewers Beware! The
Effects of Review Set Balance, Review Source and Review Content on Customer
Responses to Online Reviews. Journal of Electronic Commerce Research, 15(3),
162-178.

Purnawirawan, N., Eisend, M., De Pelsmacker, P., & Dens, N. (2015).A meta-analytic
investigation of the role of valence in online reviews. Journal of Interactive
Marketing, 31, 17-27.

Racherla, P., Mandviwalla, M., & Connolly, D. J. (2012). Factors Affecting Consumers’
Trust in Online Product Reviews. Journal of Consumer Behavior, 11, 94-104. https://
doi.org/10.1002/cb.385

Rialti, R., Zollo, L., Ferraris, A., & Alon, 1. (2019). Big data analytics capabilities and
performance: Evidence from a moderated multi-mediation model. Technological
Forecasting and Social Change, 149, Article 119781.

Rayburn, S. W., McGeorge, A., Anderson, S., & Sierra, J. J. (2021). Crisis-induced
behavior: From fear and frugality to the familiar. International Journal of Consumer
Studies. https://doi.org/10.1111/ijecs.12698

Saboo, A. R., Kumar, V., & Ramani, G. (2015). Evaluating the impact of social media
activities on human brand sales. International Journal of Research in Marketing, 33(3),
524-541.

Sharma, G. D., Thomas, A., & Paul, J. (2021). Reviving tourism industry post-COVID-19:
A resilience-based framework. Tourism management perspectives, 37, Article 100786.

Siddiqi, U. L., Akhtar, N., & Islam, T. (2022). Restaurant hygiene attributes and
consumers’ fear of COVID-19: Does psychological distress matter? Journal of
Retailing and Consumer Services, 67, Article 102972.

Schindler, R. M., & Bickart, B. (2012). Perceived helpfulness of online customer reviews:
The role of message content and style. Journal of Customer Behaviour, 11(3),
234-243.

Schmitt, B. H. (1999). Experiential Marketing. New York: Free Press.

Sen, S., & Lerman, D. (2007). Why Are You Telling Me This? An Examination into
Negative Consumer Reviews on the Web. Journal of Interactive Marketing, 21(4),
76-94.

Severin, W. (1967). Another look at cue summation. Educational Technology Research and
Development, 15(3), 233-245.

Siering, M., & Muntermann, J. (2013). What drives the helpfulness of online product
reviews? From stars to facts and emotions.

Siering, M., Muntermann, J., & Rajagopalan, B. (2018). Explaining and predicting online
review helpfulness: The role of content and reviewer-related signals. Decision Support
Systems, 108, 1-12.

Stigler, G. J. (1961). The Economics of Information. Journal of Political Economy, 69(3),
213-225.

Ullah, R., Zeb, A., & Kim, W. (2015). The impact of emotions on the helpfulness of movie
reviews. Journal of Applied Research and Technology, 13(3), 359-363.

Tabachnick, B. G., Fidell, L. S., & Ullman, J. B. (2007). Using multivariate statistics (5th
edition). Allyn and Bacon: New York.

163

Journal of Business Research 150 (2022) 147-164

Vaidyanathan, R., Aggarwal, P., & Koztowski, W. (2013). Interdependent self-construal
in collectivist cultures: Effects on compliance in a cause-related marketing context.
Journal of Marketing Communications., 19(1), 44-57.

Verma, S., & Yadav, N. (2021). Past, present, and future of electronic word of mouth
(EWOM). Journal of Interactive Marketing, 53, 111-128.

Weiner, B. (1986). Attribution, emotion, and action. In R. M. Sorrentino, & E. T. Higgins
(Eds.), Handbook of motivation and cognition: Foundations of social behavior (pp.
281-312). Guilford Press.

Wu, P. F. (2013). In search of negativity bias: An empirical study of perceived helpfulness
of online reviews. Psychology & Marketing, 30(11), 971-984.

Wu, J. (2017). Review popularity and review helpfulness: A model for user review
effectiveness. Decision Support Systems, 97, 92-103.

Xia, L., & Bechwati, N. N. (2008). Word of Mouse: The Role of Cognitive Personalization
in Online Consumer Reviews. Journal of Interactive Advertising, 9(1), 3-13.

Yan, J., Zhang, L., & Zhang, L. (2012). An empirical study of the impact of review content
on online eviews helpfulness in E-commerce. Information Science., 30(5), 713-719.

Yi Chen, M., Teng, C.-I., & Chiou, K.-W. (2020). The helpfulness of online reviews images
in review content and the facial expressions of reviewers’ avatars. Online Information
Review, 44(1), 90-113.

Yin, D., Bond, S. D., & Zhang, H. (2014). Anxious or angry? Effects of discrete emotions
on the perceived helpfulness of online reviews. Add. MIS quarterly, 38(2), 539-560.

Yin, D., Mitra, S., & Zhang, H. (2016). Research note—When do consumers value positive
vs. negative reviews? An empirical investigation of confirmation bias in online word
of mouth. Information Systems Research, 27(1), 131-144.

Zablocki, A., Makri, K., & Houston, M. J. (2019). Emotions within Online Reviews and
their Influence on Product Attitudes in Austria, USA and Thailand. Journal of
Interactive Marketing, 46, 20-39.

Zhang, R., & Tran, T. (2010). Helpful or Unhelpful: A Linear Approach for Ranking
Product. Journal of Electronic Commerce Research, 15(1), 220-230.

Zheng, Y., Zhao, K., & Stylianou, A. (2013). The impact of information quality and
system quality on user§ continuance intention in information-exchange virtual
communities: An empirical investigation. Decision Support Systems, 56(2), 513-524.

Zhou, S., & Guo, B. (2015). The interactive effect of review rating and text sentiment on
review helpfulness in Stuckenschmidt, H. In D. Jannach (Ed.), E-Commerce and Web
Technologies (pp. 100-111). Springer.

Dr. Madhumita Guha Majumder is an accomplished professional who has acquired more
than 25 years of teaching & training experience at national and international arenas.
Currently, she is working as a Professor & Head at Welingkar Institute of Management
Development and Research, Bangalore, India. Her core competencies lie in the areas of
Statistical Model Building, Data Visualization, Descriptive Analytics, Machine Learning, Pre-
dictive Modeling, Optimization Analytics, Pattern Identification, Marketing Analytics, Financial
Modeling & Risk Analytics. Supply Chain Analytics, HR Analytics and Text Mining (Natural
Language Processing). She conceptualizes analytics in effective business transformation
using various analytical tools. She has trained more than 1000 corporates to enhance their
career opportunities which also facilitates the brand building of the parent organization.
She constantly trains the trainers to build a strong platform of faculty in the area of An-
alytics and research. Her current research is based on diversified areas including knowl-
edge management, financial management, employee engagement & consumer analytics.
She has bagged many publications in referred journals where the applications of analytics
in business decision making as well as policy related research have been examined. She
serves as an Editorial Board member in a few journals including International Journal of
Banking, Risk and Insurance, Amity Journal of Economics and in Journal of Learning in
Business Management, Economics & Finance. She offers outstanding organizational &
cross functional leadership with a strong track record of creating business models for the
organization.

Dr. Sangita Dutta Gupta is an educator and researcher with more than 20 years of
teaching experience at the undergraduate and postgraduate levels. She is currently asso-
ciated with BML Munjal University as Associate Professor of Economics. She has published
research papers in well-known peer-reviewed journals like Technological Forecasting and
Social Change, Management Decision, Benchmarking: An International Journal, South
Asia Economic Journal, Gender in Management, International Journal of Emerging Mar-
kets, etc. She has presented her research papers in well-known national and international
conferences including GWO Conference in Sydney, CIS Conference in Boston, and India
Finance Conference at IIM C. Dr. Dutta Gupta is on the editorial review board of the In-
ternational Journal of Emerging Markets, She is a reviewer of top journals

Dr. Justin Paul Dr Justin Paul, serves as Editor-in-chief of A ranked International Journal
of Consumer studies (IF 3.9), and as an Associate Editor of Journal of Business Research. A
former faculty member with the University of Washington, he serves as Full Professor of
PhD & MBA programs, University of Puerto Rico, USA (AACSB). He holds three honorary
titles as ’Distinguished Professor’ with three reputed universities including- Indian Insti-
tute of Management (IIM-K), and SIBM, Pune. He is known as an author/co-author of
books such as Business Environment (4th ed), International Marketing, Services Market-
ing, Export-Import Management (2nd edition), Management of Banking & Financial Ser-
vices by McGraw-Hill, Oxford University Press & Pearson respectively. He is also an
Associate Editor with European Management Journal, & Journal of Strategic Marketing.
Dr. Paul introduced the Masstige model and measure for brand management, CPP Model
for internationalization, SCOPE framework for Small firms and 7-P Framework for Inter-
national Marketing. His articles have been downloaded over 800,000 times during the last
six years. He is ranked among the world’s top 1% highly cited researchers based on Web of
Science statistics with citations increasing at 375 per month in 2021. An author of over 130
research papers in SSCI journals, Justin has over 70 papers are in A or A star journals. He
has also served as an associate professor at Nagoya University, Japan and as Department



M. Guha Majumder et al. Journal of Business Research 150 (2022) 147-164

Chair at IIM. In addition, he has taught full courses at Aarhus University- Denmark, Gre- University- Austria, Fudan & UIBE-China, UAB- Barcelona and Madrid and has published
noble Eco le de Management-& University of Versailles -France, University-Lithuania, three best selling case studies with Ivey & Harvard. He has visited over 60 countries as a
Warsaw -Poland and has been a visiting professor at University of Chicago, Vienna visiting professor / speaker.

164



