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Abstract

Customer retention has been fully examined in marketing research. It has been
noticed that satisfied customers do not always retain and customer churn happens
repeatedly in an e-Business context. In this paper, we focus on online consumer
repurchase behavior on online business to consumer platforms after posting a non-
5/5 rating of the purchased product. The non-5/5 rating can be taken as buyer’s
self-claimed non-fully satisfaction on shopping experience. We investigate whether
online consumers’ self-claimed non-fully satisfied shopping experience of a brand
would attenuate their repurchase intention of the same brand, and further, what
factors would impact their repurchase frequency and the time interval to the next
purchase of this brand. We applied multinomial logit regression and ordinary least
square regressions to Amazon review data to test the research hypotheses. We col-
lected more than 241 thousand review records involving over 182 thousand buyers
of Amazon beauty products. 44% of these buyers rated below 5, and 19% out of
whom had repurchase records. The empirical results showed that consumers’ past
shopping experience and the non-5/5 rating level significantly impact the possibil-
ity of repurchase intention; consumers’ emotional stability is associated with their
repurchase frequency positively; their relationship proneness to a certain brand
shortens the time interval to the next purchase of the brand. Managerial implications
and future research directions are discussed last.
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1 Introduction

In academia, consumer repurchase behavior has gained adequate attention in
recent years. The importance of customer retention has been fully examined in
marketing research as a key to increase customer value and reduce firms’ costs
(Abdolvand et al. 2015). Xevelonakis (2005) stated that customer retention is
profitable for a firm. Payne and Holt (2001) verified that exchanges with exist-
ing customers leads to higher profitability. Gupta et al. (2006) demonstrated that
a small percentage increase in retention rate could bring up a high percentage
increase in profitability. In prior research, customer retention has been regarded
as an important index to evaluate customer lifetime value (CLV), a long-time cus-
tomer profitability metric (Haenlein et al. 2006), referring to the net present value
contributed by a customer to a firm (Abdolvand et al. 2015). Gupta et al. (2006)
illustrated that customer retention rate is positively associated with CLV. Tsai
et al. (2013) claimed that customer retention rate reflects financial return between
a customer and a firm based on their relationship.

Since the cost of customer retention is far less than that of new customer
acquisition, attaining customer retention is critical for achieving customer life-
time value. In other words, decreasing customer churn rate is crucial for a firm
to increase customer lifetime value. Researchers paid more attention to three
aspects: reasons of customer churn, internal mechanisms of customer loss, and
reduction of customer churn. Prior research found that dissatisfaction is a driver
of customer churn rate. Various service encounters, such as price, speed of deliv-
ery, and courtesy, have been confirmed to lead to customer dissatisfaction, which
easily results in customer churn in the logistics industry (Chen et al. 2015).
Kumar et al. (2018) developed a “mixture cure-competing risks” model, explain-
ing multiple reasons for customer churn rate, customer dissatisfaction included.
Hansen et al. (2013) found that customer churn rate decreases with satisfaction
and increases with prior churn.

Given that an abundance of research noticed the direct influence of customer
dissatisfaction on customer churn rate, there are a few cases that indicate that
unsatisfied customers do not change their repurchase intention. For example, a
switching barrier, such as technological switching, cost, and long term inter-
organizational relationship makes a firm difficult to change their intention with
existing partners (Jones et al. 2000). Moreover, brand preference plays an impor-
tant role in customer repurchase intention. Haverila and Haverila (2015) men-
tioned that brand value has a positive influence on the relationship between cus-
tomer satisfaction and repurchase intention.

In the rapidly developed business environment that we see today, cus-
tomer purchase channels become diversified, and monetary switching cost has
decreased rapidly. Therefore, customers tend to churn repeatedly (Griffin and
Lowenstein2002), but customer churn may not be ‘“dead opportunities” any
longer. In fact, satisfied customers do not always retain, and unsatisfied custom-
ers do not always switch to another brand. In the e-Business era, the impact of
switching barriers on online consumers has been mitigated. Some conclusions
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and mechanisms of prior research in traditional industry may not be adapted
exactly to online scenarios, and some research models may not be fully effective
to explain online purchase and repurchase behavior (Khalifa and Liu 2007). Thus,
online consumer repurchase behavior is worth investigation for online retailers
and e-Business platforms to create long-term business value.

This paper examines how an unpleasant online experience impacts consumers’
repurchase behavior. As for online consumers, their brand switch costs decrease dra-
matically. Thus, how to achieve online consumer retention especially after he/she
has an imperfect experience is of great value. Amazon is the largest online retailer
in the world. Amazon users can evaluate their purchased products after delivery. A
non-5/5 rating can be interpreted as a self-claimed non-fully perfect or non-fully sat-
isfied shopping experience. We examine the non-fully satisfied or non-fully pleasant
Amazon users’ repurchase behavior. Concretely, the research questions of this paper
are: after a non-5/5 rating shopping experience,

1. Whether a consumer after non-5/5 rating posting would repurchase the same
brand in the future and what factors impacts his/her behavior?

2. If the consumer after non-5/5 rating posting does not churn, what factors impacts
his/her repurchase frequency of the same brand?

3. If the consumer after non-5/5 rating posting does not churn, what factors impact
his/her repurchase time interval of the same brand?

The rest of the article is organized as follows. We provide an overview of rel-
evant research on customer retention and online review followed by related theoreti-
cal background to propose our research hypotheses. Then, we introduce the econo-
metrical model and data sources in detail for empirical analysis. We next present the
empirical results of our analysis and discuss them. Finally, we provide managerial
implications for practice, the limitations of this article, and recommend directions
for future research.

2 Related literature

This paper explores online repurchase behavior especially of those who have expe-
rienced imperfect shopping. We identify these self-claimed non-fully satisfied con-
sumers from product evaluations of a non-5/5 rating from Amazon review data.
Thus, in this section we sum up two literature streams: related literature on customer
retention and the factors impacting customer retention rate; and an extensive review
of research on online reviews and its affiliation to other marketing mix.

2.1 Customer retention
Customer retention has been examined considerably in academia as an important

part in marketing performance outcomes because it contains a lot of information
about customer behaviors, which can affect company sales (Katsikeas et al. 2016).
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Dastane and Fazlin (2017) claimed that the cost of acquiring new customers is
higher than that of striving for retaining customers. Therefore, customer reten-
tion leads to cost savings, profitability, and relationship strengthening, as a result
of lowering retained customers’ price sensitivity and increasing the possibility
of referring new customers. Moreover, Scherer et al. (2015) mentioned that cre-
ating value for customers and managing customers’ co-creation of value should
be taken into consideration strategically for the firm. All in all, customer reten-
tion has become one of the firms’ critical success factors for diversified industrial
markets as well as the huge consumer market.

How to achieve customer retention has been considerably examined in prior
research. Rust and Zahorik (1993) stated that customer satisfaction could push up
repurchase in various industrial and social contexts. Accordingly, Levesque and
McDougall (1996) found that customer dissatisfaction eliminates an organiza-
tion’s customer base and erodes a corporation’s reputation without ensuring cus-
tomer retention. Kumar et al. (2017) believed firms’ continuous evaluation of the
provision of customer services can bring competitive advantages for themselves.
Furthermore, the drivers of customer retention include brand value, service pro-
vider reputation, trust, and so on. In particular, trust as an important key factor
has a positive impact on customer retention (Milan et al. 2015).

Pricing strategies have been attributed as potential issues to customer repur-
chase behavior as well. Chen et al. (2015) found that the attributes of price and
discounts significantly influence likelihood of customer retention. However,
Papatla and Krishnamurthi (1996) demonstrated empirically that initial discounts
negatively affect customer retention mainly because customers can be more sen-
sitive to prices with discounts. Freimer and Dan (2008) claimed that initial dis-
counts have a positive influence on repurchase behavior, customer habit build-
ing, and loyalty. Olivares et al. (2018) confirmed that a moderate discount is
necessary for customer retention since it indirectly achieves customer retention
when consumers’ purchase habits exist (Murray and Haubl 2007). Pauwels et al.
(2002) pointed out that when customers adapt to discounts and build up positive
purchase habits, after the discount period expires, the likelihood of repurchase
behavior can be strengthened.

Research on relationship marketing has verified that customer relationship ben-
efits customer retention to the brand (Bolton 1998). Krautz and Hoffmann (2017)
predicted the mechanism among customer segmentation (based on past purchase
history), the relationship tenure and two attitudinal customer variables, and their
cross-cultural impact on customer retention. Further, research found that customer
retention rate differs across product categories. Park and Han (2013) examined
the relationship between customer retention rates and product diversity for online
retailers, illustrating that diversified product categories increase consumer repur-
chase intention. Instead, Estelami and Maeyer (2004) found that the next purchase
decision for durable consumer goods is always far from a customer’s last purchase,
which urges firms to maintain good relationships with existing customers.

Other strategies such as multi-channels accelerate a firm to attain customer reten-
tion as well. Scherer et al. (2015) found that technology-based self-service in addi-
tion to traditional personal service in the service sector enables the firm to increase
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customer retention rates in the long run and works more profitably and efficiently
than any single channel respectively.

Switching cost across purchasing channels is a factor to be reckoned for custom-
ers to make repurchase decisions, which split the customers to retain or to churn at
the presence of various brands. Besides the high switching cost of industrial mar-
kets, shopping habits and experiences coinstantaneous add up to switching cost
when a consumer is about to churn and turn to a new brand in the consumer mar-
ket. Khalifa and Liu (2007) proved that online shopping habits and online shopping
experiences have a positive impact on customer retention rate since the customers
are hesitant to switch at the cost of information searching and risk taking of an unfa-
miliar product.

This paper aims to examine the online repurchase behavior, concretely the repur-
chase intentions, the time interval of repurchase, and the future repurchase frequency
of the same brand, of those who have experienced online shopping with non-5/5 rat-
ing of purchase. Therefore, the summary of customer retention and its influencing
factors contribute relevant references to the study in the online context.

2.2 Online reviews

Online consumers would like to comment and share about their online shop-
ping experiences such as product/service quality, delivery efficacy, and the sellers’
responsiveness, which are useful references for new comers to understand the prod-
ucts and make purchase decisions. Thus, online reviews have obtained great atten-
tion from researchers who have examined the review usefulness, helpfulness, its
influence on other financial indexes, and the mechanisms behind consumer online
purchase behavior.

Prior research has investigated online reviews from two primary perspectives.
From the point of view of online retailers, many studies have demonstrated the
significant effect of online reviews as a function of electronic word-of-mouth, on
sales volume. E.g., Clemons et al. (2006) suggested that the variance of ratings
and the strength of the most positive quartile of reviews are positively related to
sales growth; Duan et al. (2008a, b) verified that box office sales are significantly
increased by the volume of online postings. Other elements of online reviews such
as reviewer disclosure of identity information (Forman et al. 2008), review valence
(Ho-dac et al. 2013; Floh et al. 2013), Semantic content and style properties (Lud-
wig et al. 2013) are verified to have a significant positive influence on sales. In addi-
tion, research on online reviews helps firms bring forward marketing strategies. E.g.,
Chen and Xie (2005) stated that a firm could adopt a pricing strategy or advertising
strategy based on the characteristics of product reviews. Moreover, several studies
provided product improvement strategies according to the features of textual content
of online reviews (e.g., Zhang et al. 2018; Qi et al. 2016). Most of the research on
online reviews was done empirically, though Kwark et al. (2014) applied an analyti-
cal game theoretical model to explore the impact of online reviews left on the online
retailer or the brands respectively according to the review content.
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Another branch of research focuses on the underlying mechanisms of affecting
other consumers’ purchase behavior. These studies mainly explore the usefulness
and helpfulness of online reviews to potential consumers. E.g., Yin et al. (2014)
found that reviews containing content indicating anxiety are more helpful than those
containing content indicative of anger; Hong et al. (2017) empirically confirmed that
review depth, review age, reviewer information disclosure, and reviewer expertise
all have positive influences on review helpfulness through a meta-analysis. Fur-
ther review features such as specific review content and writing styles (e.g., Siering
et al. 2018; Singh et al. 2017; Agnihotri and Bhattacharya 2016), review readabil-
ity (Agnihotri and Bhattacharya 2016), and product rating and review valence (Yin
et al. 2016) have been verified to have a positive impact on review helpfulness.

We sum up recent studies on online reviews and provide an overview in Table 1
below. Distinct from most research, which focuses on either the firm’s or other
consumer’s angle of view, our study tracks the reviewer’s repurchase behavior that
brings insights for the online retailers and manufacturers to predict their online cus-
tomer retention rates in turn and explore the impacting factors in this study.

3 Theoretical background and model development

This paper aims to examine the repurchase behavior of online consumers who post
non-5/5 ratings. The higher rating (among 1, 2, 3, 4) means less unsatisfied the
online consumer is. We explore whether the self-claimed non-fully satisfied con-
sumer would repurchase the brand that disappointed him or her, and if so, what fac-
tors would impact his/her repurchase frequency in the future and time interval to the
next purchase of this brand. Thus, in this section we put forward potential impacting
factors regarding our research purposes and propose the research hypotheses.

3.1 Satisfaction

Satisfaction is defined by Oliver et al. (1997) as when the consumer senses that con-
sumption fulfills some need, desire, goal, and this fulfillment is pleasurable. Oliver
(1999) further points out that satisfaction is the consumer’s sense that consumption
provides outcomes against a standard of pleasure versus displeasure. Customer sat-
isfaction has been regarded as a fundamental determinant of long-term consumer
behavior (Oliver 1980; Yi 1990). The role satisfaction plays as a key driver for con-
sumer’s repurchase intention and behavior has been emphasized by a large number
of researchers in various different industrial and social contexts (e.g., Oliver1999;
Rust and Zahorik 1993; Rust et al. 1995).

Existing research has verified the effect of online shopping satisfaction on con-
sumer’s repurchase. Khalifa and Liu (2007) demonstrated that online shopping sat-
isfaction has a significant positive effect on online repurchase intention. Fang et al.
(2014) conducted an empirical study and emphasized the positive effect of satisfac-
tion on online repurchase intention through trust.
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In consideration of brand preference, researchers have confirmed that higher
online brand satisfaction leads to higher repurchase probability of the purchased
brand in various industries such as banking (Ong et al. 2017), clothing (Tsai et al.
2016), and cell phones (Haverila and Haverila 2015).

In this study, we investigate whether the buyer’s self-claimed non-fully satisfac-
tion on shopping experience would hurt the consumer in particular. We define the
self-claimed non-fully satisfied consumer as those whose rating is below score 5
(ranging from 1 to 4) of the purchased brand, where a relatively higher score repre-
sents less self-claimed non-fully satisfaction.

Therefore, according to above statements, we propose our hypotheses as follows:

H1a After posting non-5/5 rating of purchase, the less self-claimed non-fully satis-
fied the online consumer (the higher rating score) is, the higher possibility he/she
would repurchase the same brand in the future.

H1b After posting non-5/5 rating of purchase, the less self-claimed non-fully satis-
fied the online consumer (the higher rating score) is, the higher is the repurchase
frequency for the same brand in the future.

Consumer satisfaction facilitates decisions to make the next purchase. After a
self-claimed non-fully satisfied shopping experience, the online consumer might
churn and switch to the other brand when he/she has the demand for the consumable
product again, which brings the risk of selecting another unfamiliar brand for him
or her. The underlying switching cost becomes an impediment for the self-claimed
non-fully satisfied consumer to churn and shift to another brand. Accordingly, the
less self-claimed non-fully satisfied the online consumer is, the less time it will take
to make the next purchase. Thus, we propose that:

H1c After posting non-5/5 rating of purchase, the less self-claimed non-fully satis-
fied the online consumer (the higher rating score) is, the shorter is the time interval
to the next purchase of the same brand.

3.2 Online shopping experience

Researchers defined consumers’ past online shopping experience as their prior
shopping frequency and overall satisfaction of the past experience online (Yoon
2002). Prior research has demonstrated the mediating effect of prior frequency of
online shopping experience on consumers’ online shopping behavior. Dai et al.
(2014) built a conceptual model to examine the influence of online shopping
experience on perception of specific types of risks associated with online shop-
ping and how each type of risk perception influences online purchase intentions.
They found that consumers’ previous online shopping experience is a strong pos-
itive predictor of online shoppers’ purchase intentions for both non-digital and
digital products. Yoon (2002) adopted consumer trust as mediation and verified
that familiarity with e-commerce and prior satisfaction with e-commerce could
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saliently increase trust, which lead to higher intention to shop online. Since inten-
tions play a directive role for volitional behavior (Bagozzi 1982), we could fur-
ther conclude that past online shopping experience has a positive effect on online
purchase behavior of a specific brand.

Some researchers meanwhile discussed the moderation effect of online shop-
ping experience on the relationship of satisfaction and repurchase intention. Khal-
ifa and Liu (2007) found that for the same level of satisfaction, higher experience
leads to better accessibility (i.e., the speed of retrieving affect from memory) of
the satisfaction in memory, strengthening the effect of satisfaction on repurchase
intention. Contrarily, Pappas et al. (2014) argued that experience weakens the
relationship of satisfaction and intention to repurchase in that low-experienced
customers give more importance on the impact of increasing satisfaction on their
future repurchase behavior while high-experienced users are mostly affected
by other factors. Regardless of the contradictory results, neither of the research
focused on repurchase behavior under the dissatisfaction scenario.

To understand the repurchase behavior of customers after posting non-5/5
rating, “inertia” additionally plays an important role in keeping the consumers
from churning. Zeelenberg and Pieters (2004) defined inertia as the experienced
absence of goal-directed behavior and incorporated it into the framework of cus-
tomer behavior in response to dissatisfaction in a service context. White and Yan-
amandram (2007) explored the factors that may lead to customer retention after
an unsatisfied shopping experience and emphasized the important role of inertia.
In this study, those with more online shopping experience present higher inertia
to stay and have a higher possibility to repurchase after a non-5/5 rating of pur-
chase online.

Accordingly, online shopping experience with a certain brand increases brand
familiarity (Alba and Hutchinson 1987), which is conceptualized as the number
of brand-related direct or indirect experiences that have been accrued by the con-
sumer (Park and Stoel 2005). Park and Stoel (2005) verified that brand familiar-
ity reduces perceived risk of purchase and consequently leads to higher online
purchase intention for that brand. Applying the “inertia” theory, we believe that
higher brand familiarity results in higher consumer inertia, which leads to higher
possibility to repurchase the same brand after a non-5/5 rating shopping experi-
ence. Thus, we propose that:

H2a After posting non-5/5 rating of purchase, the online consumer’s past shopping
experience is positively associated with the possibility of repurchase of the same
brand in the future.

H2b After posting non-5/5 rating of purchase, the online consumer’s past shopping
experience is positively associated with the repurchase frequency of the same brand
in the future.

Since more experienced online consumers are more familiar with the brand

and are believed to have a higher intention to repurchase after a purchase with
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non-5/5 rating, and the “inertia” generated in consumers’ past experience would
push them to stay with their shopping habit, they spend less time to consider and
search for alternative brands. Thus, we propose that:

H2c After posting non-5/5 rating of purchase, the online consumer’s past shopping
experience is negatively associated with the time interval to the next purchase of the
same brand.

3.3 Emotional stability

Costa and McCrae (1992) described emotional stability as an alternative for neuroti-
cism, which is one of the Big Five factors to categorize personality (Judge and Bono
2001; Celli and Rossi 2015). Given that the emotional system is a psychological
system that can automatically maintain its equilibrium (Izard et al. 2000), emotional
stability describes the efficiency of maintaining mood stability.

The emotional stability across time and over different situations (Cobb-Clark and
Schurer 2012) has been demonstrated inherently in a strong relationship with human
behavior (Kenny et al. 1992; Funder 1997). Specifically, most research in psychol-
ogy has noted that emotional stability represents to what extent would one’s nega-
tive emotions such as anxiety, depression, anger, worry be aroused (Judge and Bono
2001; Bove and Mitzifiris 2007; Celli and Rossi 2015; Li and Ahlstrom 2016). Emo-
tional stability involves the conception of threshold. People whose scores are higher
in emotional stability are those with a higher threshold of emotional response, which
means one’s negative emotions are more difficult to be activated (Judge and Bono
2001; Bove and Mitzifiris 2007; Li and Ahlstrom 2016).

Roos et al. (2009) claimed that customers with lower emotional stability tend to
be angry and pessimistic about their service provider. That is to say, they would
be more likely to post negative reviews when facing transaction failure of different
degrees. On the other hand, Silva (2006) pointed out that emotionally stable people
tend to be more committed. Al-hawari (2014) demonstrated that customers who are
emotionally unstable are more akin to feel dissatisfaction and thus more inclined to
switch to other brands compared to those with a more emotionally stable personal-
ity. This finding confirms the role of emotional stability to prevent customers from
switching brands.

In this study, we adopt negative rating ratio to reflect emotional stability inversely.
The negative rating ratio is expressed as the ration of the number of non-5/5 ratings
given by an online consumer to the total number of ratings for all of his or her pur-
chases, which represents the ratio of the self-claimed non-fully satisfied experiences
to his or her total purchases. Negative rating ratio of an online consumer implicitly
indicates his or her emotional stability, one of the personality traits, which reflects
the general tendency of feeling self-claimed non-fully satisfied during his or her
online purchase history. Concretely, a higher negative rating ratio of an online con-
sumer indicates less emotional stability.

Based on the above arguments, we propose that:
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H3a After posting non-5/5 rating of purchase, the lower an online consumer’s emo-
tional stability (the higher negative rating ratio) is, the lower is the repurchase fre-
quency of the same brand in the future.

Li and Ahlstrom (2016) conclude that recovery time is another dimension of
emotional stability. Recovery time is defined as the flexible adaptation to the chang-
ing demands of stressful experiences (Tugade and Fredrickson 2004). Applying self-
organization theory, Li and Ahlstrom (2016) demonstrated that people with higher
emotional stability need more time to cope with negative stimuli and restore the
emotional system to a stable state.

Therefore, we surmise that after a self-claimed non-fully satisfied shopping with
a certain brand, customers with a higher negative rating ratio (i.e., lower emotional
stability) need less time to recover from the displeasure. In other words, there is a
shorter time interval to repurchase the brand. Thus, we propose that:

H3b After posting non-5/5 rating of purchase, the lower an online consumer’s emo-
tional stability (the higher negative rating ratio) is, the shorter is the time interval to
the next purchase of the same brand.

3.4 Relationship proneness

Consumer relationship proneness refers to a consumer’s tendency to engage in
long-term relationships with to a certain brand he/she used to purchase (Odekerken-
Schroeder et al. 2003; Wulf et al. 2001). Customers differ in their willingness to
establish relationships with their product or service providers, i.e., they are at a dif-
ferent level of relationship proneness, another important personality trait like emo-
tional stability. Many researchers have underlined the important role of relationship
proneness in contributing to consumer loyalty to businesses (e.g., Odekerken-
Schroeder et al. 2003; Wulf et al. 2001; Hedrick et al. 2007; Vazquez-Carrasco and
Foxall 2006).

We define an online consumer’s relationship proneness as the division of total
purchases of a brand by his/her total purchases in this study. In particular, we discuss
consumer relationship proneness to the certain brand that dissatisfies the consumer
who rates below a score of 5 for the first time during his/her online purchase experi-
ences. Though most of the conclusions about relationship proneness were drawn in
a generally positive situation, these results provide references for our research pur-
poses in the case that the consumer was self-claimed non-fully satisfied with the
brand.

Kim et al. (2012) claimed that for consumers with higher relationship proneness,
quitting an existing relationship and rebuilding a new relationship could be diffi-
cult since they usually have a high level of resistance to change. Similarly, in online
shopping scenarios, even after a non-5/5 rating purchase experience with a brand,
customers with higher relationship proneness are more hesitant to switch, and thus
are more likely to maintain the relationship. Thus, we propose that:
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H4a After posting non-5/5 rating of purchase, the online consumer’s relationship
proneness is positively associated with the repurchase frequency of the same brand
in the future.

In accordance with above arguments, online consumers with higher relationship
proneness make the next purchase of the same brand faster than those with lower
relationship proneness, since they are less hesitant to switch brands and have a lower
possibility of swaying between alternative brands. Thus, we propose that:

H4b After posting non-5/5 rating of purchase, the online consumer’s relationship
proneness is negatively associated with the time interval to the next purchase of the
same brand.

4 Methodologies and data analysis

In this section, we test our research hypotheses using econometric models. To be
specific, we apply multinomial logit regression to test Hla and H2a, and apply OLS
regression models to test the other hypotheses. We use a part of Amazon review data
to apply to the econometric models for data analysis.

4.1 Data collection

Amazon review data is open to download upon request and has been utilized by
academic researchers and machine learning engineers to examine the functions and
features of recommendation systems (e.g., McAuley et al. 2015; He and McAuley
2016). Amazon review data contains great information of past transactions in the
past few years. We use Amazon review data to apply our econometric models for
data analysis. There are 24 categories of products on Amazon, such as books, elec-
tronics, movies and TV, clothing/shoes/jewelry, and the review data are provided per
category. We analyze the online repurchase behavior to figure out whether a self-
claimed non-fully satisfied shopping experience would hurt the consumer in the end.

According to the stated purpose of this study, we want to focus on a category so
that the products belong to which satisfy (1) they are consumable physical prod-
ucts that consumers always have a need to repurchase; (2) they are needed by most
families or individuals other than niche market; (3) they have been widely adopted
through online channel. Therefore, we selected the “beauty” category since beauty
products mostly include skincare, makeup, fragrance, oral care, all of which are non-
durable products and needed by almost everyone and sold online as a major channel
nowadays.

We extracted 2,023,070 review records added up to by review ID for beauty prod-
ucts before 2014 (after when the Amazon data is not open). Each record consists
of the attributes including reviewer ID, product ID, product name, review text, rat-
ing, product category, brand name, review time. Since one record of the review data
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refers to one record of transaction, the review data can reflect the customer purchase
behavior and their evaluation clearly if we group the data entries by reviewer ID.

The attribute rating represents the customer’s evaluation for this purchase. Cus-
tomers of Amazon are able to rate products on a five-star rating scale ranging from
1 =“I hate it” to 5 = “I love it” as defined by Engler et al. (2015); they developed
a customer satisfaction model of online product ratings to explain the score of rat-
ings by the dataset of Amazon. They suggested that customers’ ratings of products
depend on product expectations and performance. Therefore, if the rating is not 5
indicating a perfect shopping experience, there must be a discrepancy between cus-
tomer’s expectations and product performance. Therefore, we define a review score
of less than 5 to be an unsatisfactory or imperfect purchase experience, since there
must be a reason that accounted for a rating score other than 5, the best evaluation.

To explore whether the a self-claimed non-fully satisfied shopping experience
impacts online consumers’ brand preference, we selected the data set of beauty
products and kept 241,113 records of review data from the top 20 beauty brands
ranked by sales among the beauty category, which consisted of 182,624 Amazon
buyers altogether. Table 2 summarizes the buyers from the 20 beauty brands ranked
by sales and describes the proportion of each kind of buyers in detail.

Since the stated purpose of this study is to examine self-claimed non-fully sat-
isfied consumers’ repurchase behavior and explore the factors that affect custom-
ers’ repurchase behavior after an unsatisfactory purchase experience, we filtered the
review records by deleting the records of the reviewer IDs (equal to consumer iden-
tity on Amazon) who rated each of his or her purchases in the data set as 5/5. We got
a total of 81,064 Amazon buyers who had at least once left a rating below 5. This
group accounted for 44.39% of the buyer base. The considerable proportion of self-
claimed non-fully satisfied buyers indicates that their repurchase behavior and the
influencing factors are worth investigation.

Table 3 further summarizes the distribution of buyers’ negative rating counts for
those who have once rated below 5, namely self-claimed non-fully satisfied buyers
on Amazon. Nearly 88% of the buyers have rated below 5 only once representing
only one non-5/5 rating purchase experience and evaluation. Less than 1% of buy-
ers have had non-5/5 ratings for more than five times according to his or her entire
transaction records of top 20 beauty products on Amazon.

Table2 Summary of Amazon buyers from top 20 beauty brands ranked by sales

Description Count % of total buyers
Total review records 241,113 -

Total buyers involved 182,624 100.00

Buyers having only one purchase record 161,390 88.37

Buyers of all 5 rating 101,560 55.61

Buyers having rating below 5 81,064 44.39

Buyers having rating below 5 with no repurchase record 66,050 36.17

Buyers having rating below 5 with repurchase record 15,014 8.22
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Table 3 Summary statistics of

self-claimed non-fully satisfied Negative rating count Count % of total buyers
buyers’ negative rating counts 1 71,307 87.96

2 6681 8.24

3 1722 2.12

4 597 0.74

5 266 0.33

>5 491 0.61

Total 81,064 100.00

4.2 Descriptive statistics

To measure the two dependent variables, the whole data set were regrouped by
reviewer ID. In each group, all rating records left by the same reviewer are listed
in chronological order. Since the reviewer could rate only after the purchase order
is completed, we assume each rating record represents a consumer’s purchase or
repurchase record on Amazon, and the reviewer’s rating record series illustrates
the consumer’s all purchase records.

Table 4 defines the variables in the econometric models. The frequency of the
same brand repurchase after the first unsatisfactory purchase, fre, is measured as
the count of rating records of the same brand as that of the earliest rating below 5
and after the earliest rating below 5 in the reviewer’s rating record set. The repur-
chase time interval of the same brand after the first satisfactory purchase, intls,

Table 4 Variable descriptions

Variables Descriptions and implications

intls The repurchase time interval of the same brand after the first unsatisfactory purchase
fre The frequency of the same brand repurchases after the first unsatisfactory purchase
stf The satisfaction of the first unsatisfactory purchase

ose The online shopping experience

nrr The negative rating ratio

rp The relationship proneness to the brand

total The total purchase

un The total unsatisfactory purchase

avr The total rating average

var The total rating variance

avrre The rating average of the same brand after the first unsatisfactory purchase

varre The rating variance of the same brand after the first unsatisfactory purchase

ts The total purchase of the same brand

avrs The total rating average of the same brand

vars The total rating variance of the same brand
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is measured as the time difference between the earliest rating record below 5 and
the next rating record of the same brand as it in the reviewer’s rating record set.

The independent variables in the econometric models are: satisfaction (stf),
online shopping experience (ose), negative rating ratio (nrr), and relationship
proneness (rp). We define the rating of the first unsatisfactory experience of the
buyer as his or her satisfaction (s#f), which is opposite of the dissatisfaction level.
We define the purchase frequency of the same brand before his or her first unsat-
isfactory purchase as online shopping experience (ose). We divide the total unsat-
isfactory purchase (un) by the total purchase of a buyer as his or her negative
rating ratio (nrr). Since consumer relationship proneness refers to a consumer’s
tendency to engage in long-term relationships, relationship proneness (7p) is cal-
culated by dividing the total purchase of the same brand (zs) by the total purchase
of a buyer, suggesting that the more a buyer purchases the brand, the greater he or
she desires to establish a long-term relationship with the brand.

Table 5 is the summary statistics of all the variables. From Table 5, the count
of intls, avrre and varre is 6604, represents the count of those who repurchase the
same brand after a non-5/5 rating of purchase. According to Table 2, the count
of those who rate below 5 and repurchase is 15,014. Thus, 44% of self-claimed
non-fully satisfied consumers still repurchase the brand that dissatisfies them.
The standard deviation and the variance of the intls (the repurchase time inter-
val between the first unsatisfactory purchase and the next purchase of the same
brand) is so large that it is subjected to logarithmic processing in the empirical
model. Table 6 is correlation matrix of all the variables. From Table 6, we can
exclude the risk of multicollinearity of the variables in the econometric models.

Table 5 Descriptive statistics of

. Count Mean Max  Min Sd Variance
the variables

intls 6604 148551 3270 O 317.192  100,610.7
fre 81,064 0.125 33 0 0.596  0.355
1
0

stf 81,064 2795 4 1.196  1.430
ose 81,064 0.044 32 0.296  0.088
nrr 81,064 0915 1 0.033 0.199  0.040
p 81,064 0908 1 0.013 0213  0.046
total 81,064 1.519 149 1 1.755 3.080
un 81,064 1.208 53 1 0.876  0.768
avr 81,064 2962 497 1 1.214 1474
var 81,064 0237 4 0 0.689 0475
avrre 6604 3862 5 1 1.236  1.527
varre 6604 0.158 4 0 0.530 0.281
ts 81,064 1.169 45 1 0.722  0.521
avrs 81,064 2.859 496 1 1.210 1.464
vars 81,064 0.089 4 0 0.430  0.185
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4.3 Econometric models and empirical results

To answer the first research question, since the dependent variable is not a continu-
ous variable but a multiple dummy variable describing if the customer repurchases
or not, we are not able to use the ordinary least squares (OLS) estimation method.
Instead, we utilize a multinomial logistic regression approach to estimate the prob-
ability of the repurchase behavior in this study. The basic logistic regression mod-
els the relationship between the categorical dependent variable and the explanatory
variables. Further, multinomial logistic regression is a classification method that
generalizes logistic regression to multiclass problems with more than two pos-
sible discrete outcomes (Darroch and Ratcliff 1972). It is a model used to predict
the probabilities of the different possible outcomes of a categorically distributed
dependent variable for which there are more than two categories.

4.3.1 Multinomial Logit Model

Suppose that the response variable y has the outcome categories (y =j,j=0,j =1,
j = 2) with respective probability P(y = j).

Py =)= CeXp (ﬂO + X ixi)

- n (1)
1+exp (B + Xy Bixi)

Generally, the category (y = 0) of largest sample size should be chosen as the
base category (reference category), and the probability of each category will be
compared to the probability of the base category. For categories (j = 1, j = 2), the
probabilities of each category are as follows (Wedagama 2009). For the reference
category:

1
Py=0)=
1+exp (By+ X, Bixi) @

The multinomial logit regression equation can be expressed as:

P(y =) S
In—==§,+ pix; 3
TEDRAP? ©)
where f, is the constant, x;(i=1,i=2,...,i=n) are the explanatory variables,
Bi(i=1,1i=2,...,1i=n) are the coefficients for the explanatory variables, and %

is called related risk, which is the probability of each category with the first category
as reference.

Equations (1)-(3) above expresses the logit (log odds) as a linear function of the
explanatory variables. Therefore, Eq. (3) allows for the interpretation of the logit
weights for variables in the same way as in linear regressions.
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Model 1: Multinomial logit model to predict self-claimed non-fully satisfied con-
sumer’s repurchase probability

In this paper, we aim to predict the churn rate and the retention rate for a popular
brand online. Whereas from the self-claimed non-fully satisfied online consumer’s
perspective, he/she has three possible behavioral patterns after a purchase experi-
ence with non-5/5 rating: stop shopping from the e-Retailer; stay with the e-Retailer
but shift to another brand; stay with the e-Retailer and repurchase the same brand
which he/she experienced a non-5/5 rating shopping. Therefore, the multinomial
logit model (MNL) is developed to test the possibilities of the three behavioral pat-
terns and to investigate how the independent variables impact the probability of con-
sumer’s repurchase behavior by estimating the unknown parameters of the factors.

The multinomial logit model is established as Eq. (4):

Py=))
n—
P(y = 0)

We define y as a multiple dummy variable, supposing that if the buyer repur-
chases the same brand after the first unsatisfactory purchase, y = 2; if he repurchases
another brand, y = 1; if no repurchase occurs, y = 0.

As a nonlinear regression approach, the Multinomial Logit model results report
the regression coefficients and the relative risk ratio (Rrr) for each independent vari-
able. The regression coefficients can only reflect the impact direction of the inde-
pendent variables on the dependent variable with their positive or negative value.
And Rrr reflects the changing degree of the probability of the dependent variable
with the change of the independent variables.

Table 7 represents the summary statistic of the dependent variables. The figures
indicate that the buyers without repurchasing after the first unsatisfactory purchase
take up the largest share, 81% out of three kinds of buyers specifically. To verify the
MNL, the largest sample size should be chosen as the base category, i.e., those buy-
ers without repurchase.

Table 8 shows the data analysis results of the multinomial logit model. The
model Pseudo R? 0.20, indicates a significant model fit (Greene 2012). As shown in
Table 8, all of the explanatory variables exhibit statistically significant coefficients
in the Multinomial Logit model.

Since in the MNL model, the value of the coefficient has no practical sig-
nificance, the relative risk ratio (Rrr) must be considered. The coefficients of stf
(0.641*** and 0.642***) suggest that stf has a positive relationship with the prob-
ability of repurchase of both the same brand and another brand. That is, the higher

1 = fy + pistf + pyose + fyvar 4)

Table 7 Summary statistics of the dependent variable in MNL

Dependent variable (y) Observations
If no repurchase after the first unsatisfactory purchase 66,050
If repurchase another brand after the first unsatisfactory purchase 8410
If repurchase the same brand after the first unsatisfactory purchase 6604
Total 81,064
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Table 8 Empirical results of the multinomial logit model

Variable Repurchase another brand Repurchase the same brand

Coef. (SE) Rrr. (SE) Coef. (SE) Rrr. (SE)
stf 0.641*** (0.015) 1.899%** (0.029)  0.642*** (0.018) 1.900*** (0.034)
ose —0.447*%%*% (0.066)  0.639%** (0.042)  0.455%** (0.035) 1.576%%* (0.055)
var 2.090%** (0.041) 8.083**%* (0.330) 1.945%** (0.041) 6.996*** (0.288)
Constant —4.685%%*% (0.056)  0.009*** (0.001)  —4.892*** (0.065)  0.008*** (0.001)
Wald/LR chi2 5455.37 19,728.50 5455.37 19,728.50
Prob > chi2 0.000
Pseudo R2 0.201
Observations 81,064
Log likelihood ~ —39,280.041

Robust standard errors in parentheses
***p < 0.001

rating (less dissatisfaction) leads to the greater probability of repurchase behavior.
The Rrr of the stf (1.899%** and 1.900***) are both more than 1, indicating that as
the st¢f increases by 1, the probability of repurchase of another brand increases by
89.9% and the probability of repurchase of the same brand increases by 90%. Thus,
Hypothesis Hla is supported.

The coefficients of ose (— 0.447*** and 0.455%**) show respectively that the
past experience of online shopping has a negative relationship with the probability
of the repurchase of another brand, and a positive relationship with the probability
of repurchase of the same brand. The Rrr of ose of repurchase of another brand is
less than 1 (0.639**%), indicating that as the ose increases by 1, the probabilities
of repurchase of the other brand decreases by 63.9%. However, the Rrr of ose of
repurchase of the same brand (1.576**%*) claims that as the ose increases by 1, the
probability of repurchase of same brand increases by 57.6%. Thus, Hypothesis H2a
is supported.

4.3.2 OLS regression models

The Ordinary Least Square (OLS) regression approach is used to investigate the fac-
tors that affect the time interval to the next purchase after a non-5/5 rating shop-
ping and the repurchase frequency of the same brand thereafter. Since repurchase
frequency is a numerical variable that describes the frequency of the customer’s
repurchase after the first unsatisfactory rating, we can directly use the linear regres-
sion model to test the relationship between the independent and dependent variables.
This variable is calculated by counting the buyer’s purchase records of the same
brand after the first unsatisfactory rating based on the chronological order of his or
her total records.
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Model 2: Regression model to estimate self-claimed non-fully satisfied consumer’s
repurchase frequency

The OLS regression of model 2 is used for estimating the relationship between
the explanatory variables and the repurchase frequency of the same brand. The
linear regression model is expressed as the following Eq. (5):

fre = yy + y,5tf + yy0se + ysnrr + y,rp + ysavire + ygvarre + E; )

The results of the OLS regression of model 2 are shown in Table 9. The signif-
icant and positive coefficient of st#f (0.0851*%**) shows that the satisfaction level
of an online consumer has a positive effect on fre. In other words, the less self-
claimed non-fully satisfied the consumer is, the more he/she would repurchase
the same brand. Thus, HIb is supported.

The coefficient of ose (0.327*%*) is significant and positive, showing that the
self-claimed non-fully satisfied consumer’s online shopping experience affects
his or her repurchase frequency positively. Thus, H2b is supported.

Similarly, the coefficient of nrr (— 0.673***) suggests that it has a negative and
significant relationship with the repurchase frequency. It intuitively explains the
positive association between a self-claimed non-fully satisfied consumer’s emotional
stability and his or her repurchase frequency of the brand. Thus, H3a is supported.

However, the coefficient of rp (0.136) does not indicate a significant relation-
ship with the dependent variable, so H4a is not supported.

To address the multicollinearity issue, the variance inflation factor (VIF)
results for their variables are reported. Variance inflation factor (VIF) is the ratio
of variance, especially used in a model with multiple terms. It can quantify a
model’s multicollinearity in a regression analysis, considering the size of the VIF
is the key to analyze the magnitude of multicollinearity. According to Kutner
et al. (2004), the rule of thumb is that when 0 < VIF < 10, the multicollinearity
of the model is normal, but when VIF > 10, the multicollinearity is high and the
regression analysis would be hard to accept.

As is shown in Table 10, the VIF of all variables in model 2 are far below
10, which means the multicollinearity issue is negligible. The mean VIF 1.47 is

Table 9 Empirical results of

. X variables Coefficient (SE)

regression model to estimate

repurchase frequency stf 0.0851%%% (0.014)
ose 0.327%% (0.124)
nrr —0.673%%* (0.162)
p 0.136 (0.083)
avrre —0.015 (0.0173)
varre 0.922%** (0.061)
Constant 1.465%*%* (0.137)
Observations 6604
R-squared 0.178

Robust standard errors in parentheses
**p < 0.01, #*¥p < 0.001
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Table 10 The VIF of the model

) Variable VIF 1/VIF
nrr 2.27 0.440
avrre 2.07 0.482
ose 1.15 0.869
p 1.15 0.872
stf 1.11 0.899
varre 1.04 0.965
Mean VIF 1.47

much less than 10, confirming that the OLS regression analysis is accepted and
the results are valid.

Model 3: Regression model to estimate self-claimed non-fully satisfied consumer’s
repurchase time interval

Model 3 uses OLS regression to estimate the effects of stf, ose, nrr and rp on the
self-claimed non-fully satisfied consumer’s time interval of his or her repurchase.
The intls is defined as the time interval between the first unsatisfactory purchase and
the next purchase of the same brand based on the chronological order of one buyer’s
total records. Since the degree of dispersion of intls is very large, we need to apply
logarithmic transformation to it to adapt to the regression model. The linear model
could then be specified in Eq. (6) below:

Inintls = Ay + Aystf + Ayose + Asnrr + Ayrp + Asts + Agavrs + A,vars + €;

(6)
where A is constant, Inintls represents the logarithm of time interval of the same
brand repurchase, rp is the relationship proneness and nrr is the negative rating
ratio. And s, avrs and vars are the control variables, representing the total purchase

Table 11 Empirical results of

. . Variables In intls
regression model to estimate Coefficient (SE)
repurchase time interval

stf 0.088 (0.049)

ose
nrr

p

ts

avrs

vars
Constant
Observations

R-squared

—0.153%%* (0.041)
0.392%* (0.161)
—1.191%%* (0.113)
0.085%** (0.015)
0.032 (0.063)
0.098* (0.040)
4.632%** (0.250)
3375

0.043

Robust standard errors in parentheses
*p < 0.05, #*p < 0.001
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records of the same brand, the average, and variance of all the rating records of the
same brand respectively. Table 11 shows the OLS regression model results of the
model 3.

The coefficient of ose A, (— 0.153%%%*) is significant and negative, which means
that an increase in ose leads to a decrease in the time interval to repurchase the same
brand. This result shows that the consumer’s online shopping experience shortens
the decision time to make the same brand repurchase. Thus, H2c¢ is supported.

The coefficient of nrr 1, (0.392%) suggests that the nrr affect the time interval of
the same brand repurchase positively and significantly. Accordingly, it means that
the consumer’s emotional stability is negatively associated with the time interval of
the same brand repurchase. Thus, H3b is supported.

The coefficient of rp 4, (— 1.191%%%) is significant and negative, showing that
the self-claimed non-fully satisfied consumer’s relationship proneness has a negative
effect on the interval of the same brand repurchase. Thus, H4b is supported.

However, the coefficient of st A, (0.088) does not indicate a significant relation-
ship with the dependent variable, meaning the level of satisfaction does not have a
significant impact. Thus, H/c is not supported.

Table 12 presents the VIF of Model 3, showing that the multicollinearity of
model 3 is low. The VIF of all variables and mean VIF are far lower than 10, indi-
cating the validity of Model 3.

5 Conclusions and discussions

This paper studies online repurchase behavior especially for those who have expe-
rienced imperfect shopping experience from e-Retailers. We have extensively
reviewed the literature of customer retention and research on online reviews, and
proposed our research model. We developed multinomial logit regression and OLS
regression to predict online self-claimed non-fully satisfied consumers repurchase
intentions and estimate the influencing factors of repurchase frequency and the time
interval to the next purchase of the same brand. We extracted Amazon review data
in the econometric models to test the research hypotheses, eight out of ten hypoth-
eses were supported based on the empirical results.

Table 12 The VIF of the model

3 Variable VIF 1/VIF
avrs 3.58 0.279
stf 3.15 0.318
nrr 2.31 0.433
vars 1.71 0.584
ose 1.61 0.621
ts 1.6 0.627
p 1.11 0.898
Mean VIF 2.15

@ Springer



Who will stay with the brand after posting non-5/5 rating of... 431

5.1 Major findings

To test our research hypotheses, we adopted the multinomial logit model to test the
relationship between the possibilities of three kinds of behavioral decisions and the
explanatory variables, i.e., online shopping experience and consumer satisfaction.
The empirical result of the multinomial logit model verifies our research hypotheses
that both consumer satisfaction and their online shopping experience significantly
increase the possibility of repurchase of the same brand, given an imperfect shop-
ping experience occurred. These two factors are positively associated to the self-
claimed non-fully satisfied consumer’s repurchase frequency of the same brand,
according to the results of OLS regression models. In addition, the consumer’s emo-
tional stability increases his or her future purchase of the brand that once dissatisfied
him/her. The results of the second OLS regression demonstrated that the time inter-
val to the next purchase of the same brand is influenced by the consumer’s online
shopping experience, emotional stability, and relationship proneness in a negative
manner, i.e., these three factors expedites his or her repurchase of the same brand
even after a non-5/5 rating shopping.

The hypothesis H4a was tested not significantly, which could be probably
explained that in some cases a loyal consumer was hurt deeper when he/she encoun-
tered a shopping experience with non-5/5 rating. The hypothesis HIc was tested not
significantly, which could be explained that once a consumer experienced an online
shopping below his or her expectation, he/she becomes hesitant to make the next
purchase decision promptly.

5.2 Theoretical contributions and managerial implications

The research hypotheses supported in this study coincide with the theories of cus-
tomer retention and customer lifetime in traditional business. However, two out of
ten hypotheses were not supported. It means that online retention rate not only lies
in the customer relationship and the brand value, it is also subject to the trust to the
e-Retailers.

This paper examines the repurchase behavior of those who have posted non-5/5
rating of their online shopping. The data records present that there is a significant
portion of online consumers who have self-claimed non-fully satisfied shopping
experience with non-5/5 rating and then stay in the online channel and probably
repurchase the same brand. These “self-claimed non-fully satisfied consumers” in
this research have contributed to the brand in terms of transaction records and emo-
tional connections in the long run. Thus, to improve the loyalty program in the con-
text of e-Business, online businesses could never give up the consumers with non-
5/5 rating and should pay their attention to all the potentially loyal consumers to
increase the brand value.

Moreover, empirical results of three econometric models show that it is quite
possible to keep online retention rate by increasing brand loyalty. The Multino-
mial Logit regression classifies the online consumer behavioral intention into three
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directions, which reflects the retention rate of the brand and the churn rate of the
brand, or churn rate of the e-Retailer (represented by a portion of consumers shift
to another brand online). These results bring insight for the online businesses to
improve their product and service quality to enhance their online channel perfor-
mance and create long term business value with their loyal consumers.

5.3 Limitations and future research directions

This study applied multinomial logit model to investigate online customer repur-
chase behavior once the customer experienced a shopping with non-5/5 rating.
Alternatively, it is a good way to adopt regression discontinuity design to analyze
the trend of online consumers repurchase behavior after dissatisfied shopping expe-
rience. Regression discontinuity approach may explain the repurchase behavior
from a broader angle of view and indicate the businesses how to work for the “self-
claimed non-fully satisfied consumers”.

This study only limited the data source to the beauty category of Amazon review
data since we want to test the research hypotheses in a category of common, non-
durable products that used to be purchased online. In the future studies, we may
want to consider to test the hypotheses in all categories of product review data.
Thus, fixed effects model can be added to include all categories of product reviews
in data analysis. In a fixed effect model, we assume the category effects are fixed
and the parameters are not random across categories, which is used to control unob-
served heterogeneity and to verify the model generality. Thus, more underlying fac-
tors might be found to understand the behavioral characteristics of the “self-claimed
non-fully satisfied” consumers.

This study identifies consumers’ repurchase behavior by their rating records left
on Amazon. However, a buy on Amazon does not necessarily leave comment or
review for the purchased product, which means that we underestimated the repur-
chase intention and behavior in our empirical analysis. Moreover, prior research
demonstrated that consumers’ behavioral intention is prone to change with social
media influencers or their peers. Therefore, it is a meaningful direction to control
such external variables by including data set such as media coverage or search fre-
quency in this research.

This study defines a self-claimed non-fully satisfied consumer based on his or her
rating for the product purchased on Amazon. If he/she rates below the highest score
5/5, it means an imperfect shopping experience. We applied term frequency analysis
merely to exclude the platform services as a major reason leading to consumer dis-
satisfaction. However, more extensive text mining techniques and sentiment analy-
sis are needed to explore the internal mechanisms of online consumers’ dissatisfac-
tion and accordingly repurchase behavior. It is interesting to investigate what leads
to consumer dissatisfaction and how to keep online customer retention rate given
diversified beneath reasons. This would help online businesses to identify the occa-
sionally “self-claimed non-fully satisfied” but de facto loyal consumers from mali-
cious reviewers and to take effective post sales activities.
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