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Introduction

The unprecedented and increasing prevalence of the inter-
net has enabled the fast growth of user-generated content on 
various social media sites, which have become the primary 
source of information for both consumers and businesses. 
According to Jones (2009), social media sites come in a 
number of forms, including strictly review sites (e.g., 
TripAdvisor and Yelp), social networks and microblogging 
sites (e.g., Facebook and Twitter), social sharing (e.g., 
YouTube), and purchase/review sites (e.g., Amazon and 
Travelocity). In particular, user-generated reviews of prod-
ucts and services posted on the internet have become the 
most powerful information-sharing tool for digital cus-
tomer-to-customer interactions. Online users increasingly 
rely on such digitized word-of-mouth (WOM) information 
to evaluate products and services. A recent published report 
shows that nearly nine in ten consumers have read online 
reviews to determine the quality of a local business and 88 
percent of consumers trust online reviews as much as per-
sonal recommendations. Businesses increasingly are recog-
nizing the importance of using the information to collect 
feedback and evaluations of their own and their competi-
tors’ products and services, to better understand consumer 

behavior and expectations, as well as to identify market 
opportunities.

Recent studies have shown strong support for the conclu-
sion that online user reviews affect retail sales and consumer 
purchase decisions (Archak, Ghose, and Ipeirotis 2011; 
Chevalier and Mayzlin 2003; Duan, Gu, and Whinston 
2008b; Godes and Mayzlin 2004; Y. Liu 2006). However, the 
large majority of these studies have only used the quantitative 
summaries of user-generated content, such as overall valence 
and volume of users, to represent user opinions. There are 
only a handful of recent studies that formally incorporate and 
test the impact of the textual content of user-generated 
reviews (Archak, Ghose, and Ipeirotis 2011; Feldman, 
Goldenberg, and Netzer 2010; Ghose and Ipeirotis 2011; 
Sonnier, McAlister, and Rutz 2011). Although economics 
and marketing theories (Rosen 1974) specify that products 
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Online user-generated content in various social media websites, such as consumer experiences, user feedback, and product 
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comprehensive view of online user-generated content. Moreover, we would like to extend the current literature to the 
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online user reviews for hotels across various review sites and over long time periods. We use the sentiment analysis 
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in shaping users’ overall evaluation and content-generating behavior. The results suggest that different dimensions of 
user reviews have significantly different effects in forming user evaluation and driving content generation. This paper 
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and services have multiple attributes, among the aforemen-
tioned studies only Archak, Ghose, and Ipeirotis (2011) con-
sidered multidimensional features in evaluating the economic 
impact of online user reviews. Individuals tend to place dif-
ferent levels of importance on different attributes and fea-
tures of products and services. Therefore, only considering 
the quantitative summarization, even with unidimensional 
classification of the textual content, is not sufficient in gener-
ating a comprehensive and accurate evaluation of user-gener-
ated content.

In this study, we aim to investigate user-generated con-
tent, particularly online user reviews, by considering both 
quantitative aspects and textual content from multidimen-
sional perspectives. In particular, we study the vast amount 
of online user-generated reviews from the hotel industry. 
Online user reviews have exploded in recent years, revolu-
tionizing the hotel industry. Travel reviews from other con-
sumers influence half of all hotel purchase decisions, or 
more than $10 billion in online travel (Vermeulen and 
Seegers 2009). In contrast to the majority of extant studies 
that focus on one-time purchase experience of goods such 
as books, movies, and consumer electronics, ours is one of 
the first studies to focus on the service industry, more spe-
cifically, the hospitality industry.

We draw upon the well-established service quality litera-
ture, which is largely built on more subjective self-reporting 
survey methods, as the theoretical foundation of our study. 
Our study, nevertheless, uses the more objective online user 
reviews to better measure hotel service quality and perfor-
mance. We obtained an extensive data source of online 
hotel user reviews across various review sites and over a 
long time period, from the very beginning of online hotel 
user reviews. The richness of the data not only allows us to 
better understand the trend of user reviews and market 
structure but also enables us to closely examine the dynam-
ics of the reviews. We employ the sentiment analysis tech-
nique to mine the textual content of user reviews and 
classify them into different dimensions according to the 
theoretical conceptualization of service quality and perfor-
mance in extant literature. The sentiment analysis results 
show a high level of accuracy in capturing and measuring 
service quality dimensions compared with the average 
accuracy of the existing text-mining studies. We then use an 
econometric modeling technique to examine the potential 
differential effect of different service quality dimensions on 
online users’ reviewing behavior. Our results suggest that 
different dimensions of service quality embedded in user 
reviews account for significantly different weight in the 
review textual content. In addition, the effect of different 
dimensions also varies considerably in forming users’ over-
all evaluation of hotels and driving consumers’ online 
reviewing behavior.

The paper proceeds as follows. Related work on the ser-
vice quality literature is reviewed and discussed to provide 

the theoretical background and foundation for our study. We 
then describe the data and provide a detailed discussion of 
sentiment analysis procedures. Next, we formulate the 
econometrics models and present the estimation results. We 
conclude the paper by discussing implications and suggest-
ing future research directions.

Theoretical Background and Related 
Literature

As the global economy is moving toward a heavy service 
orientation, service quality is becoming the quintessentially 
critical success factor for business performance as well as 
long-term organizational viability (Brady and Cronin 2001; 
Cronin, Brady, and Hult 2000). Service failure, although not 
avoidable, can be minimized by listening to customers and 
taking actions based on their feedback. Online reviews rep-
resent one particular aspect of consumer-generated media 
and have exploded in recent years, revolutionizing the retail 
and service industries. In this study, we draw on two main 
streams of research from both the marketing and informa-
tion systems domains. The first stream is on identifying and 
measuring service quality and service performance. The sec-
ond stream is on examining the impact of digital WOM (e.g., 
online user reviews) on retail sales and consumer behavior.

SERVQUAL versus SERVPERF Models

Two most prevalent service quality models developed in 
the literature are SERVQUAL and SERVPERF. 
Parasuraman, Zeithaml, and Berry (1985) propose a model 
measuring service quality (aka SERVQUAL) based on cus-
tomers’ evaluation of their service encounters. In other 
words, SERVQUAL can be conceptualized as the “gap” 
between what customers feel that a service should offer 
(their expectations) and their perceptions of the actual per-
formance of the service (Parasuraman, Zeithaml, and Berry 
1988). Subsequently, five generic service quality dimen-
sions (TANGIBLES, RELIABILITY, RESPONSIVENESS, 
ASSURANCE, and EMPATHY) are established, and these 
five dimensions are measured by twenty-two survey items 
for expectations and perceptions (Parasuraman, Zeithaml, 
and Berry 1994). Since its inception, SERVQUAL has 
been widely accepted as the de facto model in service qual-
ity research and has been applied in various service indus-
tries such as healthcare (Kilbourne et al. 2004; S. S. K. 
Lam 1997), banking (T. K. P. Lam 2002; Zhou, Zhang, and 
Xu 2002), food and wine (M. Lee and Ulgado 1997; 
O’Neill and Palmer 2004), information systems (Jiang, 
Klein, and Crampton 2000; Van Dyke, Kappelman, and 
Prybutok 1997), retailing (Parasuraman, Zeithaml,  
and Berry 1994; Parasuraman, Zeithaml, and Berry 2004), 
and hospitality (Heung, Wong, and Hailin 2000; Su and 
Sun 2007).
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However, the SERVQUAL model also draws its share of 
criticisms from service quality researchers (Brady, Cronin, 
and Brand 2002; Brown, Churchill, and Peter 1993; Cronin 
and Taylor 1992; Kilbourne et al. 2004; T. K. P. Lam 2002; 
Van der Wal, Pampallis, and Bond 2002; Wilkins, Merrilees, 
and Herington 2007). One of the main criticisms lies in the 
basic assumption of how the service quality is determined in 
the SERVQUAL model (i.e., gap analysis). Brown, Churchill, 
and Peter (1993) argue that the gap scores between expecta-
tions and perceptions of service quality are unlikely to be dis-
tinct from their component scores (e.g., expectations and 
perceptions) as there is little theoretical or empirical evidence 
to support the expectation–perception gap as the basis for 
measuring service quality (Cronin and Taylor 1992). As such 
SERVQUAL may suffer various reliability and validity prob-
lems (Kilbourne et al. 2004; T. K. P. Lam 2002; Van der Wal, 
Pampallis, and Bond 2002). In addition, the operationaliza-
tion of service quality in SERVQUAL also confounds satis-
faction and attitude (Cronin and Taylor 1992). To overcome 
these shortcomings of the SERVQUAL model, Cronin and 
Taylor (1992) propose the SERVPERF model, which is 
derived from the perception-only scores. Employing the 
SERVPERF, Brady, Cronin, and Brand (2002) find 
SERVPERF is superior to SERVQUAL for measuring ser-
vice quality. However, Carrillat, Jaramillo, and Mulki (2007) 
do not find significant difference between the two models in 
terms of predictive validity. Kilbourne et al. (2004) further 
argue that although the perception-based SERVPERF model 
seems to possess superior power in reliability and validity, 
the gap-based SERVQUAL model appears to be more viable 
in finding service deficiencies. We believe that the choice of 
service quality model is contingent upon the nature of the 
research and the data. The predominant usage of a survey 
methodology to measure service quality and performance in 
extant studies has set many constraints in terms of conceptu-
alization and measurement of consumers’ true perceptions.

The service quality evaluated by consumers for both 
SERVQUAL and SERVPERF models is comprised of the 
same five dimensions, namely, TANGIBLES, RELIABILITY, 
RESPONSIVENESS, ASSURANCE, and EMPATHY 
(Cronin and Taylor 1992; Parasuraman, Zeithaml, and Berry 
1988). According to Parasuraman (1988), tangibles refer to 
the appearance of physical facilities, equipment, and person-
nel; reliability represents the ability to perform the promised 
service dependably and accurately; responsiveness means the 
willingness to help customers and provide prompt service; 
assurance characterizes the knowledge and courtesy of 
employees and their ability to inspire trust and confidence; 
and empathy demonstrates the level of caring and individual-
ized attention the firm provides to its customers. The differ-
ences between the SERVQUAL model and the SERVPERF 
model in terms of dimensionality lie in how they are mea-
sured. Whereas a certain dimension of the SERVQUAL 
model is measured by the gap or difference score between 

expectation and perception of the dimension, an individual 
dimension of the SERVPERF model is evaluated solely 
based on perception of the dimension.

To the best of our knowledge, almost all the service qual-
ity research in the hotel industry is based on the SERVQUAL 
model or its variations (Al Khattab and Aldehayyat 2011; 
Heung, Wong, and Hailin 2000; Juwaheer 2004; Lau, Akbar, 
and Fie 2005; Salazar, Costa, and Rita 2010; Su and Sun 
2007). As such, that research suffers inherently from the pit-
falls of the SERVQUAL model, especially by employing a 
survey methodology measuring users’ perceptions and 
expectations. In the current study, we apply the SERVPERF 
model to capture the content of online user reviews more 
accurately. We employ the sentiment analysis, which is a 
viable methodology to capture the perception (opinions) of 
dimensions of the SERVPERF model from user-generated 
reviews.

Online User Reviews and Hotel Service

Social media provides consumers with a platform for inter-
activity, and interactivity leads to consumer empowerment 
by providing the ability to make his or her voice heard 
(Pehlivan, Sarican, and Berthon 2011). The importance of 
online user reviews, as a particular format of social media 
and a major form of electronic (digital) word-of-mouth 
(eWOM), has been extensively documented in recent litera-
ture (e.g., Cao, Duan, and Gan 2011; Chevalier and Mayzlin 
2003; Duan, Gu, and Whinston 2008a, 2008b; Gu, Park, 
and Konana 2012). Whereas a growing body of studies has 
shown that the influence of user reviews is important for 
experience goods such as books, CDs, and electronics 
(Archak, Ghose, and Ipeirotis 2011; Gu, Park, and Konana 
2012; X. Li and Hitt 2008), consumer-generated reviews of 
travel and hospitality services have been found to be a par-
ticularly critical information resource for travelers (Pan, 
MacLaurin, and Crotts 2007).

The explosive growth of hotel room bookings through 
e-distribution channels (Levy, Duan, and Boo 2013; 
O’Connor and Murphy 2008) has naturally coincided with 
a corresponding unprecedented increase of online reviews. 
O’Connor (2010) suggested that hotels need to actively 
embrace the concept of social networks and user-generated 
content to monitor reviews and manage online reputation, 
as faceless reviewers are rapidly becoming the travel opin-
ion leaders of the electronic age (X. Li and Hitt 2008). 
Studies of online consumer review sites (i.e., TripAdvisor 
or Yelp) are relatively limited (Levy, Duan, and Boo 2013; 
O’Connor 2010), although travel-related online review sites 
were found to comprise over one-quarter of social media 
websites found on the internet (Xiang and Gretzel 2010). 
Line and Runyan (2012, 7), in an investigation of hospital-
ity marketing academic research published between 2008 
and 2010, indicated that “despite the explosion of social 

 at JAMES MADISON UNIV on October 23, 2016cqx.sagepub.comDownloaded from 

http://cqx.sagepub.com/


Duan et al. 285

Exhibit 1:
Online User Review Characteristics.

No. of Reviews %

Chain scale segment
 Luxury-17 12,937 18.46
 Upper upscale-22 22,338 31.86
 Upscale-8 4,861 6.93
 Upper midscale-4 2,546 3.63
 Midscale-1 326 0.47
 Economy-3 1,185 1.69
 Independent-31 25,910 36.96
 Total 70,103 100
Online review channel
 TripAdvisor 18,343 26.17
 Hotels.com 15,276 21.79
 Priceline 10,535 15.03
 Expedia 7,306 10.42
 Orbitz 5,244 7.48
 Booking.com 4,952 7.06
 Yelp 3,057 4.36
 Travelocity 2,012 2.87
 TravelPost 1,813 2.59
 Yahoo Travel 1,565 2.23
 Total 70,103 100
Year of review
 2011 (until 10/11/2011) 22,004 31.39
 2010 19,396 27.67
 2009 15,893 22.67
 2008 6,603 9.42
 2007 2,837 4.05
 2000-2006 3,370 4.81
 Total 70,103 100
Purpose of travel
 Business 10576 15.1
 Leisure 30200 43.1
 Not specified 29327 41.8
 Total 70,103 100

media and the emergent Web 2.0 phenomenon in recent 
years, very little attention has been given to marketing 
applications of these [online review] phenomena with the 
hospitality field.”

Our study differs from and complements the extant litera-
ture on service quality and online user reviews in several per-
spectives. Drawing upon the SERVQUAL and SERVPERF 
models, we employ the five major dimensions as the theoreti-
cal foundation to guide our sentiment analysis. This approach 
overcomes the major drawbacks of previous operationaliza-
tions of those five dimensions primarily using the self-report-
ing survey items; instead, we derive user opinions directly 
from the content of their reviews. Meanwhile, this approach 
takes advantage of the well-established conceptualization of 
major service quality dimensions to serve as the basis for our 
sentiment analysis. This helps build a solid theoretical foun-
dation in guiding the detailed mining of the user review con-
tent. Our study is among the first to investigate the effect of 
textual content of online user reviews of hotel service by 
using sentiment analysis. In addition, our study also contrib-
utes to the online user reviews-related domain by measuring 
and evaluating the multifaceted effects of service. 
Furthermore, our study integrates the sentiment analysis 
technique with the econometrics modeling technique to syn-
ergize the power of both examining the qualitative content 
and testing the quantitative impact of online user reviews. 
Finally, we view the measurement of service quality and per-
formance as a dynamic process in contrast to previous studies 
that largely solicit user opinions and perceptions in one snap-
shot. Our extensive and longitudinal dataset and dynamic 
modeling approach allows us to provide a better understand-
ing of this dynamic process.

Methodology

Data Collection

Our online user reviews data were collected by a third-party 
company focused on online review and social media data 
aggregation in the lodging industry. The data consist of all 
online user reviews posted on the ten most popular hotel-
related websites from 1999 to 2011 for eighty-six hotels in 
the Washington, D.C., area. This substantive data sample 
consists of a total of 70,103 online user reviews. Besides 
collecting overall hotel characteristics, for each user review, 
the company collects the review body (review content), 
review rating (1-5), review site, date of review, author, 
author location, trip type, and hotel responses if available. 
As the company was launched in early 2010, TripAdvisor’s 
popularity ranking started to be collected in February 2010 
on a daily basis. Exhibit 1 summarizes the hotels and reviews 
according to their chain scale segment categorization and 
also summarizes the online user review characteristics based 
on the review channel, year of review, and review type. It is 

shown that the volume of online user reviews for hotels 
started picking up after the year 2006, and online user 
reviews became popular from that point on. In the mean-
time, though there are ups and downs for other sites over the 
years, TripAdvisor, Hotels.com, and Priceline seem to be the 
leading sites that attract most online user traffic.

Sentiment Analysis and Procedures

We employ the sentiment analysis technique to take a more 
granular look at the review content so as to more efficiently 
and accurately measure service quality. Sentiment analysis 
is the computational detection and study of opinions, senti-
ments, emotions, and subjectivities in text (N. Li and Wu 
2010; B. Liu 2010; Pang and Lee 2004). To accomplish the 
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goal of mining opinions, the sentiment analysis technique is 
often split into two consecutive tasks: detecting which text 
segments (e.g., sentences) contain sentiments and determin-
ing the polarity and strength of the sentiments (Pang and 
Lee 2004). The use of sentiment analysis and related 
approaches has gained great popularity in the past decade, a 
popularity attributed to the advance of machine learning 
methods in Natural Language Processing (NLP) and infor-
mation retrieval, the increasing availability of large datas-
ets, and the accessibility of many commercial intelligence 
applications (Das and Chen 2007; Pang and Lee 2004; Tong 
and Koller 2002; Turney 2002).

Sentiment Analysis for Hotel Online User 
Reviews

Exhibit 2 shows the sentiment analysis procedures for hotel 
online user reviews in this study. There are three key pro-
cesses involved in this flowchart: pretreatment, SERVPERF 
dimension classification, and sentiment polarity classifica-
tion. Those constructs in double-line boxes are applied to 
these three key processes.

In the pretreatment process, we first clean up the raw 
customer review texts by deleting blank and duplicated 
records. Next, sentences are recognized from each piece of 
a review and all the words in each sentence are normalized 
before storing. In the second process, we decide if the sen-
tences refined by the first step fall into one of the specific 
service quality dimensions. Exhibit 3 shows the word/term 
list, which is created by domain experts and used to help 
locate potential topic-related sentences. Experts read ran-
domly selected samples and tagged those topic-related 

sentences to generate a training set. A machine learning 
algorithm, in this study, Naïve Bayes (NB), was then applied 
to the training set to produce topic classification rules. 
Finally, we use those rules to assign tags for the entire popu-
lation to get sentence-level topic results. During this pro-
cess, both domain knowledge and the machine learning 
algorithm set will provide effective support for NLP directed 
at the interpretation. Furthermore, we create the sentiment 
classifier in the third process and assign sentiment polarity 
for each unit of analysis, that is, a sentence. During this pro-
cess, the associated sentiment training corpus (Cornell 
movie review) will also be integrated into the support set.

Using the text classification algorithm, we then mine user 
reviews based on the five dimensions of perceived service 
quality (TANGIBLES, RELIABILITY, RESPONSIVENESS, 
ASSURANCE, and EMPATHY). Finally, a SERVPERF 
opinion matrix is derived to show customers’ sentiment on 
each dimension (a score from −1 to 1), where a score of 1 
means the customer has the most positive view of that dimen-
sion and −1 denotes the most negative sentiment. The overall 
sentiment score of dimension i is calculated by the following 
formula:

 S
N N

N Ni
pi ni

pi ni

=
−

+
,  (1)

where Npi  denotes the number of positive sentences in 
dimension i and Nni  denotes the number of negative sen-
tences in dimension i. Some extant studies use a ternary 
classification to represent sentiment polarity: positive, neg-
ative, and neutral (Pang and Lee 2004). We only use posi-
tive and negative labels in this study for two main reasons. 
First, sentences including subjective expressions always 

Exhibit 2:

Flowchart of Sentiment Analysis Procedures.
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Exhibit 3:
Word/Term List for Topic Classification.

TANGIBLES RELIABILITY RESPONSIVENESS ASSURANCE EMPATHY

AC ATM BELLHOP ASSOCIATE APATHETIC
ACCOMMODATION BOOKING CALL BILL APOLOGY
AMBIENT CONDITION(S) BUS SERVICE DELIVER CUSTOMER SERVICE BARGAIN
AMENITY(IES) CHECKIN/CHECK-IN FRONT DESK KNOWLEDGEABLE CHEAT
APPEARANCE CHECKOUT/CHECK-OUT HOUSEKEEPING SAFE EXPLANATION
BATHROOM COMMUNICATION INQUIRY SAFETY FOCUS
BED CONCIERGE LUGGAGE HELP SECURITY FRIENDLY
BED EXTRA CHARGE(S) MAINTANENCE PRIDE
BUSINESS CENTER EXTRA FEE MANAGEMENT RUDE
CARPET LUGGAGE HOLD OVERSIGHT SYSTEM(S) SMILE
CLEANLINESS NEIGHBORHOOD REQUEST(S) WHITE LIE
COFFEE PARKING RESPONSE  
COMFORT PET SERVICE STAND IN LINE  
DÉCOR POLICY  
ELEVATOR PRACTICE  
FITNESS ROOM PROACTIVE MANAGEMENT  
FLOOR RESTAURANT  
FURNITURE ROOM SERVICE  
GYM SHUTTLE  
HEAT SUBWAY  
INTERNET WEB PRICE  
KITCHEN  
LAUGRY  
LIGHTING  
LOBBY  
LOCATION  
LOUNGE  
MEETING ROOM  
MINIBAR  
NOISE  
PHONE  
PILLOW  
POOL  
REFRIGERATOR  
REMOTE  
RESTAURANT  
SAFTY DEPOSIT BOX  
SHOWER  
SIZE  
SMOKING  
SNACK SHOP  
TECHNOLOGY  
TELEVISION  
TOWEL  
TV  
TYPE  
VIEW  
WALL  
WINDOW  

 at JAMES MADISON UNIV on October 23, 2016cqx.sagepub.comDownloaded from 

http://cqx.sagepub.com/


288 Cornell Hospitality Quarterly 57(3)

imply either positive or negative feelings. Neutral senti-
ment, however, has a very vague range, which is more dif-
ficult to identify. The second reason is from the machine 
learning perspective. To the best of our knowledge, there 
are no well-established sentiment repertoires to efficiently 
and accurately identify neutral opinions. In this study, on 
the sentence level, we assign a subjective/objective tag to 
those sentences before we detect the positive/negative sen-
timent polarity. We simply ignore those objective sentences 
in the following analysis.

The sentiment analysis is conducted using the NB pro-
cess, which is a simple but effective classifier that has been 
used in numerous information-processing techniques such 
as image recognition, NLP, and information retrieval, using 
the open-source Natural Language Toolkit (NLTK; 
Escudero, Màrquez, and Rigau 2000; Lewis 1998; Nigam 
and Ghani 2000). In the first pretreatment process, after raw 
material cleanup and sentence tokenization,1 we stored 
575,228 sentences from 64,806 pieces of reviews. In the 
second process, we trained the classification system with 
external domain knowledge support. The external domain 
knowledge, in our context, refers to the keywords list that 
represents the five dimensions of SERVPERF. These key-
words are selected manually by reading 500 reviews that 
were randomly chosen from 64,806 reviews (Exhibit 1). We 
chose the nouns to represent each dimension, following the 
literature (Levy, Duan, and Boo 2013; Manickas and Shea 
1997) and experts’ domain knowledge. We also import the 
Cornell movie review dataset for sentiment signals in the 
third process. Moreover, we compute the accuracy of clas-
sifiers on the test set and use the F-measure to evaluate the 
performance based on precision and recall.

 F-measure
Precision Recall

Precision Recall
=

× ×
+

2
;  (2)

 Precision =
+
TP

TP FP
,  (3)

 Recall =
+
TP

TP FN
,  (4)

where TP  is the number of true positive, FP  is the num-
ber of false positives, and FN is the number of false  
negatives.2 In this study, the proposed five-dimension clas-
sification algorithm gets 0.68 F-measure, and the positive–
negative sentiment classification algorithm gets 0.91 
F-measure on the test set. On average, F-measure of  
quinary (five-dimension classification case) and binary 
(positive–negative sentiment classification case) is around 
0.6 and 0.8, respectively (Pang and Lee 2004). Therefore, 
our classification is fairly accurate.

The result for the five-dimension classification is shown 
in Exhibit 4 (we also generate a result sample in Exhibit 5 

to show what the sentence-level results look like). There are 
443,568 sentences related to SERVPERF, and the number 
of positive sentences is significantly higher than that of 
negative sentences. In addition, we notice the dimension of 
TANGIBLES has the highest number of sentences, account-
ing for almost 70 percent of the total counts, which suggests 
users pay a lot of attention to the items of this dimension, 
such as physical facilities, equipment, and personnel.

Empirical Modeling

As we are interested in examining whether the five 
SERVPERF dimension measures derived from the senti-
ment analysis drive online users’ reviewing behavior, we 
construct a system of two interdependent equations: one 
equation with the weekly average user review “rating” as 
the dependent variable and the other with the weekly 
“number” of reviews as the dependent variable. We 
assume that in each time period (i.e., week), the errors in 
the two equations may be correlated, which implies that 
factors not included in our model could simultaneously 
influence both the number and rating of online user 
reviews for hotels. In addition, following extant research 
(Duan, Gu, and Whinston 2008; Gu, Park, and Konana 
2012), we use a log-linear model. In our context, the 
major independent variables are the measurement of sen-
timents of the five SERVPERF dimensions, which are 
basically counts of positive and negative mentions in user 
reviews. The log transformation converts the relationship 
of those discrete count variables into a linear form for 
empirical estimation. A log-linear model smoothes the 
distribution of variables in the linear regression, and the 
estimated coefficients directly reflect the elasticity of 
independent and dependent variables. Exhibit 6 describes 
the variable names and measures. Exhibit 7 shows the 
descriptive statistics.

To control for any idiosyncratic hotel factors that could 
influence user reviews, such as hotel size, room number, 
and others, we include hotel fixed effects in the model by 
adding hotel-specific dummy variables. The hotel-specific 
fixed effects capture the idiosyncratic and time-constant 
unobserved characteristics associated with each hotel in our 
data. The advantage of a fixed-effects estimation is that it 
controls for intrinsic hotel characteristics, which inherently 
affect user reviews. In addition, a fixed-effects estimation 
also allows the error term to be arbitrarily correlated with 
other explanatory variables, thus making the estimation 
results more robust. The system of equations is specified as 
follows:

 

Ln Ln

Ln

WeekRating WeekRatingNum

WeekRank

it r it

r i t

( ) = ( ) +

−

α

α

0

1 1,(( ) + ( ) +
+ +

α

β ε

r it

it
c
r
c

ci cit

CumuRating

X

2Ln

µ ,

 (5)
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Equation 5 reflects the weekly average review rating, and 
Equation 6 displays the number of weekly online user 
reviews. Let i = 1, . . ., N index the hotels. Xit

c  is a vector of 
ten independent variables including the log value of the count 
of positive and negative sentences for each of the five dimen-
sions (TANGIBLES, RELIABILITY, RESPONSIVENESS, 
ASSURANCE, and EMPATHY) in reviews for hotel i at 
week t. CumuRatingit  in Equation 5 represents the cumula-
tive average user review grade of hotel i by week t. As online 
travel sites often provide average user review grades besides 
the hotel listing, it is the most prominent information  
on the website. While CumuRatingit  measures the overall 

evaluation of the hotel experience by the users, WeekRatingit  
reflects the most recent and concurrent valence of online user 
WOM information for the hotel. CumuRatingNumit  in 
Equation 6 represents the cumulative number of online user 
reviews for hotel i by week t, which indicate the total volume 
of WOM information for that hotel.

In both equations, we include the previous week’s 
TripAdvisor popularity index (ranking3; Ln( )),WeekRanki t−1  
to control for the most recent travelers’ satisfaction level. 
Hotels are categorized in the same market based on their 
geographic location. For example, all hotels in the 
Washington, D.C., area will be treated as competitors in the 
same market and ranked relative to their corresponding user 
reviews. TripAdvisor is the leading example of eWOM 
platforms in the travel industry (Jeacle and Carter 2011). 
TripAdvisor has achieved notable success in a short period 
and attracts millions of global visitors on a daily basis. 

Exhibit 4:
Distribution of the Five Dimensions of SERVPERF.

Dimension No. of Positive No. of Negative No. of Sentences %

TANGIBLES 205,189 103,815 309,004 69.66
RELIABILITY 28,977 17,696 46,673 10.52
ASSURANCE 29,224 12,025 41,249 9.3
RESPONSIVENESS 17,288 9,128 26,416 5.96
EMPATHY 16,540 3,686 20,226 4.56
Total 443,568 100

Exhibit 5:
Sample Result of Sentence-Level Analysis.

Hotel ID Time Sentence Content Subjective Dimension Sentiment

351 11/13/2004 15:22 Wonderful bed and pillow. . . . The best pillow 
have ever slept on!

SUBJECTIVE TANGIBLES 1

351 11/13/2004 15:22 Not enough towels, no shower caps, dusty coffee 
mugs.

SUBJECTIVE TANGIBLES −1

718 1/22/2006 15:19 I found the carpet to be dirty, probably just old. SUBJECTIVE TANGIBLES −1
762 1/9/2007 15:44 The bed was comfortable, although we could not 

get anything larger than a Queen.
SUBJECTIVE TANGIBLES 1

762 4/14/2007 15:05 Even after a phone call to the front desk, I could 
not get enough bath towels.

SUBJECTIVE RESPONSIVENESS −1

843 5/3/2008 17:27 We went to D.C. just to sightseeing and partying, 
we picked this hotel.

OBJECTIVE  

896 7/23/2008 16:44 Walking distance to the Capital and the circulator 
bus services which we used often to explore the 
National Mall area.

SUBJECTIVE RELIABILITY 1

4686 12/8/2010 13:19 Expensive overnight parking!!! SUBJECTIVE RELIABILITY −1
4715 6/22/2009 15:32 Desk staff knowledgeable SUBJECTIVE ASSURANCE 1
14558 1/18/2010 11:17 We treated rudely by staff and accused of trying to 

cheat the hotel out of free parking because they 
could not even provide us some extra bedding.

SUBJECTIVE EMPATHY −1

15166 8/17/2010 10:43 We never received an apology or an offer to move 
to another room.

SUBJECTIVE EMPATHY −1
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Many hotels aspire to achieve top ranking in TripAdvisor’s 
popularity index, which instantly signals a hotel’s level of 
quality and popularity. The popularity ranking along with 
the cumulative average user review rating and number of 
reviews are the most prominently displayed information on 
the TripAdvisor website. The hotel-specific fixed effects 
that capture the idiosyncratic characteristics associated with 
each hotel, such as its size, location, brand name, star level, 
and style, are denoted by µci and ρci . The fixed effects cap-
ture all non-time varying, unobserved heterogeneity of each 
hotel; thus, we are able to control for unobserved differ-
ences across hotels.

In Equations 7 and 8, we use the overall sentiment score 
for each of the five dimensions instead of the count of the 
positive and negative sentences. Xit

s  is a vector of five 
covariates including the sentiment score for each of the five 
dimensions.
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Results and Discussion

The three-stage least square (3SLS) procedure was used to 
simultaneously estimate the system of two equations to 
consider both the endogeneity of the dependent variables 
and the correlation of the two equations. The 3SLS estima-
tion results for Equations 5 and 6 are reported in Exhibit 8.

For the user review rating equation (Equation 5) in 
Exhibit 8, the coefficient of Ln( ),WeekRanki t−1  is signifi-
cantly positive, suggesting that a higher TripAdvisor rank-
ing (smaller number) in the previous week is correlated 
with a lower user review rating in the following week. This 
result indicates that a better TripAdvisor ranking actually 
may lead to lower user review ratings. Although seemingly 
counterintuitive, this finding echoes the recent work of 
Joshi and Musalem (2012) that models the strategic impli-
cations of WOM. “Underpromising and overdelivering” is 
the common advice given to firms for managing customers’ 
quality expectations. Joshi and Musalem (2012) show that 
under the influence of WOM, it is likely that firms can stra-
tegically set consumer expectations toward either direction. 
Especially when repeat purchases are critical, as in the hos-
pitality industry, it is important for companies to consider 
consumers with adaptive anticipation to set expectations to 
optimally influence demand generation (Kopalle and 
Assunção 2000; Kopalle and Lehmann 2006).

Travelers’ quality expectation toward a hotel can be eas-
ily formed by reading online user reviews and by looking at 
the TripAdvisor popularity index. Previous literature on 

Exhibit 6:
Variable Descriptions.

Variable Description and Measure

WeekRatingit Average user review rating for hotel i at week t.
WeekRatingNumit Number of user reviews for hotel i at week t.
WeekRankit Average TripAdvisor popularity ranking (rounded to integer) hotel i at week t.
CumuRatingit Cumulative average user review rating for hotel i at week t.
CumuRatingNumit Cumulative number of user reviews for hotel i at week t.
TanPosNumit Number of positive sentiments of TANGIBLES for hotel i at week t.
TanNegNumit Number of negative sentiments of TANGIBLES for hotel i at week t.
ReliPosNumit Number of positive sentiments of RELIABILITY for hotel i at week t.
ReliNegNumit Number of negative sentiments of RELIABILITY for hotel i at week t.
ResPosNumit Number of positive sentiments of RESPONSIVENESS for hotel i at week t.
ResNegNumit Number of negative sentiments of RESPONSIVENESS for hotel i at week t.
AssuPosNumit Number of positive sentiments of ASSURANCE for hotel i at week t.
AssuNegNumit Number of negative sentiments of ASSURANCE for hotel i at week t.
EmpPosNumit Number of positive sentiments of EMPATHY for hotel i at week t.
EmpNegNumit Number of negative sentiments of EMPATHY for hotel i at week t.
TanSentiit Overall sentiment score of TANGIBLES for hotel i at week t.
ReliSentiit Overall sentiment score of RELIABILITY for hotel i at week t.
ResSentiit Overall sentiment score of RESPONSIVENESS for hotel i at week t.
AssuSentiit Overall sentiment score of ASSURANCE for hotel i at week t.
EmpSentiit Overall sentiment score of EMPATHY for hotel i at week t.
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herding and informational cascades (Duan, Gu, and 
Whinston 2009) also suggests that online users’ choices of 
products exhibit distinct jumps and drops with changes in 
sales ranking, and most popular products could easily drive 
more consumers to follow. In our context, when top-ranked 
hotels do not meet users’ high expectations, those users are 
more likely to share the negative (i.e., lower than expecta-
tion) experience by posting negative reviews. Our results, 
as an initial effort to show the relationship between ranking 
and online user review behavior, suggest the imperative 
future research direction in closely examining the balance 
between aspiring to acquire the most positive online user 
reviews and top ranking while being more cautious about 
raising consumer expectations.

The coefficient of Ln( )CumuRatingit  is significantly 
positive, indicating that a higher cumulative average user 
review rating is correlated with a higher current average 
user review rating. It is noteworthy to see the differential (in 
fact different directional) impact of cumulative user ratings 
and popularity rankings. Both pieces of information, when 
available, are often placed in the most prominent spots on 
many websites, assuming they would somewhat comple-
ment and reinforce each other. But our results suggest that 
companies may need to take another look at this strategy 
when trying to maximize informational effects of online 
user-generated content. We recognize that in our context, 
the cumulative user rating is the aggregation of total online 
reviews over a relatively long time period, whereas the pop-
ularity ranking reflects the more recent user experiences 

and opinions. Hence, an interesting extension to the current 
research is to take a detailed examination of the effect of 
various information aggregation and display strategies, par-
ticularly as many websites are starting to display the mov-
ing average of user feedback information instead of the 
overall cumulative aggregation of reviews.

In terms of the effect of the five SERVPERF dimensions, 
TANGIBLES seem to have the strongest impact on user 
review ratings. The positive number of mentions for this 
dimension has a strong positive effect on user review rat-
ings, whereas the negative number of mentions has a strong 
negative impact. The impact of positive mentions (the coef-
ficient is 0.02) is much stronger than that of negative men-
tions (the coefficient is −0.01). In contrast to the conventional 
wisdom that negative reviews may have a stronger impact 
than positive reviews (Godes and Silva 2012), our result 
suggests that this may not be the case when delving deeper 
into the review content. This indicates that users may place 
different weight on hotel attributes when reading the 
reviews (e.g., getting a clean room may be much more 
important for users than having a luggage holding service). 
Our results also show that such differential impact between 
positive and negative reviews is not only present within the 
same dimensions but also across the different dimensions. 
The coefficient of the number of positive mentions of 
RELIABILITIES is positive and marginally significant in 
influencing the review ratings, but the number of negative 
mentions is not significant. For RESPONSIVENESS, only 
the negative number of mentions has a strong negative 

Exhibit 7:
Summary Statistics.

Variable n M SD Minimum Maximum

WeekRatingit 5,150 4.15 0.64 0.50 5.00
WeekRatingNumit 5,150 6.24 4.88 1.00 39.00
WeekRankit 5,712 44.90 28.94 1.00 118.00
CumuRatingit 5,150 4.09 0.27 3.24 4.67
CumuRatingNumit 5,150 668.37 311.82 20.00 1,928.00
TanPosNumit 5,116 18.74 16.55 0.00 147.00
TanNegNumit 5,116 9.23 8.83 0.00 75.00
ReliPosNumit 5,116 2.64 2.82 0.00 27.00
ReliNegNumit 5,116 1.62 2.01 0.00 17.00
ResPosNumit 5,116 1.59 1.98 0.00 15.00
ResNegNumit 5,116 0.82 1.31 0.00 13.00
AssuPosNumit 5,116 2.65 2.80 0.00 21.00
AssuNegNumit 5,116 1.07 1.45 0.00 12.00
EmpPosNumit 5,116 1.56 1.82 0.00 14.00
EmpNegNumit 5,116 0.36 0.73 0.00 7.00
TanSentiit 5,116 0.36 0.31 −1.00 1.00
ReliSentiit 5,116 0.36 0.63 −1.00 1.00
ResSentiit 5,116 0.53 0.64 −1.00 1.00
AssuSentiit 5,116 0.54 0.57 −1.00 1.00
EmpSentiit 5,116 0.76 0.50 −1.00 1.00
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impact, but the number of positive mentions has no signifi-
cant impact. For ASSURANCE, however, only the number 
of positive mentions has a strong positive impact. Neither 
the number of positive nor negative mentions of EMPATHY 
has any significant impact on review ratings.

For the user review volume equation (Equation 6), the 
coefficient of Ln( )CumuRatingNumit  is significantly posi-
tive, showing a strong correlation between cumulative 
number of reviews and the most recent number of reviews. 
This suggests a strong effect of past overall volume of 
WOM in generating more volume of WOM. This result is 
related to the recent work examining the self-selection, tem-
poral, and sequential dynamics of online user reviews 
(Godes and Silva 2012; X. Li and Hitt 2008). Different 

from the extant work, which usually investigates the one-
time purchase of experience goods such as books and cam-
eras, the choice of hotels can be repeated and adaptive. 
Thus, the examination of the online user reviews for hotels 
is not confounded by the normal product adoption and dif-
fusion process, which biased many previous studies of the 
dynamics of online user reviews. Also in contrast to the 
findings of extant literature that usually identifies a dimin-
ishing trend of reviews, our results suggest more previous 
reviews actually lead to more future reviews. This finding 
confirms the importance of examining different industries 
and calls for significant future research on identifying and 
conceptualizing online user content-generation behavior.

The results shown in Exhibit 8 suggest that all ten senti-
ment variables have a strong positive impact on driving the 
number of reviews, regardless of the number of positive or 
negative mentions. This finding suggests that online users’ 
reviewing behavior in the hotel industry is significantly 
driven by their experience in these five major areas. This 
finding demonstrates that the five dimensions defined and 
measured in our study indeed provide a comprehensive 
measurement of service performance from different per-
spectives. More importantly, the results validate the impor-
tance and power of the novel text-mining and sentiment 
analysis technique in efficiently and accurately evaluating 
online user-generated content.

After separating the effect of positive and negative men-
tions of the five dimensions of SERVPERF, we would like 
to consider the overall impact of each dimension by esti-
mating Equations 7 and 8 by using the sentiment score of 
each of the five dimensions. The 3SLS estimation results 
for Equations 7 and 8 are reported in Exhibit 9.

The magnitude and significance level of the coefficients 
of Ln(WeekRanki t, )−1  and Ln(CumuRatingit )  in the esti-
mation results of Equation 7 remain qualitatively similar to 
the estimation results of Equation 5. The overall sentiment 
of TANGIBLES has the strongest and largest impact on 
user review ratings, which suggests that the more positive 
reviews in this dimension, the higher the user review rat-
ings. The coefficients of the RESPONSIVENESS and 
ASSURANCE are also significantly positive, but the mag-
nitude is much smaller than that of TANGIBLES. When we 
put the estimation results of Equations 5 and 7 together, the 
importance of investigating the review content at both sen-
timent variation and overall sentiment levels are not negli-
gible. For example, if only the results of Equation 5 are 
provided, the implication could be that effort should be 
invested in increasing the RESPONSIVENESS and 
ASSURANCE service to improve the user review ratings. 
However, by also considering the results in Equation 7, 
managers should pay more attention to eliminating the neg-
ative feedback related to the RESPONSIVENESS and be 
more aware of and maintain the positive services of the 
ASSURANCE.

Exhibit 8:
Fixed-Effects 3SLS Estimation Results.

Variable Coefficient SE

Equation 5: User review rating equation with Ln(WeekRatingit) as 
dependent variable
 Ln(WeekRatingNumit) −0.07 0.04
 Ln(WeekRanki,t−1) 0.03*** 0.01
 Ln(CumuRatingit) 1.65*** 0.29
 Ln(TanPosNumit) 0.02*** 0.004
 Ln(TanNegNumit) −0.01*** 0.001
 Ln(ReliPosNumit) 0.002* 0.001
 Ln(ReliNegNumit) 0.001 0.001
 Ln(ResPosNumit) 0.001 0.001
 Ln(ResNegNumit) −0.002*** 0.001
 Ln(AssuPosNumit) 0.002** 0.001
 Ln(AssuNegNumit) −0.001 0.001
 Ln(EmpPosNumit) 0.01 0.001
 Ln(EmpNegNumit) 0.001 0.001
 Constant −0.12 0.41
Equation 6: User review volume equation with 
Ln(WeekRatingNumit) as dependent variable
 Ln(WeekRating) −0.11 0.4
 Ln(WeekRanki,t−1) 0.02 0.02
 Ln(CumuRatingNumit) 0.35*** 0.03
 Ln(TanPosNumit) 0.07*** 0.01
 Ln(TanNegNumit) 0.02*** 0.003
 Ln(ReliPosNumit) 0.02*** 0.001
 Ln(ReliNegNumit) 0.01*** 0.001
 Ln(ResPosNumit) 0.01*** 0.001
 Ln(ResNegNumit) 0.007*** 0.002
 Ln(AssuPosNumit) 0.02*** 0.001
 Ln(AssuNegNumit) 0.01*** 0.001
 Ln(EmpPosNumit) 0.02*** 0.002
 Ln(EmpNegNumit) 0.01*** 0.001
 Constant −0.19 0.46
N = 5,045; Group = 86  

Note. Hotel dummies (fixed effects for each of the 86 hotels) are not 
reported. 3SLS = three-stage least square.
*p < .10. **p < .05. ***p < .01.
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Exhibit 9:
Fixed-Effects 3SLS Estimation Results.

Variable Coefficient SE

Equation 7: User review rating equation with Ln(WeekRatingit) as 
dependent variable
 Ln(WeekRatingNumit) −0.01 0.02
 Ln(WeekRanki,t−1) 0.03*** 0.01
 Ln(CumuRatingit) 1.59*** 0.29
 TanSentiit 0.11*** 0.01
 ReliSentiit −0.003 0.005
 ResSentiit 0.01*** 0.005
 AssuSentiit 0.01** 0.005
 EmpSentiit −0.01 0.01
 Constant −1.02 0.47
Equation 8: User review volume equation with 
Ln(WeekRatingNumit) as dependent variable
 Ln(WeekRating) −0.23 0.61
 Ln(WeekRanki,t−1) −0.02 0.03
 Ln(CumuRatingNumit) 0.76*** 0.05
 TanSentiit −0.02 0.07
 ReliSentiit −0.17*** 0.01
 ResSentiit −0.15*** 0.02
 AssuSentiit −0.10*** 0.02
 EmpSentiit −0.15*** 0.02
 Constant −2.33 0.98
N = 5,045; Group = 86

Note. Hotel dummies (fixed effects for each of the 86 hotels) are not 
reported. 3SLS = three-stage least square.
*p < .10. **p < .05. ***p < .01.

In Equation 8, the coefficient of Ln(CumuRatingNumit )  
remains significantly positive, as it does in Equation 6. The 
coefficient of the overall sentiment of TANGIBLES is not 
significant, whereas the coefficients of the sentiment score 
of the other four dimensions are all significantly negative. 
This finding suggests that overall negative reviews would 
drive a higher number of reviews, consistent with extant 
literature and anecdotal evidence that users are more likely 
to share their negative experiences in posting reviews and 
feedback online. The insignificance of the sentiment of 
TANGIBLES is in fact also consistent with the estimation 
results of Equations 5 and 6 that positive sentiment on this 
dimension has a larger impact than negative sentiment, as 
we discussed earlier. These findings, once again, show the 
importance of applying a more granular analysis to dissect 
the effect of online user reviews.

Theoretical Implications

Our findings provide several important implications for the 
research of user-generated content (eWOM) in general and 
online reviews in particular. First, previous studies of online 
reviews have a tendency to focus on the number of reviews 
and summary measures of review valence (Archak, Ghose, 

and Ipeirotis 2011; Chevalier and Mayzlin 2003; Duan et al. 
2008b; Godes and Mayzlin 2004; Y. Liu 2006). In the cur-
rent study, we have employed the five dimensions of the 
SERVPERF model to measure multiple dimensions of the 
textual content of a review in the hospitality industry. Our 
results show that each of these dimensions appears in a sig-
nificant number of hotel reviews. Second, Chevalier and 
Mayzlin (2006) found that changes in relative sales rankings 
were positively related with the length of online reviews, 
implying that online purchase decisions are sensitive to 
online review content. Similar to this implication, our results 
indicate that consumers’ review posting behavior was sig-
nificantly related to reviewer statements about TANGIBLES, 
RELIABILITY, ASSURANCE, RESPONSIVENESS, and 
EMPATHY. Moreover, these results were robust with respect 
to the way in which positive and negative sentiments were 
treated (i.e., as separate content-dimension variables or as 
components of a single content-dimension variable). These 
findings indicate that measures of review content should be 
included in future studies of the relationship between online 
reviews and behavioral outcomes such as consumers’ review 
posting behavior. Third, Chevalier and Mayzlin (2006) 
found that measures of product sales were more strongly 
influenced by one star than by five star product ratings. This 
conclusion is consistent with our analysis of reviewer state-
ments about hotel reviews. In particular, for statements 
addressing attributes to hotel reviews, the impact of negative 
statements was always greater than the impact of positive 
statements. Our analysis of statements regarding past prod-
ucts or the company itself, however, provides only partial 
support for the contention that consumers place more 
emphasis on negative information than on positive informa-
tion. These results reinforce the findings about the damage 
that can arise from negative statements about the product/
service being reviewed.

Managerial Implications

In contrast to the majority of extant studies that focus on one-
time purchase experience goods such as books, movies, and 
consumer electronics, ours is one of the first studies to focus 
on the service industry, more specifically, the hospitality 
industry. Our findings have several important implications 
for the management of WOM communication for the hospi-
tality industry. First, Y. Liu (2006) has emphasized the impor-
tance of tracking the volume of online reviews. The results 
presented in the current study underscore the importance of 
tracking not only review volume but also key dimensions of 
review content and the percentage of positive and negative 
statements about each dimension. Second, our findings sug-
gest that consumers’ review posting behavior is sensitive to 
online reviewer statements about the main SERVPERF  
variables (TANGIBLES, RELIABILITY, ASSURANCE, 
RESPONSIVENESS, and EMPATHY). Thus, managers 
should think of ways to enhance reviewer perceptions of 

 at JAMES MADISON UNIV on October 23, 2016cqx.sagepub.comDownloaded from 

http://cqx.sagepub.com/


294 Cornell Hospitality Quarterly 57(3)

service quality and encourage reviewers to address these 
issues in their reviews. For example, hotel managers can pro-
vide consumers with a set of guidelines or questions designed 
to elicit statements from consumers about the perceived qual-
ity and value of a new service, as well as the reviewer’s satis-
faction with that service. In addition, managers may find it 
more effective to simply appeal to motivations that lead con-
sumers to post online reviews. Third, given the impact of 
negative comments on potential hotel consumers, managers 
should think about strategies for limiting the number of nega-
tive comments. To this end, managers should explore ways to 
(1) manage customer expectations regarding service perfor-
mance, (2) encourage dissatisfied customers to communicate 
with the company about such concerns, and (3) respond to 
those concerns before the customer writes a negative review.

Conclusion, Limitations, and Future 
Study

In light of the rapid growth of the social media phenomenon 
and its undeniable impact on consumers and businesses, we 
endeavor to pioneer social media research in the hotel 
industry that focuses on measuring service quality and per-
formance by mining the textual content of online user 
reviews. First, we extend the SERVPERF model by analyz-
ing the more objective data gathered from online customers’ 
review content on multiple dimensions of hotel service 
quality applying the sentiment analysis technique. We pro-
vide evidence that online customer reviews form service 
quality perceptions on the basis of their differential evalua-
tions of all five dimensions of SERVPERF. This result dem-
onstrate the advantage of using the novel automated 
text-mining approach to more accurately and efficiently 
measure consumer opinions from the large amount of online 
user-generated content. Second, we further investigate the 
influence of five different dimensions of user reviews 
derived from the sentiment analysis of consumers’ review-
ing and content-generating behavior. Our findings indicate 
the five dimensions have different impacts in shaping con-
sumers’ overall evaluation and driving consumers’ review 
posting behavior. In addition, our results indicate that more 
previous reviews actually lead to more future reviews, 
showing the strong impact of social media and the impor-
tance to also understand the uniqueness of applying a social 
media marketing strategy in different industries.

Limitations and Future Study

One limitation of this study has to do with the generaliza-
tion issue as the study is anchored in the hotel industry. In a 
future study, we intend to provide a more comprehensive 
view of measuring and evaluating service quality by mining 
social media content and performing multiple tests and 
across various industries. Another methodological limita-
tion associated with the current study is that we used 

sentence-level analysis and assigned each sentence to one 
dimension. This approach ignores some cases where con-
tent of one sentence may cover more than one dimension. 
For example, as shown in Exhibit 5, “The bed was comfort-
able, although we could not get anything larger than a 
Queen” covers both TANGIBLES and RESPONSIVENESS, 
so assigning only one tag on this sentence will lose useful 
information and introduce bias to some extent. A more 
sophisticated and advanced sentiment analysis technique is 
expected to be developed and applied in our future research 
endeavors in examining online user-generated content. 
Other future studies, as we allude to in the aforementioned 
discussions, include taking a detailed look at the effect of 
various information aggregation and display strategies on 
consumer behavior, examining the effect of different strate-
gies of managing and using user-generated content, and 
establishing the direct link between different dimensions of 
user-generated content with product and service sales, as 
well as overall firm performance.
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Notes

1. Sentence tokenization describes the process of breaking a 
piece of text into individual sentences.

2. Both True positive and True negative mean the correct out-
comes, False positive represents the Type I error, and False 
negative means Type II error. In a quinary classification, we 
will calculate the precision/recall for each dimension then take 
the average to get the precision/recall for the quinary classifier.

3. The TripAdvisor Popularity Index (ranking) incorporates 
Traveler Content to determine traveler satisfaction. Emphasis is 
placed on the most recent information. TripAdvisor calculates the 
Popularity Index using a sophisticated algorithm (http://www.
tripadvisor.com/help/how_does_the_popularity_index_work).
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