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Abstract

Consumers often rely on online review sites (e.g., Yelp, TripAdvisor) to read reviews on service products they may consider
choosing. Despite the usefulness of such reviews, consumers may have difficulty finding reviews suitable for their own pref-
erences because those reviews possess significant preference heterogeneity among reviewers. Differences in the four dimen-
sions of individual reviewers (Experience, Productivity, Details, and Criticalness) lead them to have differential impacts on
various consumers. Thus, this research is aimed at understanding the profiles of multiple influential reviewer segments in the
service industries under two fundamental evaluation principles (Quality and Likeness). Based on the results, we theorize that
reviewer influence arises from writing either reviews of high quality (Quality) or reviews reflecting a significant segment of
consumers’ common preferences (Likeness). Using two service product categories (restaurants and hotels), we empirically
identify and profile four specific influential review segments: (1) top-tier quality reviewers, (2) second-tier quality reviewers,
(3) likeness (common) reviewers, and (4) less critical likeness reviewers. By using our approach, product review website
managers can present product reviews in such a way that users can easily choose reviews and reviewers that match their
preferences out of a vast collection of reviews containing all kinds of preferences.

Keywords Text mining - Finite mixture modeling - Reviewer segmentation - Online reviewer

Online reviews contain enriched purchase experiences
covering all sorts of service products. Recent research has
shown that such reviews help consumers make choices from
multiple product alternatives (Chevalier and Mayzlin 2006;
Choi and Leon 2020; Grewal and Stephen 2019; Ismagilova
et al. 2020; Leong et al. 2021; Lopez et al. 2020; Proserpio
and Zervas 2017; Ren and Nickerson 2019; Shihab and Putri
2019; Siddiqi et al. 2020; Thomas et al. 2019; Vana and
Lambrecht 2021; Zablocki et al. 2019; Zheng 2021; Zhu
and Zhang 2010). Because online reviews are created by
reviewers, it is important for businesses to understand how
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reviewers interact with other consumers so that they can
reach out to their target consumers through product pro-
motion and customer retention efforts on review platforms
(Trusov et al. 2010). To reflect the importance of reviewers
on general consumers, many social media platforms evalu-
ate, recognize, and even feature influential reviewers to their
platform users (Rust et al. 2021). For example, a reviewer’s
rank on Amazon.com is determined by the overall helpful-
ness of all reviews by the reviewer, factoring in the number
of reviews by the reviewer (Yazdani et al. 2018). The help-
fulness of each review is determined by votes for the review
from general customers (Www.amazon.com/review/top-revie
wers). According to Amazon, a top-ranked reviewer, Wm
(Andy) Anderson, has received more than 40,000 help-
ful votes for his various posted book reviews. By contrast,
another reviewer, PhotoGraphics, has mostly written about
everyday life products such as cat food, mug suction cups,
and almonds. Importantly, these examples demonstrate
that different types of influential reviewers impact different
consumers.

To understand these various types of reviewers, research-
ers have recently examined the characteristics and roles of
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reviewers in generating such reviews (Ghose and Ipeirotis
2011; Hoskins et al. 2021; Ismagilova et al. 2020; Karimi
and Wang 2017; Lo and Yao 2019; Ozanne et al. 2019;
Sunder et al. 2019; Wu et al. 2021). Given the importance
of reviewers on social media, researchers have character-
ized these reviewers as opinion leaders in their interactions
with general consumers (Flynn et al. 1996; Mu et al. 2018).
Although this stream of research enhances our understand-
ing of different reviewers, it falls short of uncovering the
vast amounts of reviewers’ preference heterogeneity buried
in their posted reviews. Compared to the traditional con-
sumer segmentation methods based on a limited number
of structured variables (e.g., price, promotion) (Suay-Pérez
et al. 2021; Kamakura and Russell 1989), our research takes
advantage of extremely enriched and readily accessible
unstructured information from a large number of reviewers
for reviewer segmentation.

Importantly, unlike existing studies, the primary objec-
tive of this research is to methodically profile multiple
influential reviewer segments through reviewer segmenta-
tion to help service businesses establish effective segment-
specific business strategies (see Table 1). In our research,
we find that there are two principles under which reviewers
become influential [raising the quality of reviews (Quality)
and showing similar preferences to a significant size of con-
sumers (Likeness)]. Further, we show how reviewers’ four
dimensions (Experience, Productivity, Details, and Critical-
ness) in their textual product reviews explain their influence
on social media. Practically, using the results of our reviewer
segmentation, review platforms can present the essential
properties of multiple influential reviewer segments, which
can allow their users to choose reviews that match their pref-
erences out of a vast collection of cluttered reviews.

In the context of social media, we theorize that users
may take advantage of two fundamentally distinct types
of reviewers: one type writing high-quality reviews (Qual-
ity) and the other type appealing to consumers by sharing
similar preferences (Likeness). The coexistence of profes-
sional reviewers (e.g., power bloggers), along with ordinary
amateur reviewers in many online review platforms cover-
ing various industries, attest to these two types of review-
ers (Yazdani et al. 2018). In particular, we find a notable
example of this case in the movie industry (Jacobs et al.
2015; Tsao 2014), where reviews by both professional critics
(e.g., Metacritic, Rotten Tomatoes) and ordinary moviegoers
(e.g., IMDb, Yahoo! Movies) strongly influence movie rev-
enues. In their meta-analysis on the source credibility effect,
Ismagilova et al. (2020) found that both source expertise and
homophily between an information source and a receiver
significantly influence information adoption and purchase
intention.

On online review sites, one common way for consumers
to reduce their transaction costs and uncertainties is to rely

on like-minded reviewers who share similar preferences with
them (Likeness). Social media studies show that ordinary
users’ recommendations influence other consumers more
effectively than experts’ recommendations because ordinary
users are perceived as being more credible, which evokes
stronger empathy due to the homophily of users sharing sim-
ilar identities and preferences (Filieri et al. 2018; Huang and
Chen 2006; Ladhari et al. 2020; Sokolova and Kefi 2020;
Tsao 2014). Further, reviewers whose preferences reflect
a significant proportion of consumer groups will be more
influential because they can appeal to a larger consumer
group. The other way to be influential on review sites is to
post high-quality reviews consistently through accumulated
experience and knowledge (Akdeniz et al. 2013; Kamakura
et al. 2006). In their research on word-of-mouth, Bansal and
Voyer (2000) found that the sender’s expertise indicates a
positive influence on the receiver’s purchase decision (Gilly
et al. 1998; Hovland and Weiss 1951).

Given the stated research findings, this research is
aimed at identifying and profiling diverse reviewer groups
grounded in the two principles of Quality and Likeness. Fur-
thermore, to profile influential reviewer segments, we use
four dimensions of reviewer characteristics, taking advan-
tage of the common structure of typical online review sites:
(1) Experience (Banerjee et al. 2017; Zhu and Zhang 2010),
(2) Productivity (Ngo-Ye and Sinha 2014; You et al. 2015),
(3) Details (Chevalier and Mayzlin 2006; Pan and Zhang
2011), and (4) Criticalness (Mudambi and Schuft 2010).
Most of these studies have focused on the reviews them-
selves and have examined some of the factors selectively
without a general framework. By contrast, we examine the
four reviewer dimensions from a comprehensive perspec-
tive to understand how they play out in determining various
types of reviewer influence.

From a managerial perspective, this research can help
review platform managers oversee their user information
(Yee et al. 2021). For example, if a platform can classify its
reviewers into several homogeneous groups, platform users
can more efficiently find relevant purchase and consump-
tion information from reviewers sharing similar preferences.
When a platform provides more customized reviewer match-
ing through reviewer segmentation, its users’ visit frequen-
cies will increase (Baird and Parasnis 2011).

Literature review

Individual reviewers’ preferences and writing styles revealed
in their product reviews have differential impacts on other
consumers. For example, Naylor et al. (2011) found that con-
sumers use an accessibility-based egocentric anchor to infer
that ambiguous reviewers have similar tastes to their own,
leading consumers to be similarly persuaded by reviews
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written by ambiguous and similar reviewers. Opinion lead-
ers are identified as having high product expertise and
strong social connections. In the context of online review
sites, opinion leaders can be perceived as influential review-
ers with product expertise supported by other consumers’
votes for their reviews (Agnihotri and Bhattacharya 2016;
Casal6 et al. 2020; Chan and Misra 1990; Farivar et al. 2021;
Kuksov and Liao 2019; Risselada et al. 2018; Vrontis et al.
2021). In measuring how effective reviewers are in assisting
other consumers, cue-based trust theory may be applicable
(Wang et al. 2004). Trust is commonly studied with a two-
dimensional view based on a rational evaluation process
and an emotional response (Komiak and Bendasat 2006;
Ozdemir et al. 2020; Punyatoya 2019). Following this view,
Johnson and Grayson (2005) identified two opposing types
of trust in evaluating interpersonal trust—affective trust and
cognitive trust—in consumer-level service relationships. In
the social media context, value expressive signals such as
attitudes, hobbies, and preferences are revealed in consumer
reviews, which suggests that social media members inter-
act to experience a psychological connection or emotional
affiliation with other like-minded members (Mu et al. 2018).
On the other hand, cognitive trust is based on accumulated
knowledge that allows consumers to make predictions with
some level of confidence. Online content with high cred-
ibility (such as consumer reviews) may appeal to uncertain
consumers as a source of cognition-based trust (Moorman
et al. 1992). The empirical results by Johnson and Grayson
(2005) supported the relationship between trust and sales
(Grimm 2005; Lewis and Weigert 1985).

Reviewers with significant influence may be regarded as
opinion leaders on social media. Opinion leadership may
take place when reviewers influence other consumers’ pur-
chasing behavior in specific product categories rather than
across categories (Flynn et al. 1996; Vrontis et al. 2021).
Hennig-Thurau et al. (2004) identified four online con-
sumer segments based on eight motives of consumer online
articulation (e.g., self-enhancement, social benefits): self-
interested helpers, multiple-motive consumers, consumer
advocates, and true altruists. A major distinction regarding
these reviewers can be made in terms of the magnitude of
their influence on other consumers.

The success of social media sites relies on the number
and activity levels of their users (Algharabat et al. 2020;
Lim et al. 2020). Although users typically have numer-
ous connections to other site users, only a fraction of
these so-called social media friends actually influence
other members’ site usage (Trusov et al. 2010). Lee et al.
(2011) found that helpful reviewers on TripAdvisor.com
are those who travel more, actively post reviews, and give
lower hotel ratings. Mu et al. (2018) examined the differ-
ential effects of online group influence on digital product
consumption in online music listening, with a distinction

between mainstream music and niche music. When con-
sumers read online reviews to find satisfactory products,
the combination of varied preferences and the unique writ-
ing characteristics of each distinct reviewer segment will
exert differential influences on various consumers (Alge-
sheimer et al. 2005; Flynn et al. 1996; Lee et al. 2011; Mu
et al. 2018).

Our review of the online reviewer literature identified four
major reviewer characteristics that can determine reviewer
influence on online review platforms: (1) Experience, (2)
Productivity, (3) Details, and (4) Criticalness. First, in the
context of online reviews, experience can be measured by
the time length for which the reviewer has been a member
of the review community. Studies have found that review-
ers’ experience in online review sites is positively associated
with reviewer trustworthiness perceived by consumers and
review helpfulness (Ku et al. 2012; Malik and Hussain 2020;
Zhu and Zhang 2010).

Second, many studies have examined the positive impact
of review volume on sales (Chintagunta et al. 2010; Kim
et al. 2019), as consumers may perceive the volume signal
as credible (Banerjee et al. 2017; You et al. 2015; Zhu and
Zhang 2010). In addition, Ngo-Ye and Sinha (2014) focused
on reviewers rather than reviews and found that the review-
er’s review frequency helps predict review helpfulness.

Third, previous research has found that word-of-mouth
recommendations with details about products are more per-
suasive than broad and general reviews because detailed
reviews are more diagnostic in making purchase decisions
(Dholakia and Sternthal 1977; Herr et al. 1991). Studies
have shown that longer reviews include more details on
product information, product usage, and consumers’ overall
consumption experiences (Ren and Hong 2019). Therefore,
detailed reviews are likely to be perceived to be more help-
ful in assessing product quality and performance (Mudambi
and Schuff 2010). Chevalier and Mayzlin’s (2006) study on
Amazon reviews also showed that the amount of information
in reviews has a positive correlation with overall product
sales. Further, consumers consider a reviewer who spent
more time writing a long review as being more credible (Pan
and Zhang 2011).

Lastly, the reviewer’s summary rating of the product
indicates his or her overall assessment of the product under
review (Mudambi and Schuff 2010; Sanchez-Pérez et al.
2021). The rating is regarded as a useful cue for consumers
in evaluating product quality (Krosnick et al. 1993). Rating
valence is expected to affect review helpfulness, but previous
studies have reported inconsistent results for the direction of
this relationship (Pan and Zhang 2011; Racherla and Friske
2012). Interestingly, psychology and world-of-mouth studies
suggest that humans are drawn to and put more emphasis
on negative (compared to positive) information due to the
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negativity bias (Jordan 1965; Lo and Yao 2019; Mahajan
et al. 1984; Skowronski and Carlston 1989; Tata et al. 2020).

Empirical analyses and results

Our empirical analyses for reviewer segmentation and profil-
ing using data from two service industries (hotels and restau-
rants) take multiple successive steps. To give an overview of
these empirical analyses, we provide a flowchart in Fig. 1.
Each step in the figure is explained in detail in this empiri-
cal section.

Data from TripAdvisor (Hotels) and Yelp
(Restaurants)

We collected the necessary data from two representative
service industries: hotel reviews from TripAdvisor and
restaurant reviews from the Yelp Dataset Challenge (www.
yelp.com/dataset_challenge). We chose these two industries
because they are representative consumer service industries
that can be easily understood by most people.

First, we collected hotel service reviews from TripAdvi-
sor (Moon and Kamakura 2017). We determined that choos-
ing a specific geographical region is not suitable for hotel
reviews because individuals travel to multiple destinations
and, accordingly, generate multiple reviews from every-
where. Therefore, we adopted snowball sampling, where we
began with all hotel reviews in a single city (Phoenix, Ari-
zona) as well as the profile information of the correspond-
ing reviewers. We then collected all other hotel reviews
that these reviewers had posted on TripAdvisor. Concur-
rently, we collected the hotel characteristics reported by the
hotels, as shown in the Business-Reported Variables section
of Table 2. As a result, although we initiated the sampling
from a single city, we were able to collect a large number of
reviews around the globe. Then, we selected those review-
ers with at least ten hotel reviews in the resulting dataset for
methodologically stable and practically meaningful segmen-
tation profiling (Allaway et al. 2014). Because the primary
purpose of our analysis is to identify influential reviewers
on social media, our selection of relatively high-volume
review writers seems fitting, given that reviewers’ influ-
ence is heavily associated with their writing productivity
(Lee et al. 2011). Our sampling process resulted in a total
of 183,987 hotel reviews posted by 5906 hotel reviewers for
58,964 hotels.

The business attribute information provided by businesses
is basic and invariable across all reviews pertaining to the
same business. Accordingly, the business-reported informa-
tion cannot reflect consumers’ diverse preferences for the
business. By contrast, consumers’ reviews have an exten-
sive amount of information on both reviewers and hotels

¥

in an unstructured format. Such a data structure, common
on social media, explains why marketing practitioners can
use our procedure in this research to learn about different
reviewers representing consumer heterogeneity in hotel
preferences and choices. Furthermore, each review has an
overall rating for the particular restaurant experience on a
5-point scale. Although product sales are not available on
social media, product ratings are readily available. These
ratings are influential in consumers’ product choices as post-
consumption satisfaction evaluations of the products con-
sumed. In the current social media era, consumers’ product
choices are strongly influenced by such ratings from other
trustworthy consumers (Simonson and Rosen 2014).

Second, we also chose restaurant reviews from Yelp
(Luca and Zervas 2016). The industry, with various price
levels and various cuisines, is diverse enough to show
complicated heterogeneity in consumer preferences. In the
Yelp data covering many regions over the period between
2006 and 2016, we selected restaurants in the state of Ari-
zona over the same period. Further, we removed reviewers
who posted fewer than ten reviews on restaurants over the
11 years in the state to capture sufficient information on
the individual reviewers with respect to their preferences
and writing styles. As a result, we ended up with 356,199
reviews from 13,006 reviewers on 12,396 restaurants for our
segmentation analysis. These reviewers account for more
than 70% of all the reviews from Arizona.

Importantly, our empirical application is expected to
demonstrate that the Quality and Likeness principles prevail
in profiling influential online reviewer segments in terms
of the four reviewer characteristics (Experience, Productiv-
ity, Details, and Criticalness) consistently between the two
product categories. Further, we applied distinct sampling
approaches for the two product category cases: hotel review
sampling covering the world through snowball sampling and
restaurant review sampling based on a specific state (Ari-
zona). Showing consistent results from the two cases with
two different sampling approaches would provide strong
external and content validity for our primary results, as
demonstrated below.

Procedure for reviewer segmentation and profiling

This research presents a procedure that segments and profiles
reviewers using consumers’ reviews on businesses. Specifi-
cally, the procedure goes through the following stages: first,
we develop a business domain taxonomy (hotels and restau-
rants, respectively) using consumers’ textual reviews on the
focal business (ontology learning). This taxonomy summa-
rizes product features directly elicited from the reviews in a
structured manner. Second, using the elicited product fea-
tures, we generate a review X topic matrix, where each cell
indicates how much the review covers the product feature
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4 Data Collection
e Data collection from two service industries: hotels (TripAdvisor using the rvest and
RSelenium packages in R) and restaurants (Yelp Data Challenge).
e A large number of textual product reviews and review ratings.
e Details on the data in Table 2.

/ Structuring Product Reviews \

o Industry-specific domain taxonomy built with SAS Text Miner and the topicmodels
package in R.

e The taxonomy generated 27 product features (topics) for hotel review data, as specified
in the Consumer-Review Variables section of Table 2.

e Text categorization generating the review-by-feature matrix. Each matrix cell
indicating the amount of discussion on the feature expressed in the review.

/ Reviewer Segmentation \

¢ Finite mixture model estimation to segment reviewers into each pre-determined
number of reviewer segments using the flexmix package in R.

e Three model variants of different variable components (business-reported variable
model, consumer-review variable model, and combo model) and different numbers of
pre-defined segments (3, 4, 5, and 6).

¢ Best model selection with the optimal number of segments in the Fit of Entropy
(FOE) and information criteria (BIC, AIC, AIC3, and CAIC). The best model chosen
was the combo model with five segments.

e Details in Table 3 (best model selection) and Table 4 (parameter estimation results of

K the best model).

/ Reviewer Profiling \

e Assign each reviewer to one of the five reviewer segments.

e Given the segmentation results, we computed the segment-level statistics for each
segment in the segment size and user votes to determine the influence of each
segment. Plus, we described each segment’s characteristics in experience,
productivity, details, criticalness, and primary characteristics.

e Identification of four influential segments falling into two fundamental evaluation
principles: quality (top-tier and second-tier quality reviewers) and likeness (likeness
and less critical likeness reviewers), as shown in Table 5 for hotels.

K Table 6 replicating similar profiling patterns for restaurants /

Robustness Check
e The regression models in Table 7 verifying the four reviewer dimensions (experience,
productivity, details, and criticalness).

Fig. 1 Summary of the empirical analyses for reviewer segmentation and profiling
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Table 2 Statistics of online
reviewers, reviews, and

businesses (Hotels on
TripAdvisor)

Variable Mean Standard devia- Minimum Maximum
tion
Reviewer-level statistics (N =5906 reviewers)
User Votes [Reviewer influence] 55 62 1 967
Months on platform [Experience] 122 40 13 217
# of Reviews [Productivity] 31 27 10 317
Review length [Details] 822 490 219 7,399
Review rating [Criticalness] 4.08 0.41 1.64 5.00
Review-level statistics (N= 183,987 reviews)
User votes 1 2 0 111
Review length 834 769 28 19,968
Review rating 4.05 0.98 1.00 5.00

Votes (0=61.4%; 1=22.2%; 2=8.3%; 3=3.6%; 4=1.7%; 5+ =2.8%)

Consumer-Review Variables (27 variables)

Each variable here is produced from text categorization and is standardized to have a 0 mean and a unit
standard deviation. The symbol in () indicates the valence of the hotel service feature: + positive; —
negative; 0 neutral. We adopted these product features from Moon and Kamakura (2017)

Travel Type
(two variables)

Hotel Facility
(11 variables)

Bedroom
(six variables)

Extra Service
(four variables)
Staff Service
(two variables)

Overall Experience
(two variables)

Personal Travel (0);
Business Travel (0)

Affordable Stay (+); Expensive Stay (—); Design & Décor
(+); Good Location (+); Bad Location (—); Cool Atmos-
phere (+); Poor Atmosphere (—); Great Facilities (+); Bro-
ken Facilities (—); Awesome Rooms (+); Awful Rooms(—)

Pleasant Room Amenities (+); Disappointing Room Ameni-
ties (—); Modern Bedroom Appliances (+); Outdated
Bedroom Appliances (—); Convenient In-House Eating (+);
Free Eating (+)

Extra Activities (+); Gorgeous Views (+); Excellent Services
(+); Poor Services (—)

Pleasant Experiences (+);

Unpleasant Experiences (—)

Back Next Time (+);
No Recommendation (—)

Business-Reported Variables (14 variables; N=58,964 hotels)
Each variable here is binary; The value in () is the proportion of businesses with each product feature
Free Breakfast (47.3%); Fitness Center (53.8%); Pool (59.5%); Airport Transportation (27.0%); Shuttle
Bus (16.1%); Business Center (53.1%); Concierge (37.3%); Laundry Service (50.2%); Express Check-
In (24.5%); Bar Lounge (50.5%); ATM Onsite (14.6%); Free Parking (65.9%); Free Internet (93.0%);

Pets Allowed (33.9%)

(text categorization). Third, using both the consumer-review
variables (from the review X topic matrix) and business-
reported variables, we segment reviewers into the optimal
number of reviewer segments (finite-mixture modeling).
Lastly, we identify and profile influential reviewer segments.

Stage 1 Building a business domain taxonomy (ontol-
ogy learning) We develop a business domain taxonomy
(hotels or restaurants) based on consumers’ reviews on the
domain business using ontology learning. The taxonomy
summarizes the product features elicited from the reviews
(see the Consumer-Related Variable section of Table 2 for
hotel reviews). Each product feature identified (e.g., pleasant
room amenities) is defined by a number of descriptive terms
directly elicited from consumers’ own words in reviews
(e.g., excellent shower, high-quality linen, huge bed). To

¥

execute this task, we construct a taxonomy vocabulary for
the product category by mining online reviews on the prod-
uct using ontology learning. Ontology is an explicit, formal
specification of a shared conceptualization within the focal
domain, where “formal” implies that the ontology should be
machine-readable and shared with the broad domain soci-
ety (Buitelaar et al. 2005). Automatic support in ontology
development is referred to as “ontology learning” (Missikoff
et al. 2002).

To develop a detailed taxonomy of product features, we
develop a semi-automatic text-mining framework based on
ontology learning. In this ontology learning task, we com-
bine natural language processing (such as part-of-speech tag-
ging and the stemming function) and our domain knowledge
through research. We begin with unsupervised topic modeling
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driven by Latent Dirichlet Allocation (LDA) using enormous
volumes of textual reviews (Tirunillai and Tellis 2014). This
unsupervised step would generate a large number of product
features as topics and associated descriptive terms defining
each topic. A critical issue in producing a taxonomy from
a huge amount of information is scalability, that is, how to
process large amounts of textual information (Soucek 1991).
When marketers collect online product reviews, they often deal
with large amounts of unstructured textual reviews. For this
reason, ontology learning needs to be an automatic or semi-
automatic text-mining approach instead of a manual approach.
This automatic LDA step can efficiently reduce the amount of
effort needed to generate a complete taxonomy because it can
automatically remove a large portion of unnecessary noise in
the textual corpus.

Thus, LDA can primarily consider the relationships of the
terms used in the corpus; however, it cannot integrate substan-
tive meanings within the given domain. In particular, LDA
cannot fully grasp the hierarchical structure of the domain.
For example, our restaurant domain taxonomy generated four
grand topics (Amenities, Dining Occasions, Cuisines, and
Evaluations), where each grand topic has its own multiple
subtopics. LDA cannot capture this hierarchical structure with-
out human intervention. Given this limitation, we reorganized
and refined the initial LDA-generated taxonomy by adding
our domain knowledge obtained from our own research on
the domain industry. To obtain the necessary domain knowl-
edge, we studied the content of multiple hotel and restaurant
review sites.

Stage 2 Generating the review-by-feature matrix (text cat-
egorization) The product taxonomy in the first stage produces
a number of product features as topics, as shown in the Con-
sumer-Review Variables section in Table 2. Then, using text
categorization, we measured the amount of content pertaining
to the particular topic in each review (Feldman and Sanger
2007). This task resulted in a review-by-topic matrix, where
each cell indicates the degree to which the review covers the
product feature topic. That is, based on our final domain tax-
onomy, we counted the number of appearances of all review-
ers’ descriptive terms pertaining to each product feature topic.
Our count for the topic indicates how many times these terms
were used in the given review, allowing for multiple uses of
the same term in each review. We converted this topic-term
count into the weight of the topic discussion in the review
using the term frequency-inverse document frequency (TF-
IDF) scheme.

Stage 3 Segmenting reviewers (finite-mixture modeling)
We conducted reviewer segmentation based on finite-mixture
modeling with the review-by-feature matrix as input data. Let
¥;,; be the rating variable for review i by reviewer A.

Vi = @+ X0+ ¢))

where x is the set of independent variables from the review-
by-topic matrix and the characteristic variables reported
by the businesses. a and p are parameters to be estimated,
where a is the intercept parameter. u follows the normal dis-
tribution, turning the model into a linear regression model.
The well-known Expectation—-Maximization (EM) algorithm
is implemented for estimation.

Whereas traditional segmentation methods use consum-
ers’ brand choices as the dependent variable (Kamakura and
Russell 1989), we adopt reviewers’ brand (product) rating
as the dependent variable because the rating is known to
be positively associated with consumers’ eventual product
choices (Mudambi and Schuff 2010; Sun 2012). Further,
ratings are commonly included on social media, but sales
are not disclosed. On review platforms, each review (as the
analysis unit in our finite-mixture model) generates a rating,
where a number of reviews typically cover the same product.
Because we segment reviewers writing multiple reviews on
multiple products in this procedure, the rating is considered
to be a proper and effective measure of how each product
feature explains diverse consumer preferences.

Results on the domain taxonomy
and the review-by-feature matrix

Using the hotel reviews, we conducted our text-mining
analysis part. (We conducted the same procedure for the
restaurant reviews. However, for the purpose of exposition,
we use only the hotel case in this subsection because the
same patterns apply to the hotel case.) First, this analysis
generated the hotel taxonomy, which resulted in the Con-
sumer-Review Variables in Table 2. This taxonomy consists
of six broad categories (travel type, hotel facility, bedroom,
extra service, staff service, and overall experience). Each
category has multiple product feature topics. The taxonomy
has a total of 27 product features on the entire hotel business,
ranging from personal travel to expensive stay to pleasant
experiences. In particular, the two topics in the overall evalu-
ation category (Back Next Time & No Recommendation)
control for both positive and negative evaluations across all
the hotel business features. Each feature topic is defined by a
set of descriptive terms elicited directly from the consumers’
reviews. The range of the variables demonstrates the rich-
ness and profundity of the elicited information.

Results on reviewer segmentation

Table 3 summarize our determination of the best model
with the optimal number of segments in terms of the Fit
of Entropy (FOE) and four information criteria (BIC, AIC,
AIC3, and CAIC) for hotels. FOE, which ranges from 0 to
1, measures the goodness of segment classification (Celeux
and Soromenho 1996). FOE =0 when all the posterior
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Table 3 Determining the best model with the optimal number of segments (Hotels; N=183,987 reviews)
Model types # of seg- FOE BIC AIC AIC3 CAIC
ments
Business-reported variable model 3 0.769 487,294 486,788 486,838 487,344
4 0.759 (- 1.26%) 484,936 (0.48%) 484,257 (0.52%) 484,324 (0.52%) 485,003 (0.48%)
5 0.746 (— 1.73%) 483,076 (0.38%) 482,225 (0.42%) 482,309 (0.42%) 483,160 (0.38%)
6 0.731 (- 2.09%) 481,804 (0.26%) 480,782 (0.30%) 480,883 (0.30%) 481,905 (0.26%)
Consumer-review variable model 3 0.671 430,991 430,090 430,179 431,080
4 0.728 (8.39%) 428,722 (0.53%) 427,517 (0.60%) 427,636 (0.59%) 428,841 (0.52%)
5 0.714 (- 1.83%) 427,037 (0.39%) 425,529 (0.47%) 425,678 (0.46%) 427,186 (0.39%)
6 0.666 (— 6.76%) 426,758 (0.07%) 424,946 (0.14%) 425,125 (0.13%) 426,937 (0.06%)
Combo model 3 0.678 429,515 428,189 428,320 429,646
4 0.738 (8.94%) 427,300 (0.52%) 425,528 (0.62%) 425,703 (0.61%) 427,474 (0.51%)
5 0.708 (— 4.07%) 425,934 (0.32%) 423,717 (0.43%) 423,936 (0.42%) 426,153 (0.31%)
6 0.659 (— 6.99%) 425,682 (0.06%) 423,020 (0.16%) 423,283 (0.15%) 425,945 (0.05%)

The value in () indicates the improvement amount from the model in the preceding row in each model type. In FOE, a larger value is an improve-

ment, whereas in each information criterion (IC), a smaller value is an improvement

FOE fit of entropy, BIC Bayesian information criterion, A/C Akaike information criterion, CAIC conditional AIC

probabilities are equal for each segment (maximum entropy),
which gives cause for concern. FOE =1 indicates that each
reviewer belongs to one of the segments without any degree
of fuzziness. Table 2 shows that we have two types of vari-
ables for reviewer segmentation in restaurants: (1) business-
related variables, and (2) consumer-review variables. The
business-related variables include information reported by
the businesses themselves. Variations of these variables
across reviewers still occur because reviewers visit differ-
ent businesses and choose to write about various businesses.
Traditional consumer segmentation does not consider this
part of heterogeneity across consumers, despite the fact
that consumers choose different businesses or brands. The
consumer-review variables coming from our hotel domain
taxonomy were elicited from consumer reviews. Given that
these two sources of information differ from each other, we
applied segmentation based on (1) business-reported vari-
ables only, (2) consumer-review variables only, and (3) both
types of variables (the combo model).

Because our model has a large number of reviews from a
sizeable number of reviewers with a large number of param-
eters to be estimated (as shown in Table 4), it was challeng-
ing to find the converged optimal solution in each model,
not to mention the time taken for convergence. Therefore,
when the model did not improve the information criteria
value more than 0.1% with the additionally added segment,
we stopped extending the model in terms of the number of
segments (Dziak et al. 2019). Simultaneously, we considered
the FOE measure because each added segment increases the
overall fuzziness in allocating individual reviewers to spe-
cific segments. Overall, in each product category, the combo
models demonstrate better (that is, smaller) information

¥

criterion values than the business-reported variable model
and the consumer-review variable model. Among the combo
models, we chose the five-segment case as the best model in
hotels for two reasons. First, the information criterion value
improvement from another added segment is negligent after
the chosen number of segments in each category. Second,
the FOE value (0.708 in hotels and 0.690 in restaurants) is
sufficiently high, indicating that the segment memberships
were clearly determined.

Profiles of diverse reviewer segments

Using the best segmentation models selected in both the
hotel and restaurant cases, this subsection provides the pro-
files of multiple influential reviewer segments. First, Table 4
shows the parameter estimation results of the best models
(The same results of the restaurant case are not provided
to avoid content repetition from this second case.) Table 4
shows substantial differences across reviewer segments,
while each segment has a large number of variables that
are significant at 5%. Because the dependent variable is the
review rating on a five-point scale, the positive sign of any
consumer-review variable (as a continuous variable) indi-
cates that increased discussion of the product feature has a
positive impact on the review rating for the given segment.
In other words, when reviewers discuss the product feature,
they tend to perceive it positively in their reviews with a
positive estimate. The meaning of the negative sign is the
opposite.

Importantly, the estimation results generally lend con-
tent validity to our segmentation results. For example, in the
consumer-review variables for hotels, most of the significant
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Table 4 Parameter estimation of Variable

the segmentation model (hotels) Seg | Seg 2 See 3 Seg 4 See 5
Intercept 3.707 3.502 4.031 4.389 4.862
Consumer-review variables

Personal travel (0) 0.108 - 0.004 0.035 0.084 0.013
Business travel (0) -0.022 -0.118 - 0.094 - 0.082 0.026
Affordable stay (+) 0.031 0.178 0.112 —0.061 0.025
Expensive stay (—) —0.343 —0.650 —0.545 —0.387 —0.099
Design & décor (+) 0.307 0.513 0.394 0.207 —0.016
Good location (+) 0.141 0.358 0.194 0.041 -0.015
Bad location (—) - 0.196 —0.341 -0.221 -0.271 —0.392
Cool atmosphere (+) 0.242 0.444 0.307 0.147 —0.001
Poor atmosphere (—) - 0.489 -0.703 -0.610 —0.462 - 0.156
Great facilities (+) 0.155 0.192 0.170 0.107 0.022
Broken facilities (—) -0.331 - 0.506 —0.588 —0.400 —0.225
Awesome rooms (+) 0.250 0.318 0.239 0.105 —0.033
Awful rooms (—) —0.516 - 0.762 —0.738 -0.711 —0.328
Pleasant room amenities (+) 0.220 0.209 0.230 0.174 —-0.012
Disappointing room amenities (—) —-0.303 —0.605 —0.534 —0.369 —0.046
Modern bedroom appliances (+) 0.010 —0.008 0.017 0.005 0.013
Outdated bedroom appliances (—) - 0.272 —0.672 - 0.579 —0.287 -0.199
Convenient in-house eating (+) 0.170 0.314 0.204 0.109 0.024
Free eating (+) 0.267 0.411 0.321 0.155 0.035
Extra activities (+) 0.150 0.193 0.108 0.056 —0.020
Gorgeous views (+) 0.250 0.539 0.289 0.186 0.054
Excellent services (+) 0.257 0.533 0.290 0.146 0.042
Poor services (—) —0.468 —1.051 - 0.817 - 0.605 -0.312
Pleasant experiences (+) 0.186 0.163 0.161 0.106 0.026
Unpleasant experiences (—) —0.208 —0.640 —0.538 0.010 0.162
Back next time (+) 0.388 0.737 0.489 0.288 0.064
No recommendation (—) —0.765 —1.045 - 1.130 —0.901 —0.611
Business-reported variables
Free breakfast —0.004 0.019 0.032 0.030 0.018
Fitness center 0.017 —-0.029 0.055 0.030 —0.008
Pool —0.020 -0.014 —0.039 —0.053 0.018
Airport transportation 0.043 0.075 0.032 0.052 0.009
Shuttle bus —0.054 —0.056 —0.037 —0.050 —0.048
Business center —0.050 0.008 —0.041 —0.052 —0.011
Concierge 0.170 0.105 0.116 0.101 0.047
Laundry service 0.066 0.041 0.064 0.058 0.013
Express check-in 0.000 0.017 0.033 0.018 —-0.018
Bar lounge —0.004 —0.008 —0.021 —0.008 —0.002
ATM onsite —0.065 —0.090 —0.081 - 0.059 0.001
Free parking —0.013 — 0.006 —0.007 —0.010 0.015
Free internet —0.002 —-0.011 —0.025 0.001 —0.026
Pets allowed —0.025 —0.024 —0.047 - 0.027 0.007

A boldfaced estimate indicates significance at 5%. The symbol in () for each Consumer-Review Variable
indicates the valence of the hotel service feature: + positive; — negative; 0 neutral. We adopted these prod-
uct features from Moon and Kamakura (2017)

estimates of the positive valence topics (e.g., Design & of the negative valence topics (e.g., Awful Rooms (—); Out-
Décor (+); Good Location (+); Great Facilities (+)) have a dated Bedroom Appliances (—); No Recommendation (—))
positive sign. By contrast, most of the significant estimates ~ have a negative sign. These findings support the content
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validity of our segmentation results, given that these vari-
able estimates reflect topic-inherent valences consistently
but at varying degrees across the segments.

This estimation process provided the segment member-
ships of all individual reviewers in both product category
cases. Using this information, we provide the profile of each
segment: Table 5 for the five hotel segments and Table 6 for
the six restaurant segments. First, among the reviewer seg-
ments for hotels (Table 5), we identify the first four segments
as practically influential reviewer segments based on two
indices: (1) the reviewer’s number of user votes, and (2) the
segment size: Segment 1 (top-tier quality reviewers), Seg-
ment 2 (second-tier quality reviewers), Segment 3 (likeness
(common) reviewers), and Segment 4 (less critical likeness
reviewers). We also consider the segment size as the seg-
ment’s impact measure because reviewers share preferences
with general consumers who rely on the review platform.
When there are more consumers sharing similar preferences,
those reviewers can have more influence.

Although we use hotels as our primary presentation case,
this time we highlight the profile results of the restaurant
case (in Table 6) first and briefly summarize the results of
the hotels (in Table 5) as a similar case.

First, top-tier quality reviewers (Segment 1) have by far
the most votes. These reviewers consist of approximately

Table 5 Profiles of the reviewer segments (hotels)

12% of the reviewers in the data. They are the most experi-
enced reviewers, and they are extremely productive in terms
of the number of reviews they post. They also tend to write
the longest reviews by providing deep details on various
product features. These reviewers assign the second low-
est average rating of the businesses they review with criti-
cal and conscientious comments. Existing studies indicate
that expert reviewers tend to be more critical than amateur
reviewers because their expertise leads them to consider
more complicated elements from the critical points (Beau-
douin and Pasquier 2017; Elberse and Eliashberg 2003;
Racherla and Friske 2012). These characteristics point to
high-quality reviews that stem from those reviewers’ exper-
tise, leading to their extreme popularity regarding user votes.
As a result, these reviewers wield strong influence on other
users on the review site. In a way, these influential review-
ers can be compared to power bloggers with a number of
followers.

Second, second-tier quality reviewers (Segment 2) are
similar to top-tier quality reviewers in their review char-
acteristics, but with less experience, reduced productivity,
shorter reviews, and more lenient ratings. In other words,
these reviewers have less expertise than the top-tier seg-
ment, but they can exert comparable influence on the
market because a larger segment size (21%) allows them

Reviewer segment Seg 1 Seg 2 Seg 3 Seg 4 Seg 5 Ave.
Label Top-tier quality reviewers 2nd-tier likeness reviewers Less criti- Critical reviewers occa-
quality cal likeness sional reviewers
reviewers reviewers

Segment size 15.9% 15.8% 36.3% 28.8% 3.2%
User votes 69 58 54 51 34 55
Segment rank 1 2 3 4 5
Votes X 11 9 20 15 1 15
segment size
Segment rank 3 4 1 2 5
Months on platform 125 119 122 122 107 122
[Experience]
# of Reviews 41 31 30 28 20 31
[Productivity]
Review length 871 784 823 824 741 822
[Details]
Review rating 3.88 3.55 4.06 4.41 4.88 4.08
[Criticalness]
Primary characteristics Experienced, Average

productive, in each dimension;

detailed, Less critical Likeness is less critical than

critical; Second-Tier Quality is less in
each dimension than Top-Tier Quality

Grand classification Quality reviewers

Likeness (common) reviewers

Likeness (Common)

Least influential review-
ers

Ave. in each row is the overall average weighted by the segment size for the indicated variable
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Table 6 Profiles of the Reviewer Segments (Restaurants)
Reviewer segment Seg 1 Seg 2 Seg 3 Seg 4 Seg 5 Seg 6 Ave.
Label Top-tier quality 2nd-tier Likeness reviewers ~ Less criti- Critical reviewers Occa-
reviewers quality cal likeness sional
reviewers reviewers reviewers
Segment size 11.8% 21.3% 37.6% 12.9% 15.6% 0.8%
User votes 13,591 2,202 240 585 185 12 2,267
Segment rank 1 2 4 3 5 6
Votes X 1,604 469 90 76 29 0 337
segment size
Segment rank 1 2 3 4 5 6
Months on platform 82 74 62 54 63 47 66
[Experience]
# of Reviews 449 372 86 102 73 19 189
[Productivity]
Review length 720 664 563 521 567 357 597
[Details]
Review rating 3.44 3.88 3.85 4.29 3.20 4.87 3.77
[Criticalness]
Affective votes 7886 1165 104 333 78 5 1272
Cognitive votes 5693 1034 134 250 106 7 991
Affective/cognitive 1.39 1.13 0.78 1.33 0.74 0.71 0.99
Primary character- Experienced, Average
istics productive, in each dimension*;
detailed, Less critical Likeness is less critical

critical; Second-Tier Quality is less
in each dimension than Top-Tier
Quality

Grand classification  Quality reviewers

Likeness (common) reviewers

than Likeness (Common)

Least influential reviewers

Ave. in each row is the overall average weighted by the segment size for the indicated variable

*The number of reviews (86) for the likeness reviewers segment is much fewer than the overall average (189), but its segment rank (fourth out of
six) in the variable is still in the middle because the average is skewed by the particularly large value (449) of the top-tier quality reviewer seg-

ment

to appeal to more consumers. Importantly, we find that
these two segments fall into the Quality-based influential
reviewer category, as their influence on general consum-
ers arises from high-quality reviews produced by their
expertise.

Third, we choose likeness (common) reviewers (Segment
3) as influential because this group accounts for the largest
segment size (38%); moreover, these reviewers’ characteris-
tics are close to those of the majority of the general review-
ers. In each of the four reviewer characteristics (Experience,
Productivity, Details, and Criticalness), these reviewers have
the average value of the general reviewers (in the Ave. col-
umn). (Notably, the number of reviews (86) in this segment
is much less than the overall average (189), but its segment
rank (fourth out of six) of the variable is still in the middle.
This pattern occurs because the average is skewed by the
extremely large value (449) of the top-tier quality reviewer
segment.) Because their influence arises from being similar
to the majority of average consumers, we refer to the seg-
ment as Likeness (common) reviewers.

Lastly, we choose less critical likeness reviewers (Seg-
ment 4) as another group of influential reviewers. These
reviewers have a modest level of user votes and a modest
segment size. Their characteristics are similar to those of
likeness (common) reviewers. One notable distinction
between the two segments lies in the fact that these review-
ers have a much higher rating average than likeness review-
ers (4.29 > 3.85). In other words, they tend to be lenient
evaluators and more focused on affection than cognition,
hence the segment name less critical likeness reviewers. In
brief, we find that these two segments fall into the Likeness
reviewer category, as their influence on review sites arises
from their reflection of the preferences of a majority of con-
sumers. The size of the two segments is approximately 50%
in our restaurant case.

Table 5 summarizes the profiles of the five segments in
our hotel reviews. The results strongly replicate the primary
results of our restaurant case, which shows that there are
two segments falling into Quality and another two segments
falling into Likeness. This result lends significant validity

¥



142

N. Jalali et al.

to our empirical findings because we see the same pattern
of results in two distinct product categories. Furthermore,
the two datasets are sampled in two different ways: restau-
rant review sampling based on a specific state (Arizona) and
hotel review sampling with a global reach through snow-
ball sampling. These dual sampling methods show that our
primary results are not artifacts from a particular sampling
approach.

Four determinants of the reviewer’s influence
(robustness check)

Reviewers who generate high volumes of influential word-
of-mouth can be considered as opinion leaders on social
media. Because such influence cannot be measured directly,
marketing studies have often used the number of votes in
review helpfulness as a proxy measure of the review’s
importance. Then, reviewers with a large number of votes
in review helpfulness can be regarded as influential review-
ers (Agnihotri and Bhattacharya 2016; Risselada et al. 2018;
Yazdani et al. 2018). To verify the aforementioned four
reviewer characteristic dimensions (Experience, Produc-
tivity, Details, and Criticalness) as criteria for the reviewer
influence measure, we run the regression models specified
in Table 7. In the regression analysis, for each product cat-
egory, three variants of the reviewer’s number of votes is
the dependent variable, while the four reviewer character-
istics are part of the independent variables. A number of
consumer-review variables in both hotels (in Table 2) and
restaurants are used as control variables to account for het-
erogeneity among reviews in all the regression variants.
Similarly, a number of business-reported variables in both

categories (in Table 2) are also used as control variables
to account for heterogeneity among businesses. Those con-
trol variables’ estimates were omitted to avoid cluttering in
Table 7.

Model A with the number of votes as the dependent vari-
able shows significantly positive predictors of Experience,
Productivity, and Details, while the model has a significantly
negative predictor in Review Criticalness. This pattern is
consistent in both product categories. There are several note-
worthy points regarding the results from Model A. First,
the Months on Platform variable indicates that reviewers’
Experience matters, given that reviewers who started ear-
lier on the platform have more opportunities to write addi-
tional reviews, and accordingly receive more votes (Ku et al.
2012). This effect is consistent across all the regression cases
in the table. Next, when reviewers write more reviews (#
of Reviews), they tend to receive more votes (Floyd et al.
2014). Next, the average Review Length (Details) has a
positive impact on votes in both categories (Mudambi and
Schuff 2010). This finding implies that when a longer review
provides more detailed and specific information, it is more
likely that users will find it useful. Lastly, the negative pre-
dictor in Review Criticalness indicates that more critical
reviewers tend to receive more votes. This pattern is con-
sistent with the finding from existing studies that negative
information tends to be more influential than positive infor-
mation on social media (Pan and Chiou 2011). In particular,
when consumers view critical negative information (e.g.,
bad service, high price, low-quality ingredients in restaurant
reviews) about a business, they will most likely remove that
business from their consideration set. Then, consumers can
focus on alternative businesses for their final choices.

Table 7 Four reviewer Product category

Hotels (5906 reviewers)

Restaurants (13,006 reviewers)

dimensions determining user

votes (hotels and restaurants) Dependent variable Model A: Votes  Model B: Votes/# of Model A: Votes  Model B:
(log) Reviews (log) Votes/# of

reviews

Months on platform 0.001 0.003 0.004 0.023

[Experience]

# of Reviews (log) 0.910 Not relevant 1.137 Not relevant

[Productivity]

Review length (log) 0.310 1.460 0.587 0.577

[Details]

Review rating —0.033 Not significant —0.031 Not significant

[Criticalness]

intercept —0.424 —2.356 —1.826 —-2.297

The estimate of the Consumer-Review Variables and Business-Reported Variables in both product catego-
ries are not listed here because our primary interest in this regression analysis lies in how the four reviewer
dimensions above explain user votes (reviewer influence). This omission is also done to avoid listing
too many variables shown in Table 2 (restaurants) and 3 (hotels). Complete estimates are available upon

request

Stepwise at 5%, which means each value shown indicates that the variable is significant at 5%. The depend-
ent variable (Votes) took the natural log transformation to make its distribution normal
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Model B has the ratio of Votes and the # of Reviews as
the dependent variable, which measures the efficiency of the
reviewer’s review writing. In this model, we lose Review
Length as an independent variable because it became part
of the revised dependent variable. The results of the model
show that Experience and Details are positive predictors in
both product categories.

The regression results indicate that influential reviewers
are those who have rich experiences with the social media
platform, who write frequently, who express specific details,
and who tend to evaluate businesses critically. This amounts
to a brief profile of influential reviewers at the aggregate
level, which is consistent with the specific profiles from our
segmentation and profiling results.

Discussion
Summary of empirical results

The flowchart of Fig. 1 summarizes our empirical analyses
for reviewer segmentation and profiling with the hotel indus-
try application. We collected rich data related to consumers’
hotel reviews from TripAdvisor. To structure the qualitative
textual reviews, we built a business domain taxonomy for the
industry, which generated 27 product features. To integrate
the data into our finite-mixture segmentation model, we cre-
ated the review-by-feature matrix using ontology learning
and text categorization. Our reviewer segmentation led to
strong reviewer profiling patterns pertaining to two funda-
mental evaluation principles: quality and likeness (refer to
Table 5). We replicated the same patterns involving qual-
ity and likeness in the second product category, restaurants
(refer to Table 6).

Theoretical implications

Social media research on service products enhances our
understanding of how reviews play a role in consumers’
decision making for those products. By contrast, our under-
standing of individual reviewers posting multiple reviews
on a variety of businesses has been relatively limited (Moon
and Kamakura 2017). Notably, Li and Du (2011) indicated
that although many theories have been proposed about social
networks, the issue of opinion leader identification needs to
be further examined. Based on this observation, they built
an ontology for a marketing product and then generated
characteristics from the blog content, authors, readers, and
their relationships. Then, they associated the features with
opinion leaders. To fill this research void in the social media
literature, our research concentrated on reviewers rather than
reviews. Furthermore, we segmented reviewers to account
for their differences in choosing discussion topics (e.g., price

vs. quality) and writing styles (e.g., long and specific vs.
short and general). We use this reviewer segmentation utiliz-
ing online reviews as a way for platform managers to reach
out to their platform users, given that a certain group of
reviewers represents and influences a segment of consumers
sharing similar preferences for the given products.

Our empirical application demonstrated that the Quality
and Likeness principles prevail in profiling diverse online
reviewer segments in terms of four reviewer characteristics
(Experience, Productivity, Details, and Criticalness) consist-
ently between hotels and restaurants (Ismagilova et al. 2020;
Yazdani et al. 2018). Further, the two product cases applied
a distinct sampling approach: hotel review sampling with
a global reach through snowball sampling and restaurant
review sampling based on a specific state. Showing consist-
ent results from the two product categories with the two
different sampling approaches provided content and external
validity for our research results.

To identify and profile multiple reviewer segments,
we used the abovementioned four dimensions of reviewer
characteristics directly elicited from the common structure
of online review platforms. The roles of these four dimen-
sions in online reviews have been intensively examined by
many studies: (1) Experience (Banerjee et al. 2017; Ku et al.
2012), (2) Productivity (Chintagunta et al. 2010; You et al.
2015), (3) Details (Chevalier and Mayzlin 2006), and (4)
Criticalness (Elberse and Eliashberg 2003; Mahajan et al.
1984). However, whereas most studies have examined the
reviews themselves along with some chosen factors without
a general framework, our research viewed reviewers’ four
dimensions from a comprehensive perspective to understand
how they function in examining various types of reviewer
influence.

In the context of social media, we theorize that users
reply to two distinct types of reviewers: one type writing
high-quality reviews (Quality) and the other type appealing
to consumers by expressing similar preferences (Likeness)
(Ismagilova et al. 2020). On online review sites, one com-
mon way for consumers to reduce their transaction costs
and uncertainties is to rely on the homophily of like-minded
reviewers who share similar preferences with them (Like-
ness) (De Bruyn and Lilien 2008; Filieri et al. 2018). The
other way to be influential is by posting high-quality reviews
consistently through accumulated experience and knowledge
(Gilly et al. 1998; Hovland and Weiss 1951; Kamakura et al.
2006). Such expertise tends to make those reviewers more
critical than amateur reviewers (Beaudouin and Pasquier
2017).

Importantly, this research identified and profiled influ-
ential reviewer groups grounded in these two principles
of Quality and Likeness driving reviewers’ influence. Our
empirical analysis demonstrated that each principle is con-
sistently represented in two reviewer segments between two
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product categories. Specifically, Quality reviewers comprise
two segments that differ in the level of Quality (top-tier qual-
ity reviewers and second-tier quality reviewers). By con-
trast, Likeness reviewers comprise two segments that differ
in criticalness (likeness (common) reviewers and less critical
likeness reviewers).

Managerial implications

Managers seek to understand how the opinions of diverse
reviewer groups influence product sales to effectively tar-
get these influencers on social media. We note that the task
poses a major challenge due to reviewer heterogeneity in
multiple sources such as: (1) the choices of products and
businesses they decide to write about, (2) the choices of
product/business features in their reviews, and (3) their writ-
ing styles (including description details and word choice).
For example, one reviewer may write long reviews with
many descriptive terms on a number of product features,
while another reviewer may write concise reviews on only a
few select features (Moon and Kamakura 2017).

When small-sized retailers cannot directly reach out to
a large number of individual consumers due to their lim-
ited resources, they often implement social media-based
marketing strategies, targeting impactful reviewers (Rapp
et al. 2013). These reviewers help retailers eventually reach
out to a broader customer base, sharing similar preferences
with those target reviewers. For example, restaurant manag-
ers conduct different marketing strategies on social media
in terms of serving price-oriented consumers as opposed
to quality-oriented consumers. Our empirical analysis of
restaurant and hotel reviewers provided the profiles of four
different segments of influential reviewers: top-tier quality
reviewers, second-tier quality reviewers, likeness (common)
reviewers, and less critical likeness reviewers (see Tables 5,
6). Given each group’s unique traits and product feature
preferences, marketers can utilize each group differently.
For example, if the business is a common type of restaurant
targeting typical American consumers (e.g., Jason’s Deli),
managers may utilize average reviewers to take advantage
of their preference similarity with a majority of consum-
ers. If managers wish to focus on a small number of influ-
ential reviewers due to their limited promotion resources
(e.g., high-end local restaurants), they may take advantage
of top-quality reviewers.

Realistically, most small businesses have limited
resources and will not be able to implement segment-specific
social media campaigns on their own. To help these retailers
find and reach their suitable influential reviewer segments,
review platforms can showcase reviewer segments on their
websites (Baird and Parasnis 2011). One way of doing so is
to feature some selected Quality reviewers and some Like-
ness reviewers.

¥

On the consumer side, consumers also heavily rely on
online product reviews to make product choices (Ngo-Ye
and Sinha 2014). In doing so, they rely on reliable and
trustworthy reviewers sharing their preferences. Although
they can usually identify some popular reviewers by using
their review records (including the number of votes and the
number of reviews they posted), it is usually unclear which
reviewers they can relate to in terms of shared preferences.
Therefore, review platforms can provide more relevant
reviews for their users by connecting them with reviewers
who share similar preferences.

If a social media platform can systematically group its
reviewers into several groups without bias (as we did for res-
taurant and hotel reviewers), consumers can more efficiently
find reviewers sharing similar preferences and providing rel-
evant purchase and consumption information. For example,
when we go to a particular product page on Amazon, we
can find that the product reviews are categorized according
to the overall product rating (5 star, 4 start, 3 star, 2 star,
and 1 star). We can also find some information on reviewers
(e.g., reviewer rankings) based on the number of reviews
and the number of user votes. Similarly, Expedia classifies
its customer reviews by traveler type (e.g., couples, business
travelers, families).

Likewise, a platform can provide preference-based
reviewer segmentation to help users find their matching
reviewers and reviews out of an enormous volume of clut-
tered reviews. Thus, social media platforms can unearth
diverse reviewers as featured reviewers on their websites
(Yang et al. 2020). Furthermore, with this segment-based
presentation of reviewers and reviews, reviewers can more
easily see how they are connected to or compared with other
reviewers.

To conclude, when platforms present diverse influential
reviewers (as revealed by reviewer segmentation), they pro-
vide their platform users with more customized reviewer
matching and more successful review recommendations,
which helps these platforms retain their users longer (Filieri
et al. 2018; Huang 2003; Khalifa and Liu 2007).

Limitations and future research suggestions

Our research on diverse reviewer segmentation assumes
that such segmentation is similar to consumer segmenta-
tion. Although this assumption seems reasonable because
reviewers are also consumers, the exact relationship between
reviewers and general consumers needs to be empirically
demonstrated with proper data. In particular, when mak-
ing connections with reviewer segmentation and consumer
segmentation, researchers must consider social media bias.
It is widely known that there is a significant amount of bias
and manipulation in consumer-generated content on review
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sites, which primarily takes two forms—sampling bias and
false information bias. Sampling bias indicates inaccurate
information caused by the under- or over-representation of
certain consumer groups, given that social media activities
differ across specific consumer groups (e.g., young vs. old,
males vs. females) (Li and Hitt 2008). On the other hand,
false information bias takes place when some businesses and
consumers post fake reviews to influence target businesses
(Goh et al. 2013). These biases weaken our assumption that
reviewers represent consumers with similar preferences. It
would be helpful to determine how such biases influence the
effectiveness of our segmentation approach based on online
reviews.
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