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The rise of e-commerce has led to the increased reliance of users on electronic word-of-mouth (eWOM) to
evaluate the products and services offered. Previous research has attempted to determine which reviews are more
credible than others, as credible reviews tend to impact readers more than non-credible ones. However, one of
the research questions in this domain that has not been addressed so far is the impact of circumstances of review
writing itself, which may influence the way the review is written and affect its credibility. In this paper, we
describe a controlled experiment to study the impacts of a user’s exposure to past reviews and the user’s own
product experience on the perceived credibility of reviews written by the user. We have employed attitudebehavior linkage theories and the disconfirmation effect to study this phenomenon. Our results indicate that
disconfirmation, or the difference between a user’s own experience and expected experience, has a significant
impact on the way a user writes reviews and hence on the review’s perceived credibility with the subsequent
readers of the review. We find that disconfirmation and perceived review credibility follow a U-shaped rela
tionship, in which perceived credibility is high for the highest and lowest values of disconfirmation.

1. Introduction
The digital economy has pushed a large part of economic activity
online. A large proportion of purchases for products ranging from soaps
to electronic gadgets now takes place online. The increasing reach of
digital stores can be gauged by the estimation that overall sales on ecommerce platforms in the USA in 2020 would exceed USD 700 billion
[1]. The increase in relevance and demand for online shopping is also
being pushed by the stay-at-home orders being enforced during the
current COVID-19 pandemic. Due to the proliferation of online stores as
a preferred shopping medium, online product reviews have also
increased as a source of information for consumers [2,3]. Consumers use
the product reviews found online to complement their understanding of
the product or service being offered, as an additional feedback medium
[2,4].
Given the rising importance of reviews in consumer decision-making
[5,6], it is important that the reviews are perceived to be credible.
Research has shown that a lack of credibility in reviews negatively im
pacts the acceptability of a platform [7]. Multiple studies have examined
the perceived credibility of reviews from the perspective of a review
reader [8]. This line of research attempts to determine the constituents

of a credible review. These studies have identified that important factors
affecting the perceived credibility of anonymous reviews include the
profile picture of the review writer, the content of the review, and the
valence of the review compared to the cumulative average product or
service rating, to name a few [9]. Driven by this information, e-com
merce platforms strive to develop portfolios of more credible reviews.
Platforms do this by nudging review writers to include such credibility
inducing elements in their reviews [10]. While these policies are based
on recognizing what constitutes a credible review and promoting those
elements, the impact of review writing circumstances on the perceived
credibility of reviews has been overlooked by both academia and
industry.
As stated in the preceding paragraph, we found that most of the
existing studies on review credibility analyze review text [9] and assume
the credibility of a review to be exogenous to the review writing process
[11–13]. While it can be reliably assumed that most review writers try to
write fair and credible reviews (from their perspectives), it remains a
fact that some reviews are perceived to be more credible than others.
This indicates that the factors influencing a review writer impact the
review’s perceived credibility. This brings us to our research question:
How do past reviews, as a stimulus presented to the review writer,
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influence the perceived credibility of the written review? We feel that
though credibility is a perceptual entity [14], the review writing process,
specifically, the conditions under which a review is written, has a sig
nificant impact on the content of the review and, in turn, the perceived
credibility of the review. While there have been studies on review
writing context [15,16] as well as review credibility [17,18], there is a
lack of work connecting the review writing context to review credibility,
a gap this study aims to fill. A nuanced understanding of such factors
shall enable the e-commerce platforms to nudge review writers toward
writing credible reviews by providing the right stimuli on their platform
and hence raise the overall quality of reviews on their platform. The
overall purpose of this study is to test how the conditions under which
the review is written influence the perceived credibility of the written
review. More specifically, this paper explores two dimensions of this
relationship with perceived credibility: a) the influence of one’s own
product experience and others’ evaluations of the product and b) in
fluence of disconfirmation—the gap between one’s own experience and
the expectations inferred from others’ reviews.
Research in human behavior has established that the human mind is
a complex tool, impacted by myriad factors while performing any act.
[19].While acknowledging that multiple factors could affect the decision
to write a certain kind of review, we test the credibility of written re
views under the influence of disconfirmation. The expectation could be
driven by a host of factors, but one of the most important of these factors
that impacts a user’s expectation is the wider public experience of the
product as visible through the product’s public rating and reviews [18].
As past reviews represent the views of others, they also add to social
influence, i.e., influence from other humans who took the same
action—reviews influenced in turn by previous reviews. We base our
theoretical grounding in literature on the attitude–behavior linkage that
helps us trace how the attitudes of review writers and various other
factors, including past reviews, impact the writing of reviews.
The questions raised in this paper have been addressed through a
laboratory experiment based method. Drawing on the data collected
from over 200 subjects, our study found that review credibility depends
on the previous reviews to which a review writer has been exposed.
Analyzing our data through the theoretical lens of the disconfirmation
effect, we also found that disconfirmation between the review writer’s
own experience and others’ experiences has a significant effect on the
credibility of the review written by the user. The relationship between
disconfirmation and credibility follows a U-shaped curve, such that very
high and very low disconfirmation leads to higher perceived credibility
of a review as compared to average values of disconfirmation. Our
research adds a new dimension to the information systems (IS) research
stream of review credibility by introducing the psychological stimuli of
past reviews as one of the potential determinants of the perceived review
credibility.

indicated by the expectation–experience mismatch.
2.1. eWOM and review credibility
eWOM has been an integral part of e-commerce for over two decades
now. In the context of e-commerce, eWOM often takes the shape of
online product and service reviews when customers, or other product
users, provide their feedback on the product or service used [20].
Numerous researchers have studied the importance of reviews in elec
tronic commerce and the deep impact it has on sales through online
channels [21]. Previous studies established that online reviews enable
subsequent customers to understand and evaluate a product better [22].
Positive reviews, hence, lead to increased sales and reputations [20].
Research in the domain of online reviews has established that not all
reviews are equal. Certain aspects of reviews make some reviews seem
more helpful [17], believable [17] or trustable [18] to readers.
One such trait is review credibility, as perceived credible reviews are
expected to have a much higher impact on readers and enhance the
overall trust quotient of the e-commerce platform [17]. The credibility
of a review has been defined as the believability or trust that a reader has
in the review that they are reading [17,23]. Past research on online
review credibility has examined the determinants of review credibility
through multiple perspectives. Some of the factors that past research has
identified as having an impact on review credibility are source credi
bility, review consistency, review sidedness and argument quality [17].
Table 1 lists of work done in the domain of review credibility. As the
summary suggests, most work has studied the credibility of reviews from
the perspective of a review reader by identifying factors like review
valence and sidedness, reviewer profile and images, review order and
Table 1
A non-exhaustive summary of literature in the domain of review credibility and
eWoM.
Paper

Core Topic

Main Theory/ Contribution

Method

Karimi &
Wang
[24]

Review
helpfulness
and trust

Reviewer’s profile image
significantly impacts the
perceived helpfulness of
reviewers written by the user
Source credibility theorybased determinants identified
for reviewer trustworthiness
Past reviews influence the
kind of sentiments present in a
review writers review
Past ratings have an impact on
future ratings for a product on
e-commerce websites
Past reviews, in terms of the
order of reviews, impacts the
helpfulness of future reviews
Language expectancy theorybased measures of lexical
complexity and two-sidedness
of review impacts review
credibility
Argument quality, argument
sidedness are important
determinants for review
credibility
Review credibility is impacted
by the conflicting aggregation
of ratings shown to a user
Consumers primarily use cues
related to the message content
and style and review
extremity and valence to
assess trustworthiness
Role of self-generated and
system-generated information
in enhancing the credibility of
online reviews

Secondary
data-based
analysis

Banerjee
et al.
[18]
Jha and
Shah
[25]
Ho et al.
[26]

Social
influence in
review

Zhou &
Guo [13]

2. Background1

Jensen
et al.
[27]

The theoretical background of this paper draws on two major
streams of literature. The first of those is the work in the domain of
electronic word-of-mouth, or eWOM. We eWOM literature to establish the
theoretical grounding of our work and develop a comprehension of how
review credibility has been treated in previous research. The second
domain of research that we have developed in succeeding sections is the
construct of attitude–behavior linkage theory, of which two aspects are
salient here: a) social influence, as manifested by the social pressures
experienced by the review writer, and b) the disconfirmation effect, as

Cheung
et al.
[17]
Qiu, Pang
& Lim
[9]
Filieri [23]

1

There is a vast amount of research across disciplines in eWOM, online re
views and e-commerce. This section does not attempt to provide a compre
hensive literature review of these topics. (See Cheung and Thadani, 2012, and
Qahri-Saremi and Montazemi, 2019, for recent literature reviews.) In this sec
tion, we position our work with regard to its relevant background.

Shan [28]

2

Review
credibility

Secondary
data-based
analysis
Lab
experiments
Secondary
data-based
analysis

Lab experiment

Secondary data
based analysis
Lab experiment
Interviews of
online
reviewers
Lab experiment
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aggregation. While past research has studied the impact of social in
fluence on review helpfulness and sentiments, the impact on review
writer and its implication on the perceived credibility of review has not
been studied so far.
In the context of review credibility and otherwise, there has been a
growing stream of research on the impact of context upon online reviews
and ratings. Jha and Shah [25] analyzed the influence of exposure to
past reviews on newly written reviews. Ho et al. [26] specifically
analyzed the impact of context user ratings posted on online review
platforms. Hu and Li [16] also found evidence of online reviews being
dependent on the context of writing the review. Ma and Khansa [15]
dove deep into the phenomenon to study the impact of past reviews on
subsequently written reviews. While all these studies have analyzed the
impact of the review writing context on various facets of reviews, the
direct relationship between the context and the credibility of reviews
needs to be analyzed in detail.

this paper. Fig. 1 explains the disconfirmation effect as operationalized
in this study.
It is noteworthy how the gap between expectation and experi
ence—the core concept of disconfirmation in this study—resembles the
service quality framework developed by Parsuraman et al. [37]. Re
searchers concur service quality “measures how well the service level
delivered matches customer expectations” [38]. To this extent, this pa
per’s operationalization of disconfirmation has an apparent similarity.
However, the two concepts differ in one important way. Essentially, the
service quality model espoused by Parsuraman et al. [37] outlines how
gaps are created between customer expectations and marketer efforts to
provide quality, thereby influencing satisfaction outcomes. While this
research, through the size and direction of disconfirmation, explores why
a gap is created and how it influences others’ perceptions of review
credibility, not one’s own satisfaction.
3. Hypotheses development

2.2. Attitude–behavior linkage theories

As noted earlier, in the domain of social psychology and marketing,
the attitude–behavior consistency link has intrigued researchers
[29,39]. While multiple moderators have impacted the relationship (e.
g., [39]), the direct experience of an object, a variable of interest in this
study, was found to strongly moderate this relationship [40]. The direct
experience of a product provides a dependable reference from the past
[41]. It is also shown to form strong attitudes by developing confidence,
clarity and certainty that maintain an attitude [41]. In a subsequent
paper, the authors also found those attitudes that were developed
through direct experience were more likely to leave stronger imprints in
the memory [42].
In the context of this study, the review writer who has had her own
prior experience of the product is prompted to convert attitude into
purposeful behavior in writing a review [29]. In the absence of a direct
interface with the source in an online setting, the review written by the
source with direct experience is likely to transfer the qualities of clarity,
confidence and certainty into their review writing behavior [42]. When
these qualities are transferred, it is presumed that, irrespective of
whether the review is positive or negative, the source credibility as
demonstrated from the written text will have significance to the reader.
In essence, the message becomes the proxy for the credibility of the
source when the source has had a direct experience of the product.
Specifically, the hypothesis states,

Social psychology researchers have studied the attitude–behavior
link with great interest [29]. Attitude refers to the consistency or pre
dictability of response toward an action [30]. Over time, multiple
studies revealed a weak relationship between the two constructs leading
many investigators to study the intervening variables that influence this
linkage [30]. For example, studies have shown that individuals are less
likely to behave consistently with their attitudes if they feel constrained
by the context situational context [31]. Of particular interest to this
study are the two situational dimensions presented by Smith and Swi
neyard [32] that influence the attitude–behavior linkage. These are a)
social demand characteristics and b) norms of acceptable behavior. The
first dimension relates to certain social demands of the context that in
fluence attitude, while the second dimension covers aspects of behav
ioral norms and role requirements that may influence the linkage.
Coincidentally, the social influence theory popularized in the IS litera
ture that forms the basis of some hypotheses in this study refers to the
social pressures experienced by an individual in much the same way as
the situational constructs are described in the attitude–behavior linkage
[29]. Where it primarily differs is in its application to a context. Cus
tomers or in our case, review writers, are in an online e-commerce
platform reading reviews written by others, instead of a being in a
physical face-to-face environment.
Similarly, the concept of disconfirmation, central to this paper, based
on the expectancy-disconfirmation theory (EDT) established in the
marketing literature [33,34], has its roots in the situational construct
described in Smith and Swineyard [32]. This dimension is an unex
pected external event that can create an inconsistency in an otherwise
predictable attitude–behavior link. EDT refers to the difference between
customer expectations of a product and the actual experience, thereby
impacting satisfaction [35]. This gap creates a sense of discomfort in the
minds of individuals prompting them to adjust their thinking. In the
context of our study, it pertains to the inconsistency created due to the
expectation–experience mismatch. Here, the expectation is considered
as an external event derived from reading others’ reviews.
Past studies in the IS domain have identified multiple factors that
form customer expectations. They are formed by individuals, based on
their prior assumptions, marketing information or word-of-mouth pub
licity of the given product or service [36]. One of the critical factors that
helps shape the expectation is word-of-mouth communication in offline
or online channels [36]. Research in marketing has established that
positive word-of-mouth, i.e., positive reviews, accrues more easily with
products that exceed their expected quality [36]. On the other hand,
negative reviews are dominant for products that fail to perform as ex
pected, even if they were performing similarly to the other available
options [33]. Given its nuanced effects, we focused on the gap between
the expectations formed by online reviews of other users and one’s own
experience to form the basis of the disconfirmation linkage explored in

H1. : Review writers’ product experiences will have significant effects on the
perceived credibility of the reviews they write.
eWOM continues to be an important source of input for online
shoppers [18,43]. In the e-commerce domain, researchers have long
recognized the role of friends, strangers and referent others in influ
encing consumer decision making [44]. In IS literature, social influence
theory refers to the social pressure experienced to change one’s behavior
[45]. As mentioned in Section 2.2, it relates to some of the situational
dimensions influencing the magnitude of the attitude–behavior link.
According to Deutche and Gerard [46], social influence can be of two
types: informational and normative. Informational influence is related to
the extent to which individuals are willing to accept information
received from others as factual and valid. On the other hand, normative
influence is the degree to which individuals conform to the expectations
of referent others.
To develop the next hypothesis, we argue that, in the absence of
one’s own experience, individuals are likely to depend on the cues
received from others’ experiences—both informational and normative.
The logic would be as follows: As per the informational influence theory,
one will be guided to pay attention to the factual information in others’
writing as they choose to write one’s own review [47]. Further, not
having had direct experience, one will also pay attention to aspects such
as whether there is a generally accepted view and whether a consensus is
emerging, in other words, relying on the dominant view as derived from
3
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Fig. 1. Disconfirmation effect and its operationalization in this paper.

H2b. : Exposure to others’ positive review will lead to lower perceived
credibility in a new review.

interpreting the social cues in others’ writing [48]. Individuals may be
driven by both aspects of social influence, because adopting such a view
may make them believe they have come closer to a more accurate
product evaluation (informational influence) or help them to develop
their own virtual social identity (we thank the reviewer for this valuable
insight). Taken together, the following hypothesis suggests that, in the
absence of one’s own experience and analysis of it, the informational
and normative aspects of social influence theory provide relevant inputs
to a writer in creating a credible review. Hence, the next hypothesis
states:

Hypothesis 1 established the link between one’s own product expe
rience and the perceived credibility of a resulting review. The reasoning
supporting this relationship is that the review writer who has experi
enced the product herself is likely to write a message that is certain, clear
and therefore likely to be seen as credible. In such situations, since the
involvement in the experience is much greater, Petty and Caciappo [51]
argued that the attitude–behavior link is much greater to warrant
writing a review that is perceived as credible, leading to a change in
behavior [52]. Subsequently, Hypothesis 2 has proposed, through the
mechanism explained by social influence theory—a manifestation of the
situational constructs of attitude–behavior linkage—that a review writer
is persuaded to make an earnest attempt to write a socially acceptable
and potentially credible review, as perceived by readers [45].
Taking this further, the next hypothesis tests for the moderating ef
fect of one’s product experience on the link between others’ reviews and
perceived credibility. It suggests that we as individuals are not willing to
give up control of the situation derived from the clarity, confidence and
certainty that emerge from our direct experience of the product [41]. We
are not driven entirely by the social constructs in which we live. Our
response to the stimuli is a combination of our own agency through
direct experience and social influence—taking into consideration what
others think of the situation. To operationalize this notion, the hy
pothesis states,

H2. : A writer’s exposure to others’ product reviews will have a significant
effect on the perceived credibility of the writers’ review.
Hypotheses 2a and 2b postulated below are intended to capture the
nuanced effects of social influence theory, which we infer is a mani
festation of the situational dimensions impacting the attitude–behavior
link. The above hypothesis assumes others’ reviews to affect the author
of a new review uniformly. However, that may not be the case. A review
writer may react differently to positive and negative components of a
review. IS literature refers to such cues as sentiments. More specifically,
as defined by Munezero et al. [48] a sentiment is a “more or less
enduring predisposition in a personality to respond with positive or
negative affect to specific object or entity” (page 3). Moe and Schweidel
[43], Sridhar and Srinivasan [49] and Ho et al. [26] provided substantial
evidence validating the relationship between sentiments generated by
others’ opinions and customer decision choices. It is interesting to note
that negative sentiments have a stronger effect than positive sentiments
[26]. This is also true in the eWOM domain, even though it is rather rare
to see negative opinions as demonstrated by the J-curve of product
ratings [43].
The next set of hypotheses link an individual’s review-writing
behavior to the evaluation of the nature of sentiments to which an in
dividual is exposed. Fundamentally, in a social setting, humans are
primarily driven to identify with the dominant view so as not to be
labeled as an outlier in a particular social context [50]. Given this pro
pensity to fit in, Hypothesis 2a suggests that, when exposed to others’
negative reviews, a writer conforms and writes a negative review. On the
other hand, when exposed to others’ positive reviews, a writer conforms
and writes a positive review. Having established that in the eWOM
space, negative reviews are perceived as more credible, we hypothesize
that a writer’s exposure to negative sentiments creates a stronger set of
conditions for the written review to be seen as more credible, as
compared to the positive sentiment condition. Therefore, Hypotheses 2a
and 2b are:

H3. : The relationship between others’ reviews and the perceived credibility
of a new review will be moderated by the writer’s product experience.
The paper now shifts focus to what is deemed to be a very relevant
construct in the eWOM domain: the disconfirmation effect [53]. In this
study, it is the difference between one’s own experience of a product and
expectations formed through reading others’ reviews on online plat
forms. Earlier, we have associated its manifestation in the literature with
the situational context dimensions of an unexpected external event
causing inconsistency, thereby influencing the operationalization of the
attitude–behavior link. The basic premise of these sets of hypotheses is
that individuals are prompted to act when they encounter a discrepancy
between what is expected and what is experienced. Cognitive evaluation
like this generates different levels of emotions, especially when the gap
between expectation and experience is large in either direction, positive
or negative. There is evidence to support this notion. Research has
shown enhanced levels of discussions over movies and newspaper arti
cles have more emotional content [53]. Moreover, consumer behavior
theorists have demonstrated that highly dissatisfied or highly satisfied
customers write more or provide elaborate feedback than those who are
not in those extreme zones [53].

H2a. : Exposure to others’ negative reviews will lead to higher perceived
credibility in a new review.
4
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This study argues that, in the event of a discrepancy between expe
rience and expectations, the conflicting scenario condition under which
one writes a review will impact the perceived credibility of the review.
The hypothesis states,

H5. : Relationship between disconfirmation in product experience and
perceived credibility of review is moderated by writer’s exposure to others’
past review.
Fig. 2 shows the complete research model and the hypotheses as
described in the preceding sections. As shown in the figure, the review
writing process is influenced by different kinds of factors- the experience
of the user of the product as well as the past reviews that the said user is
exposed to before writing the review. The third factor is the
disconfirmation.

H4. : Disconfirmation (the difference between the review writer’s experi
ence and experience of others that form expectations) will have a significant
effect on the perceived credibility of one’s review.
Research on disconfirmation in online reviews is gathering mo
mentum. Ho et al. [26] established a linear effect between the experi
ence of disconfirmation and the decision to write a review and assign
ratings. Although we acknowledge the contribution made earlier, we
think the relationship between the two constructs is more complex than
what is already explored [25]. In the event of a disconfirmation, in
dividuals face an experience–expectation mismatch, resulting in a “sense
of psychological discomfort.” Individuals cope with this discomfort by
changing their behavior to reduce the dissonance [53]. However, this
adjustment, we argue, is contingent on the extent of the mismatch: A
response depends on one’s assessment of where one falls on the
mismatch continuum.
Based on Anderson’s [53] work on product evaluation and customer
satisfaction, we propose that a customer cognitively divides the
mismatch continuum into zones in order to determine a response
strategy. If, for instance, the gap between the experience of the product
and expectation is not very large, one is likely to remain true to one’s
experience. Coincidentally, since one is closer to the expectations of
others, one’s intended behavior will naturally adjust to assimilate or “fit
in” with the dominant view [53], which in this case, is aligned to one’s
own view as well. Based on this premise, we hypothesize that when the
gap between one’s own experience and expectation is low, one is likely
to remain true to that experience and write a review that is seen a
credible. However, if the gap is wide enough, one is more likely to
employ the strategy of contrast effect, which means to move toward one’s
own experience and away from the expectation in an exaggerated
manner—simply put, moving toward the extreme [25]. This may be
done with the motivation to showcase oneself as an expert or to
acknowledge a feeling to ‘stand out from the crowd’. When choosing to
remain true to one’s own experience, rather than moving toward the
mean, one’s writing naturally becomes more truthful, honest and
believable. So, putting both of these effects together, whether the con
sumer is in a low-disconfirmation zone or a high-disconfirmation zone,
we argue that reviewer behavior will follow a curvilinear relationship
between disconfirmation and perceived credibility. More specifically,

4. Data and method
4.1. Experiment design
We used laboratory experimentation as the preferred method of
study in this paper. A review of the literature shows that this is the
preferred method in such studies (see Table 1). In this experiment, we
used a high-end smartphone as a stimulant product. The choice of the
smartphone was made as most premium smartphones are popularly
bought online in India [54]. Also, the rise of smartphone popularity
ensured that most of our experiment subjects were aware of the product,
and product-level bias was eliminated. We conducted the experiment
over a six-month period (February–August 2017) in a leading business
school in India where the participants were drawn from the pool of
students, staff and teachers who volunteered to take part in a study. Each
participant was compensated with an Amazon coupon of 100 Indian
rupees (equivalent to USD 25 in PPP terms). To emulate the real review
writing experience, the subjects were free to write a review or not after
experiencing the product and looking at the stimuli. The subjects were
not incentivized to write reviews specifically. The subjects were exposed
to the stimuli factors (as discussed below) and provided a customized
platform to write their reviews. The reviews were then independently
assessed for their credibility. This allowed the researchers to study the
impact of the stimuli on the credibility of reviews as perceived by
neutral readers.
The experiment was designed as a two-factor experiment in which
the factors were a) user experience of the product and b) past reviews
shown to users before writing their own reviews. We also included two
control cases in which past reviews were not shown to participants.
Table 2 shows the experimental conditions used in the study.
The participants were chosen from the list of volunteers based on a
preliminary survey: Volunteers without prior online shopping experi
ence were eliminated. The rest were invited to proceed through to the
next step of the experiment, compensated with online shopping
vouchers (for INR 100). We had a male dominant (183 males, 78.9% of
232 respondents in total) participant pool, generally reflective of the
online user demographics in India. We found that all the respondents
were smartphone users (N = 232).

H4a. : Disconfirmation in product experience and perceived credibility of
reviews have a U-shaped relationship such that extremely high and extremely
low values of disconfirmation lead to higher perceived credibility of reviews.
Hypothesis 4 posits that if the gap between expectations as formed by
others’ reviews and one’s own experience is not very large, customers
will assimilate. On the other hand, if the gap is in the extreme (in either
direction), then the customer may employ a contrast behavior. In testing
for the moderating effect of others’ reviews, this curvilinear relationship
may be impacted in such a way that, even if the dissonance is at the
extreme ends, instead of having a contrast behavior, the customer re
gresses toward the mean, i.e., toward the dominant view.
We posit that this may occur for two reasons. First, given the dis
confirmation at extreme ends, the potential reviewer is nonetheless
grappling with higher levels of cognitive dissonance that must be
resolved. Second, with the moderating effect of others’ reviews, the
reviewer feels a pull toward the dominant view. So, in a way, the
reviewer faces double pressure to conform. Our hypothesized effect
finds support in the seminal paper by Oliver [33], which states that
“consistent evidence in favor of the predictive superiority of the
assimilation model. … showed that the contrast effect is elusive.” The
moderation hypothesis, therefore, states that:

4.2. Experiment stimulus
The experiment stimulus was designed to eliminate bias and ensure
that all subjects had a similar understanding of the product being
reviewed and its features. It is reasonable to assume that different in
dividuals will have different product experiences with the same product,
because of their preferences and biases. This would limit the control in
our experiment. Hence, we used a narrative-based model of stimulus in
this experiment [55]. The narrative-based model of providing stimuli
was driven by the requirement for participants to have uniform expe
rience stimuli in order to maintain the control of laboratory conditions
[25]. Such methods have been previously deployed in experimental
research where experiences needed to be controlled [25,55]. As
Daugherty et al. [56] have established, narrative-based methods provide
the rigor essential to ensure uniform stimuli for all subjects. Narrative,
being a mode of indirect experience, would have a lesser effect than
5
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Fig. 2. Research model showing the hypotheses of the study.

described product experience for the good and bad products along with
the physical experience of the product is the best mechanism to make the
potential reviewers experience the product in a controlled environment.
The study used the fictitious name of the phone to ensure no brand-level
bias was introduced in the study. Since previous studies have established
that the operating system (OS) is an important consideration in smart
phone preferences [58], we masked the OS of the phone so that the
default OS could not be recognized. This ensured that OS bias was
eliminated. The subject would only be exposed to the material provided
by the researchers. Hence, the expectation would be influenced only by
the previous user reviews and not any other individual specific factor
that may otherwise be a confounding factor in formation of individual’s
expectation of any product or service.
The second factor of past reviews was curated by showing the users a
selection of 10 very positive and 10 very negative reviews to generate
extreme stimuli. The most positive and negative reviews were selected
from a larger set sourced from real reviews on amazon.com and were
rated by 30 coders regarding sentiment. The 10 reviews with the most
positive and negative sentiment scores, respectively, were chosen as the
stimuli. Each participant was exposed to the conditions and was asked to
write a review of the product. These reviews became the primary dataset
for studying perceived credibility in this research. Table 3 shows a
snapshot of the stimuli used in the study.

Table 2
Experimental conditions.
Experiment Group

Stimuli 1: User experience

Stimuli 2: Past reviews

1
2
3
4
5
6

Positive
Positive
Positive
Negative
Negative
Negative

Not shown
Positive
Negative
Not Shown
Positive
Negative

direct experience on the subjects [52]. This adds to the robustness of our
analysis, as our results would be suppressed rather than exaggerated due
to the use of narratives.
To simulate product experience, a detailed description of a typical
product experience was given to the participants in a narrative style
[55]. A detailed description of the product (smartphone) was provided
(as mentioned in Table 3). The product description was provided for
both good and bad products presented to the subjects. A uniformly
Table 3
Examples of stimuli used in the study.
Stimuli

Level

Sample

Experience

Positive

I used the mobile phone and found that the quality of
sound from the new type C headphone is even better
than advertised. I also realized that speed of charging
has increased so much so that phone gets 70% charged in
under 1 h. The response of the touchscreen is better than
any other phone I encountered so far as well as the
quality of the camera images that it captures.
After using the mobile phone, I found that I am having
trouble connecting to the headphone as the mobile has
no 3.5 mm headphone jack. The mobile also is not able
play favourite game and heats up quite quickly.
There is a problem to restart the phone, it takes quite
some time and you are able to restart the phone only
after multiple attempts. As a photography enthusiast and
one of the reasons for buying this phone was its
advertised camera quality. However, the phone camera
does not perform as well as other phone cameras of
competitor brands, especially in low light when the
images comes quite pixelated.
Tekas means Tekas. No stars matter at all. Quality
Unmatched like always. If it is a Tekas, nothing else is
left to say. Either it is a Tekas or just another mobile
phone:)
Waste of money. Better to buy Samsung phone instead.
Tekas 4 had 1 gb of ram, Tekas 5 has 2 GB of ram. Better
to buy Oneplus 3 at Rs 30,000 with 6gb of ram. This is
fact.

Negative

Past
Reviews

Positive

Negative

4.3. Method
The first stage in the analysis was to assign a credibility score to the
reviews written by the experiment subjects. Previous literature has
established that credibility is a perceived phenomenon and is dependent
on how a reader interprets the credibility based on their understanding
from a variety of factors in the review [27]. Hence, we recruited five
research assistants2 who were asked to rate the reviews on four pa
rameters of review credibility as established by Cheung et al. [17].
Through this exercise, we ensured the following:
a. The credibility scores reflected the perceived credibility as observed
by neutral readers.

2
The RAs were postgraduate management students at a business school
where one of the authors was employed. The RAs were trained on the aspects of
survey design and e-commerce and were trained on filling the credibility
questionnaire. About 10% of the filled questionnaires were tested by the other
author to ensure the questionnaire were filled correctly and the interpretations
of RAs were as expected.
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b. The credibility scores are free of bias and represent the truly
perceived credibility judged by readers with the same cultural and
linguistic understanding.

understand the effect of an additional set of variables [59,60]. As
described earlier, we used tobit regression as the preferred analytical
method. However, we also reported OLS regression coefficients to
establish a baseline and increase the robustness of our results. In the
interest of parsimony, we have not shown the results of analysis with
only control variables.4 Tables 6 and 7 show the results of the analysis.
Models 1a and 1b show the OLS and tobit regression results respectively,
for models without the disconfirmation effect variable or the interaction
effect.
Table 7 shows coefficients and standard errors for Models 2a and 2b
that include, in addition to variables shown in Models 1a and 1b, vari
ables for the disconfirmation effect and the Interaction term. Model 2
shows the base OLS model without including interaction effect, while
models 2a and 2b show OLS and tobit coefficients for the complete
model, including interaction effects.
To test the validity of the model, we computed the variance inflation
factor (VIF) to eliminate the possibility of autocorrelation. The VIF for
all models was below 7, and hence we can assume the absence of
autocorrelation in the models. We also performed the Breusch–Pagan
test to identify the presence of any heteroscedasticity in the error dis
tribution of the model. The null hypothesis of homoscedasticity could
not be rejected. The estimates for the test are mentioned below the tables
for OLS models.
Based on the results as reported in this section, we did not find
support for Hypothesis 1. In both Tables 6 and 7, we found the coeffi
cient of the category of product experience to be a non-significant pre
dictor of perceived review credibility (p > 0.1). This indicates that a
review writer’s product experience does not affect the perceived credi
bility of the resulting review. Our results show that credibility is inde
pendent of the product experience, and both positive and negative
product reviews (i.e., written under positive and negative product ex
periences, respectively) can lead to equally credible reviews. This result
demonstrates that motivations and psychological drivers for writing
reviews are not driven by a specific type of experience. Individuals with
both positive and negative experiences would be equally inclined to
share their experiences with the wider public, and hence we should not
expect different outcomes in terms of perceived credibility.
We do, however, find support for our second hypothesis. H2 pre
dicted that exposure to others’ reviews would have a significant effect
on the perceived credibility of reviews written under their influence.
Tables 6 and 7 both show that the variable Category of past reviews is
significant (p < 0.01). We also found that the coefficient of the variable
is positive (0.262, Model 2b). This indicates higher perceived credibility
of reviews written under the influence of negative past reviews (as the
variable past reviews is reverse-coded, 2 signifies negative past reviews,
and 1 signifies positive past reviews). These results add to the existing
literature on the impact of negative sentiments showing that negative
sentiments have a higher impact than positive sentiments [60]. Hence,
we find support for Hypotheses 2a and 2b. We performed a factorvariable regression to analyze the impact of different past reviews on
perceived credibility. Table 8 shows the results of the analysis. We find
that compared to the base case (no past reviews), both positive and
negative past reviews have lower perceived credibility, but negative past
reviews lead to more credible reviews compared to positive past reviews
reaffirming our findings from Tables 6 and 7.
The results in Tables 6 and 7 also indicate that product experience
moderates the relationship between the impact of others’ past reviews
and the perceived credibility of reviews written by a user. The rela
tionship is positive and significant (coef = 0.344, p < 0.01). Factorvariable regression results in Table 8 show a higher moderation of
positive past reviews by negative product experience. This signifies that
while product experience in itself may not have a significant effect on

Cohen’s kappa score of the similarity of five RAs was 0.85, which was
considered acceptable for the purpose of this exercise [57]. After
ensuring that the credibility scores for none of the reviews deviated from
each other significantly, we took the average of the five RA scores as the
credibility score for the review. In a similar fashion, we also computed
the sentiment of each review, which was a necessary control for the
analysis. Apart from review sentiment and the experiment factors, i.e.,
past reviews and product experience, we also used an array of control
variables to study the credibility of reviews. These control variables
were gender, age, currently owned smartphone (and its OS), smartphone
usage history (i.e., how many years the respondent has used smart
phones), smartphone usage count (i.e., number of smartphones used),
online review history (i.e., frequency of review writing on online plat
forms) and preferred OS. The OS of the respondents’ owned phone was
used as a control variable, as individuals can be very particular about
their preferred OSes, and this can affect their ratings on products with
different OSes [58]. We calculated disconfirmation by computing the
difference between the average past product rating (to signify others’
experiences that form one’s expectations) and the individual product
rating (which acts as a proxy for one’s own experiences).
Table 4A provides the means, standard deviations and Pearson cor
relation of the variables in the study. Table 4B provides a brief
description of the dependent variable with respect to the experiment
factors. One important factor in ensuring the internal validity of a ran
domized experiment like this is ensuring randomized assignments of
subjects to groups. We conducted checks for randomization using a host
of demographic and behavioral variables presented in Table 4C. These
variables include smartphone usage history, frequency of e-commerce
usage, gender, age, history of review writing and preferred operating
system.3 Results in Table 4C indicate sufficient randomization. We
conducted ANOVA and Tukey’s HSD tests on all the variables to seek
significant differences among the six groups, but no differences were
found.
We used ordinary least squares (OLS) regression and tobit regression
to study the effects of different factors on perceived credibility. As
previously mentioned, the two major factors that we study are the in
fluence of a user’s own product experience (prod_experience) and past
reviews visible to the user (past_review). We used tobit regression to
understand the relation between the target variable, Credibility, and the
explanatory variables, as the target variable is censored. In this study,
the Credibility variable is both left-censored and right-censored.
Censoring indicates that the values beyond a set threshold take the set
threshold value. In this study, Credibility is left-censored at 0 and rightcensored at 7. This indicates that the values of Credibility cannot go
below 0 or above 7. Since this is an artificially imposed restriction due to
Likert scale rating, tobit regression was thought to be the best solution to
compare the effects with OLS regression.
5. Results and analysis
The first analysis we conducted was a two-way ANOVA test to check
for the effects of the two factors, i.e., product experience and past re
views, on the credibility of subsequently written reviews. The result of
the ANOVA test, provided in Table 5, shows a significant effect of the
two factors being studied.
To test the impact of the factors and validate our hypotheses, we used
hierarchical regression, through which we were able to discern the effect
of a group of additional variables through the variance partitioning
method. This method has been widely used in social sciences research to
3

4
The authors can provide the first stage (i.e., control variables only)
regression coefficients on request.

All these variables were operationalized as categorical variables.
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Table 4A
Descriptive statistics and correlation matrix of the variables.
S.no.

Variable

Mean

S.D.

1

1
2
3
4
5
6
7
8
9
10
11
12

Product rating
Overall credibility
Disconfirmation
Product experience
Past review
Age
Gender
Current mobile
Smartphone usage history
Smartphone usage count
Preferred OS
Online review history

2.96
3.11
− 0.28
1.50
1.03
2.03
0.79
1.00
3.72
2.14
1.96
0.44

1.420
1.601
1.477
0.501
0.810
0.657
0.409
0.066
0.538
0.525
0.682
0.497

9
10
11
12

Smartphone usage history
Smartphone usage count
Preferred OS
Online review history

1
− 0.003
0.504**
− 0.773**
− 0.066
0.164*
0.036
0.044
0.052
− 0.027
0.034
0.064
9
1
0.184**
− 0.104
0.042

2

3

4

5

6

7

8

1
0.048
0.006
− 0.046
0.147*
0.148*
− 0.050
− 0.003
0.123
0.045
0.128
10

1
− 0.459**
0.229**
0.029
− 0.061
0.108
0.034
0.042
0.003
0.094
11

1
− 0.021
− 0.105
− 0.095
− 0.066
− 0.121
− 0.066
0.038
− 0.017
12

1
− 0.051
− 0.069
0.003
0.032
− 0.062
− 0.036
− 0.049

1
0.301**
0.003
0.101
0.061
0.206**
0.046

1
− 0.034
0.182**
0.177**
0.029
0.139*

1
− 0.034
0.017
− 0.004
0.058

1
− 0.225**
0.165*

1
− 0.122

1

**Correlation is significant at the 0.01 level (2-tailed); *. Correlation is significant at the 0.05 level (2-tailed).

possibly the review writer loses originality and hence the credibility of
the review. The results in Table 8 and in the figures shown here
demonstrate that there is a difference in the perceived credibility of
reviews when a review writer with a positive experience is exposed to
negative past reviews. This leads us to our next hypotheses that explain
this phenomenon, disconfirmation.
To test Hypotheses 4, 4a and 5, we needed to create a variable to
analyze disconfirmation. As specified in the sections on theory and hy
potheses, disconfirmation has been defined as the difference between
the expected and actual experience of the user. The expectation, in turn,
is based on the average experience of past users to which a user has been
exposed. For instance, if a product is rated as 5 stars on an e-commerce
platform, a user expects the product to be great, but if their experience is
worth only 2 stars, then the disconfirmation is equivalent to 3 stars, the
difference between their actual and expected experiences. To actualize
this variable, we took the difference between the user rating on a 5-point
scale and the aggregate past ratings that the user saw. Since our hy
pothesis also includes a possible U-shaped relationship, we also used a

Table 4B
Descriptive statistics of the experiment data.
Overall credibility
Product experience

Past review

Mean

Standard deviation

N

Good

None
Positive
Negative

3.58631
2.46094
3.3125

1.398475
1.46079
1.522965

35
40
41

Bad

None
Positive
Negative

3.18694
3.13542
3.04701

1.827791
1.696075
1.543567

37
40
39

the perceived credibility of reviews, negative experience probably in
volves stronger emotions magnifying its effect in the presence of positive
past reviews (coef = 0.07, p < 0.05), causing the resulting reviews to be
perceived as being more credible.
Figs. 3 and 4 present a graphical view of the moderation analysis.
Fig. 3 shows how the credibility of the review varies with the product
experience of the review writer with past reviews they have seen, as a
moderating variable. This plot indicates that the perceived credibility of
the review differs significantly when the review writer has seen past
reviews. This is additional support in favor of Hypothesis 3. Fig. 4 also
shows how one’s product experience moderates the effect of seeing past
reviews on the perceived credibility of the review one writes. The
variation of the perceived credibility at different levels of product
experience supports Hypothesis 3.
In Fig. 3, the line for no past review (past review = 0) shows an
interesting result that was not hypothesized. We found that, in the
absence of any past review to bias the review writer, the credibility of
written review is high. It shows that the presence of past reviews
significantly biases the subsequent review writing process and, in an
attempt to write something that fits the previously written reviews,

Table 5
Results of two factor ANOVA test.
Tests of between-subjects effects
Dependent Variable: Overall Credibility
Source
Corrected model
Intercept
Category of product experience
Category of past review
Product exp. * Past review

df
5
1
1
2
2

Mean Square
5.374***
2253.93***
0.0001
6.836*
6.68*

F
2.148
900.789
0.000
2.732
2.669

R Squared = 0.045 (Adjusted R Squared = 0.024).
*
p < 0.1.
**
p < 0.05.
***
p < 0.01

Table 4C
Results of randomization check on data.
Group
Product Experience

Past Review

Positive
Positive
Positive
Negative
Negative
Negative
F- Value (P-value)

None
Positive
Negative
None
Positive
Negative

Smartphone history

E-commerce frequency

Gender

Age

Review history

Preferred OS

3.74
3.75
3.85
3.70
3.60
3.61
0.98 (0.43)

3.17
3.27
3.07
3.15
2.97
3.10
0.47 (0.80)

1.91
1.80
1.78
1.80
1.72
1.71
1.06 (0.38)

2.22
2.12
1.97
1.97
1.91
2.0
1.14 (0.36)

0.54
0.42
0.39
0.35
0.45
0.48
0.72(0.63)

2.0
1.92
1.87
1.95
2.0
2.0
0.21 (0.95)
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Table 6
OLS and Tobit regression coefficients for Model 1 (excluding interaction and
disconfirmation).
Model 1a- OLS

Model 1b- Tobit

Estimate

Std.
Error

Estimate

Std. Error

Intercept
Category of product
experience
Category of past review

3.023*
0.080

1.598
0.249

3.45**
0.046

1.621
0.347

0.465***

0.176

0.109

Product rating
Age category
Gender category
Preferred OS category
Ecommerce frequency
Phone ecommerce
Current mobile
Smartphone history
Smartphone count

0.049
0.418***
0.007
− 0.142
− 0.091
0.184
− 2.292**
− 0.194
0.074

0.095
0.142
0.217
0.128
0.096
0.123
1.039
0.181
0.173

0.658
***
0.054
0.334***
0.137
− 0.082
− 0.051
0.165
− 1.91***
− 0.191
0.091

Adjusted r-squared
F-statistic
BP test

0.58
16.7
10.364

Log likelihood

0.088
0.095
0.457
0.126
0.224
0.121
0.984
0.186
0.135
− 340.584

Fig. 3. Interaction effect of product experience and past reviews on overall
credibility.

***
**
*

p < 0.01.
p < 0.05.
p < 0.1.

squared term of the variable5 in our analysis, as shown in Table 7 in
Models 2a and 2b. We found support for both Hypotheses 4 (coef

Table 7
OLS and Tobit regression coefficients for Model 2 (with interaction and disconfirmation).
Model 2
Intercept
Category of product experience
Category of past review
Product rating
Age category
Gender category
Preferred OS category
Ecommerce frequency
Phone ecommerce
Current mobile
Smartphone history
Smartphone count
Disconfirmation
Disconfirmation2

Model 2a
Std. Error

Estimate

Std. Error

Estimate

Std. Error

3.863***
0.016
0.364***
− 0.022
0.295***
0.121
− 0.066
− 0.008
0.188*
− 2.228**
− 0.144
0.049
0.185***
0.116**

1.35
0.219
0.078
0.079
0.102
0.204
0.115
0.092
0.117
1.008
0.247
0.226
0.058
0.089

3.895***
0.017
0.387***
− 0.047
0.337***
0.193
− 0.073
− 0.005
0.195*
− 2.125**
− 0.179
0.053
0.163***
0.112**

1.422
0.221
0.089
0.084
0.113
0.184
0.107
0.081
0.105
1.045
0.132
0.142
0.057
0.084

3.505***
− 0.182
0.262***
0.024
0.287
0.042
− 0.167
− 0.013
0.225*
− 3.147***
− 0.229
0.064
0.187***
0.193**

0.7496026
0.323
0.089
0.082
0.115
0.185
0.148
0.071
0.108
1.088
0.452
0.116
0.049
0.108

0.352**
0.216***

0.176
0.087

0.344**
0.225***

0.153
0.091

0.586
24.31
11.304

Log Likelihood

Product exp. * Past review
Disconfirmation*Past review
Adjusted r-squared
F-statistic
BP Test

Model 2b

Estimate

0.495
21.12
10.63

− 344.540

***
**
*

p < 0.01.
p < 0.05.
p < 0.1.

=0.187, p < 0.01) and 4a (coef = 0.193, p < 0.01). This indicates that
disconfirmation has a strong impact on the perceived credibility of the
reviews written by the user and does follow a U-shaped curve as the
positive coefficient of the squared term signifies.6 From our results in

Table 8
Factor variable regression coefficients.
Intercept
Prod experience (negative)
Past review (Positive)
Past review (negative)
Prod experience (negative): Past review (positive)
Prod experience (negative): Past review (negative)

Estimate

Pr(>|t|)

3.5863***
− 0.3994
− 1.1254***
− 0.2738*
1.0739**
0.1339*

< 2e-16
0.28542
0.00237
0.05274
0.03782
0.09478

5
U-shaped curves are tested by the presence of significant squared terms.
This is because squared terms test the quadratic effect and hence have a
curvilinear graph showing a U-shaped or inverted U-shaped relationships. See
Haans et al. [63] for further details on analyzing U-shaped relationships.
6
The presence of a significant linear component along with a quadratic
component of disconfirmation indicates a U-shaped relationship with diverging
arms.

Adjusted r-square = 0.024.
***
p < 0.01.
**
p < 0.05.
*
p < 0.1.
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connection that users feel with their preferred OS [58]. Hence, it is
possible that users write more credible reviews for the phone with their
preferred OS. To control for this effect, we asked users to report their
preferred OS as well as the OS they think the phone had that they
reviewed. We found that the variable preferred OS is insignificant in the
analysis of the perceived credibility of reviews, as reported in Table 7.
To dive deep into this, we performed a supplementary analysis in which
we divided the data into two groups: one with the same preferred and
assumed OS and one with different preferred and assumed OSes. We ran
an ANOVA to test the difference in the perceived credibility of reviews
written by the two groups of users and found that the two groups were
statistically indistinguishable (p > 0.2), with the mean of the two groups
being 3.46 and 3.54, respectively. We also ran a similar statistical subsample analysis between the two groups of users who had more expe
rience with online shopping and users who had less experience, to
eliminate the possible explanation of experienced users writing more
comprehensive and credible reviews [62]. We performed a similar
ANOVA analysis on these groups, and the results showed that the
perceived credibility of reviews written by these two groups were 3.55
and 3.57, respectively, with ANOVA being statistically insignificant (p
> 0.5).

Fig. 4. Interaction effect of product experience and past reviews on overall
credibility. Note- ‘0’ indicates the absence of past reviews and 1 and 2
respectively stand for positive and negative past reviews and prod
uct experience.

6. Discussion and conclusion

Table 8 and Fig. 3, we also found that the effect is heightened when the
review writer faces negative disconfirmation, i.e., negative past reviews
and a positive experience. This plot also shows that when the review
writer is faced with disconfirmation, the perceived credibility of the
resulting review is higher. We also find support for Hypothesis 5, as
Table 7 indicates. Disconfirmation is a significant moderator of the
relationship between past review and perceived credibility (coef =
0.225, p < 0.01). To study this moderation more closely, we also plotted
the graph of disconfirmation and past reviews with overall credibility in
Fig. 5. For additional robustness in the complete model, we have also
presented the results for the full model by excluding Hypothesis 5, i.e.,
the disconfirmation interaction term. This is presented in Model 2 in
Table 7. The continued significance of Hypothesis 4, i.e., the impact of
disconfirmation effect on credibility, shows the independent impact of
disconfirmation beyond its moderation effect.
Fig. 5 represents the hypothesis that higher disconfirmation leads to
higher perceived credibility. It also brings forth an interesting finding
that, at lower levels of disconfirmation, perceived credibility seems to
increase significantly. This would be the result of a review writer trying
too hard to make a review stand out despite having an experience similar
to others.

All our proposed hypotheses, except Hypothesis 1, found support in
our data. The results indicate that while the perceived credibility of
reviews is not affected by product experience significantly, it is impacted
by past reviews. Product experience also impacts the credibility of re
views written under their influence, though not directly, but rather as a
moderating variable and through the disconfirmation variable. In this
section, we discuss the theoretical and practical implications of our re
sults as well as their limitations.
6.1. Theoretical implications
The construct of review credibility in the eWOM domain has received
considerable attention in the past decade [17]. By going beyond the
content of the review and exploring the impact of review writing con
ditions on the perceived credibility of reviews, this paper makes unique
contributions to enhance the theoretical understanding in this space.
Building upon past research by Jha and Shah [25] and Ho et al. [26], this
study found that social influence in terms of past reviews visible to a
review writer has a significant impact on the review writer. This study
extends the concept of social influence in the domain of reviews by
establishing the social influence of past reviews on review writers as a
significant determinant of the perceived credibility of following reviews.
Conceptually, the paper theorizes a unique U-curved relationship be
tween disconfirmation and perceived credibility, which, to our knowl
edge, has not been established so far. Going further, basis Festinger [35],
the paper theorizes a “cognitive tug-of-war” played in the minds of
consumers indicating that, when disconfirmation is in the extreme
zones, consumers perceive higher credibility in written reviews. Finally,
it also finds this effect to hold true when disconfirmation is at a mini
mum, perhaps indicating that review writers try extra hard to sound
authentic when their experiences are similar to aggregate views.

5.1. Robustness analysis of results
To ensure robustness in the primary analysis, we have ensured that
autocorrelation is not a significant factor in the study (VIF < 3 for all
analyses). Our use of tobit regression also ensures that censored data
does not impact the results. A Breusch–Pagan test revealed that heter
oscedasticity is not present in our analysis. To ensure the robustness of
our results emerging from the choice of an experiment as a method, we
also employed falsification, or sanity, checks [61]. While we have
studied the impact of past reviews on the perceived credibility of re
views written under their influence, we do not expect the different
groups of review writers to write more or less credible reviews based on
OS preference or frequency of e-commerce use. For both these hypoth
eses, we get rejections with p > 0.1, and hence we conclude that the
outcome of credibility does is not affected by OS preference or e-com
merce usage frequency. Therefore, we can conclude that our analysis
passes the sanity check.
The second set of issues from which any quantitative study may
suffer is alternative explanation. The first of these alternative explana
tions is the preference for a specific OS. Studies have identified the

6.2. Managerial implications
Heeding the conclusions presented here and aligned with previous
research, we suggest that e-marketers present negative past reviews
along with positive reviews in order to significantly impact the credi
bility of future reviews. Furthermore, we also suggest that e-marketers
seek the optimal formula for influencing consumers to engage in
behavior change. They may wish to focus on providing an “e-psycho
logical space” by giving an opportunity to rely on one’s own agency
(direct experience) along with the freedom to process what others have
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Fig. 5. Impact of disconfirmation and past reviews on credibility.

said about the concerned product or service.
With regard to the practical implications of this important theoret
ical underpinning, the e-marketers may want to follow the following
steps: a) assess the disconfirmation zones of their consumers; b) bucket
the consumers into different zones while paying particular attention to
those who are in the extreme zones on both sides and in the middle
where the disconfirmation is at a minimum; c) recognize that these
customers outlined in b) are their ambassadors, as they are likely to
perceive eWOM communication more credible compared to others—
positive reinforcements including targeted promotional campaigns can
yield better outcomes with this customer segment; and d) employ a
different marketing strategy of mixing negative with positive reviews for
consumers in other zones, as that will influence perceived credibility
more favorably.

6.4. Conclusion
We feel that the current research adds significant depth to the field of
study of online reviews. Due to a rise in customer preferences, as well as
the COVID-19 pandemic forcing people to stay indoors, the rise of online
shopping is only going to increase in the coming years. The rise of
shopping on online platforms also implies that customers will see and be
influenced a lot more by the reviews for the products mentioned on the
pages. Hence, it becomes imperative for both the platform owners as
well as the sellers of the products to identify how the review writers
write their review as subsequent readers tend to value more credible
reviews higher whether positive or negative. It is in this space that our
paper makes a significant contribution by initiating a discussion on the
psychological factors that determine perceived credibility and adding an
enhanced degree of richness to both the theoretical as well as the
practical aspects of this study.

6.3. Limitations
The nature of the experiment design limits us from choosing a vast
array of situations that may be present in the domain. We have used
smartphones as a context for the study, as smartphones are one of the
most popular products purchased online with a high degree of famil
iarity for all respondents. We believe future research could use natural
experiments or surveys to study this phenomenon in detail for other
product combinations as well.
Another limitation of the current study is the narrative-based stimuli
method, which ensured uniform stimuli for all participants but restricted
varied responses to the same product and limited individual psycho
logical traits to evaluate the products independently. Like all experi
mental studies, we have studied the extreme cases of positive and
negative experiences to illustrate how these stimuli influence in
dividuals. Users are more likely to see a mix of positive and negative
stimuli in an e-commerce website that may subdue the effects mentioned
in this paper. As most review writing platforms expect the review writer
to have bought and experienced the product, we have not created a “no
direct experience” case in our experiment. A future study could include
that to study fake or non-experiential reviews.
A subsequent follow-up study linking the different stimuli to
different review elements (e.g., facts and images) would complete the
link between stimuli-review–element-review credibility. Another
extension of this study could analyze the impact of the credibility of the
review writing platform itself, as different platforms could be perceived
to have different levels of credibility. Hence, a comparative platform
analysis would enable analyzing platform-level effects in the perception
of reviews. A final limitation of the study is its geographical represen
tation of subjects. The study was conducted in India with Indian sub
jects, and cross-cultural analysis in different countries would be required
to ensure the generalizability of these results.
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