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RESEARCH ARTICLE

ON SELF-SELECTION BIASES IN
 ONLINE PRODUCT REVIEWS1
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Paul A. Pavlou
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Online product reviews help consumers infer product quality, and the mean (average) rating is often used as
a proxy for product quality.  However, two self-selection biases, acquisition bias (mostly consumers with a
favorable predisposition acquire a product and hence write a product review) and underreporting bias
(consumers with extreme, either positive or negative, ratings are more likely to write reviews than consumers
with moderate product ratings), render the mean rating a biased estimator of product quality, and they result
in the well-known J-shaped (positively skewed, asymmetric, bimodal) distribution of online product reviews. 
To better understand the nature and consequences of these two self-selection biases, we analytically model and
empirically investigate how these two biases originate from consumers’ purchasing and reviewing decisions,
how these decisions shape the distribution of online product reviews over time, and how they affect the firm’s
product pricing strategy.  Our empirical results reveal that consumers do realize both self-selection biases and
attempt to correct for them by using other distributional parameters of online reviews, besides the mean rating. 
However, consumers cannot fully account for these two self-selection biases because of bounded rationality. 
We also find that firms can strategically respond to these self-selection biases by adjusting their prices.  Still,
since consumers cannot fully correct for these two self-selection biases, product demand, the firm’s profit, and
consumer surplus may all suffer from the two self-selection biases.  This paper has implications for consumers
to leverage online product reviews to infer true product quality, for commercial websites to improve the design
of their online product review systems, and for product manufacturers to predict the success of their products. 

1

Keywords:    Online product reviews, self-selection biases, product uncertainty, product quality, product value,
consumer behavior, electronic commerce, analytical modeling, econometric models, sales forecasting
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Introduction

The Internet has enhanced the scale and scope of user-gener-
ated product reviews by expanding far beyond traditional
settings and reaching a virtually infinite number of con-
sumers.  A prevalent view is that consumers rely on online
product reviews to infer product quality and make purchasing
decisions (e.g., Chatterjee 2001; Chen and Xie 2005;
Chevalier and Mayzlin 2006; Forman et al. 2008; Moe and
Schweidel 2012).  However, the voluntary nature of online
product reviews does not result in all relevant consumers
writing reviews, creating self-selection biases in who writes
online product reviews, making it difficult to infer “true” pro-
duct quality.  True product quality (or “value,” the difference
between quality and price) is an abstract and subjective
concept, particularly for products when heterogeneous taste
is involved, such as music and movies.  True product quality
is herein defined as the aggregate assessment of all relevant
consumers who may acquire and review a product.

The literature showed the existence of a positively skewed,
asymmetric, bimodal (or J-shaped) distribution of online
product reviews (e.g., Gao et al. 2015;  Hu et al. 2006, 2009).
We formally examine the nature and role of two self-selection
biases that determine the J-shaped distribution:2  first,
acquisition bias—consumers with a favorable predisposition
toward a product are more likely to purchase a product and
write a review; second, underreporting bias—consumers with
extreme ratings (positive or negative) are more likely to report
their reviews than consumers with moderate ratings.  In this
study, using a combination of empirical, experimental,
analytical, and simulation methodologies, we seek to answer
the following questions:

1. How do the proposed self-selection biases affect con-
sumers’ ability to infer true product quality from online
product reviews to make their subsequent purchasing
decisions?

2. Do consumers realize the existence of these two self-
selection biases, and do they attempt to correct for them?
Are consumers successful in correcting for these two
self-selection biases? 

3. How do firms strategically adjust their pricing in
response to these two self-selection biases to influence
current and future consumers’ product quality percep-
tions, posted ratings, and purchases? 

To capture the nature and effects of these two self-selection
biases, we built a two-period analytical model to answer our
research questions.  In each period, the firm decides a price,
and then consumers make two sequential decisions:  whether
to purchase a product, and then whether to write a review
based on their realized value after purchasing the product.
Since price is determined by the firm, a consumer considers
whether to purchase the product based on existing reviews,
price, product attributes, and personal preferences.  Because
only consumers with positive expected net utility will acquire
the product and have the opportunity to write a review, this is
proposed to give rise to acquisition bias.  After acquiring the
product and experiencing its actual quality, consumers volun-
tarily write reviews depending on their satisfaction or
dissatisfaction levels, which is proposed to give rise to under-
reporting bias.  Our analytical model shows that the con-
sumer’s expected product rating deviates from true product
quality because of both self-selection (acquisition bias and
underreporting) biases.  Hence, the two self-selection biases
are very likely to render the mean rating a biased proxy of
product quality.

The second-period consumers read the reviews posted by
first-period consumers to form quality expectations and make
their purchase decisions.  To understand how consumers
interpret reviews, we empirically examined whether con-
sumers realize the proposed self-selection biases in online
product reviews and whether they can correct for these biases. 
A sales forecasting model with empirical data from Amazon
showed that consumers do realize the existence of both self-
selection biases to a certain extent and attempt to correct them
by including additional parameters beyond the mean rating.
Accordingly, we examine to what extent consumers can cor-
rect for the proposed self-selection biases by examining two
competing views:  (1) rational consumers fully correct for
self-selection biases in online product reviews and infer
unbiased product quality from (biased) online product
reviews; (2) boundedly rational consumers cannot fully cor-
rect for the self-selection biases in reviews to infer true
product quality.  Our empirical results support the second
assumption that consumers are not fully rational, and they
cannot fully account for the self-selection biases.

Given that consumers cannot overcome these two self-
selection biases to infer true product quality from online prod-
uct reviews, the firm can influence consumers’ purchasing
and reviewing behaviors by pricing its products strategically.
Price not only directly affects consumer utility as a cost, but

2There may be other biases in online product reviews and other reasons for
the observed J-shaped distribution.  However, we offer evidence that these
two self-selection biases can reasonably (but not exhaustively) explain the J-
shaped distribution (Appendix A).  We also conducted a field study that
attributes the J-shaped distribution largely to the two self-selection biases
(Appendix B).  Based on these findings, in this paper, we focus on the nature
and effects of these two self-selection biases and not on identifying an
exhaustive list of all factors that explain the J-shaped distribution of online
product reviews.
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it also indirectly affects a consumer’s utility through the
chains of impacts on current consumers’ review probability
and rating scores, and then on future consumers’ product
quality expectation.  We built a two-period dynamic model
and derived analytical solutions to the firm’s optimal pricing
decisions over two periods by maximizing its second-period
profits and total profits, respectively.  Our numerical results
suggest that firms can strategically respond to both consumer
self-selection biases by strategically adjusting their prices.
For example, when consumers have low prior quality expec-
tations, or when customers are more likely to report negative
reviews, the firm should lower its first-period prices.  This
will attract more consumers to buy and subsequently write
more positive reviews, which will raise the second-period
consumers’ product quality expectation.  Then the firm can
charge a higher price in the second period to increase its
profits.  Still, since consumers cannot fully correct for the
self-selection biases, product demand, the firm’s profit, and
consumer surplus may suffer from the two self-selection
biases.

Figure 1 shows the study’s research roadmap.

This study makes the following contributions:  First, besides
analytically supporting the well-documented existence of the
J-shaped distribution of online product reviews, we also
experimentally supported the determinants of the J-shaped
distribution:  purchasing (acquisition bias) and reporting
(underreporting bias).  While most previous studies mainly
focused on a single type of self-selection bias, (e.g., Della-
rocas and Narayan [2006] focused on underreporting bias and
Li and Hitt [2008, 2010] on acquisition bias, and only one
recent paper, Jiang and Guo [2015], considered both self-
selection biases), we examined the role of both self-selection
biases using a lab experiment, thus extending the literature
that has largely relied on archival data (Table 1).

Second, we built a dynamic analytical model to study the
consequences of these two self-selection biases on consumer
purchasing decisions and the firm’s pricing over time.  We
analytically derived and empirically verified whether con-
sumers realize and act upon the self-selection biases.  Under-
standing whether consumers are rational in terms of online
product reviews is important for studying the firm’s dynamic
pricing strategy.  Prior research on self-selection biases in
online product reviews focused on how price affects the mean
rating (e.g., Li and Hitt 2010) or how ratings change over time
(Moe and Schweidel 2012; Moe and Trusov 2011) without
examining whether consumers realize the existence of these
biases.  Our empirical results show that consumers are
boundedly rational, and they cannot perfectly account for the
self-selection biases, which can be used by firms to inform
their pricing.

Third, we developed an analytical model to quantitatively
analyze the effects of these two self-selection biases on the
firm’s pricing decisions.  We found that the firm can stra-
tegically respond to these self-selection biases by adjusting its
prices over time to affect consumer purchases and reviews,
thus shaping product demand and profits.  In sum, our ana-
lytical work contributes to the emerging literature on online
products in the Information Systems and marketing literatures
(Table 1) by providing a comprehensive and integrated
approach to an increasingly important practical problem faced
by consumers and firms due to self-selection biases in online
product reviews.

The paper proceeds as follows:  In the next section, we review
the literature on the nature of online product reviews.  In the
subsequent section, we analytically model the sources of self-
selection biases from consumers’ decisions to purchase and
review products, whether and how consumers recognize and
attempt to correct for the self-selection biases, and the firm’s
pricing decision.  Finally, we discuss the paper’s contributions
and implications for theory and practice.

Literature Review:  Online Product
Reviews and Self-Selection Biases

The J-Shaped Distribution of
Online Product Reviews

On most online product reviews sites, consumers can report
an integer value on a five-point Likert-type scale, typically
anchored at 1 star = least satisfied and 5 stars = most satisfied.
The literature has shown the distribution of online product
reviews to be positively skewed, asymmetric, bimodal (or J-
shaped) (e.g., Gao et al. 2015; Hu et al. 2006, 2009). 
Appendix A specifies the existence of the J-shaped distribu-
tion of online product reviews for numerous products across
multiple categories and several commercial websites (e.g.,
books, movies, apparel from Amazon, software from
Download.com, and videos from Youtube.com), various mean
ratings (e.g., 3-star, 3.5-star, and 4-star ratings), different
phases of online product reviews over time, and online prod-
uct reviews of different volume, such as more than 2,000
reviews and fewer than 20 reviews.

Self-Selection Biases in Online
Product Reviews

Hu et al. (2009) proposed that two self-selection biases give
rise to the observed J-shaped distribution:  acquisition bias (or
purchasing bias), where only consumers with a favorable pre-
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Note:  The dotted boxes represent the output from the upper level analyses, which are used by the lower level analysis.

Figure 1.  Schematic Diagram of the Study’s Research Roadmap

Table 1.  Literature Review of Self-Selection Biases in Online Product Reviews

Papers

Acquisition
Bias

Considered

Under
Reporting

Bias
Considered

Experimental
Validation of
the Two Self-
selection Bias

Analytical
Model of

Acquisition
Bias

Analytical
Model of

Under
Reporting

Bias

Impact of
Acquisition

Bias on
Firm's Pricing

Decision

Impact of
Under-

Reporting Bias
on Firm's
Pricing

Decision

Validation of
Whether 

Consumers
Realize and

Correct Biases

Dellarocas and
Narayan (2006)

X

Hu et al. (2006) X X

Li and Hitt (2008) X X X

Hu et al. (2009) X X X

Li and Hitt (2010) X X X

Moe and Trusov
(2011)

X

Moe and
Schweidel (2012)

X

Jiang and Guo
(2015)

X X X X

This paper X X X X X X X X

Note:  X represents whether the focal point was examined in the paper.

disposition toward a product would self-select to acquire a
product, and thus have the opportunity to purchase and review
the product, and underreporting bias, where consumers with
either extreme levels of satisfaction or dissatisfaction with the
product are more likely to self-select to report their reviews
compared to consumers with moderate levels of satisfaction.

Acquisition Bias:  Utility theory states that only consumers
with an ex ante expected utility higher than or equal to the
acquisition cost will acquire the product and have the oppor-
tunity to write a review.  Pre-acquisition utility beliefs are
formed by prior quality evaluations, WOM communication,
or advertising (Yadav and Pavlou 2014).  Acquisition bias
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exists because of the cost involved in acquiring a product, that
is, the time and effort in searching for products, besides price.
Consumers with heterogeneous expected utilities are separ-
ated into purchasers or non-purchasers, thus creating a self-
selection bias in terms of who purchases and reviews the
product.  Li and Hitt (2008) identified a similar type of self-
selection bias in online product reviews due to the different
consumption timing chosen by each consumer.  Utility theory
implies that reviews tend to be written by consumers with
higher utility (Kadet 2007), thus eliciting a positive self-
selection bias in the distribution of online product reviews. 
For example, the mean of all Amazon’s reviews in our data
sample (Appendix A) is around 4.1 stars out of 5, consistent
with Chevalier and Mayzlin (2006) who also showed book
reviews on Amazon.com and BarnesandNoble.com to be
mostly positive.  This is also consistent with the endowment
effect (Thaler 1980) that posits that consumers who already
acquired a product tend to believe that the product has a
higher value compared to those who did not.  In contrast,
consumers with low pre-acquisition utility are less likely to
acquire the product, and they are less likely to write a (nega-
tive) review.  Finally, cognitive dissonance theory predicts
that the very fact of purchasing a product is associated with a
higher consumer evaluation of the product.

Underreporting Bias:  Underreporting bias exists since not
all customers write online product reviews due to the time and
effort needed.  It is estimated that only 1 out of 1,000 people
who purchase a product write a review on Amazon,3 and only
1.6% of people write a comment after viewing a video on
YouTube.com.4  This can be explained by the satisfaction
literature (Anderson 1998) which suggests a U-shaped rela-
tionship between satisfaction and WOM communication (e.g.,
Arndt 1967).  Consumer satisfaction is generated by the dif-
ference of actual over expected utility (e.g., Anderson and
Sullivan 1993).  That is, when a consumer’s realized utility
greatly deviates from her prior expectations, she will be more
motivated to exert the effort to “moan,” to complain and warn
others, or to “brag,” to share the surprising good news and
recommend the product to others.

In summary, these two self-selection biases help explain the
J-shaped distribution of online product reviews (e.g., gao et
al. 2015; Hu et al. 2006, 2009).  Acquisition bias is respon-
sible for the asymmetric right-skewness, while underreporting
bias is responsible for the bimodality of the distribution.
While underreporting bias can also create an asymmetric

positive or negative skewness depending on whether con-
sumers report more positive or negative reviews, respectively,
the literature does not specify the valence of this skewness.
Unless the positive and negative reviews perfectly cancel out,
the self-selection biases would render the mean rating a
biased estimator of product quality, and the mean rating
would not reflect true product quality as rated by most rele-
vant consumers, but rather a compromise between the high
and low ratings.

The J-shaped distribution was also proposed to be caused by
other factors besides the self-selection biases:  First, the “true
state of nature” may be that products are perceived as either
outstanding or abysmal by consumers (Kadet 2007), and the
J-shaped distribution simply represents the true perceptions of
product quality across all consumers.  This implies that all
products would have a J-shaped (as opposed to a normal)
distribution.  However, it is quite unlikely that the true state
of nature is that products fall into either extremely good or
extremely bad quality with nothing in between.  Second,
consumers may be “overconfident” in their online product
reviews (Admati and Pfleiderer 2004) and exaggerate their
product assessments with either positive or negative ratings.
This would suggest that all consumers would always post
extreme ratings, which would only explain the deflation of the
moderate ratings, but not the majority of positive ratings.
Third, the extreme negative ratings may not be due to poor
product quality, but due to poor service fulfillment, which is
independent of the product.  Analyses of the text content of
online product reviews revealed that such reviews are very
few (Hu et al. 2009), and unlikely to play a major role in
shaping the J-shaped distribution.  Finally, the extreme ratings
could also be explained by paid reviewers who either attempt
to promote or damage a product.  However, since many prod-
ucts have a very large number of reviews, the extent of
fraudulent manipulation is limited.  The two latter explana-
tions (service versus product fulfillment and paid reviewers)
are unlikely to be prevalent across all products and time.5

3http://www.freakonomics.com/blog/2005/07/22/why-do-people-post-
reviews-on-amazon/.  

4Youtube.com provides statistics of total views, which can be used to
estimate the probability that a review is written. 

5To test and rule out the first two likely explanations (true state of nature and
consumer overconfidence), we conducted a simple lab experiment that
compared the distribution of online reviews on Amazon versus a distribution
of reviews from a random sample of consumers who was asked to sample and
rate four products (music CD, movie DVD, software, textbook) (Appendix
B).  The results showed that the ratings of all potentially relevant consumers
(subjects in the lab experiment) followed a unimodal normal distribution,
implying that most consumers generally have moderate (and not extreme)
views.  Thus, the true state of nature is that product quality, when evaluated
by virtually all relevant consumers, varies from low to high with the highest
mass residing in the middle of the distribution.  The lab experiment also
showed that few subjects wrote extreme ratings, far fewer than those who
wrote moderate ones.  This negates the explanation of overconfident
consumers.  In sum, the lab experiment supports the basis for the observed J-
shaped distribution due to the two self-selection biases. 
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Analytical Modeling of Self-Selection
Biases in Online Product Reviews

The above empirical and experimental findings provide
evidence for the existence of self-selection biases in online
product reviews and how consumers’ purchasing and
reviewing behaviors are related to these biases.  To further
theoretically and formally examine how the proposed self-
selection biases are formed, their effects on consumers, and
how the firm responds to these self-selection biases, we build
a two-period dynamic game model that formulates the
consumers’ and the firm’s decision processes to derive
equilibrium results.

As Figure 2 shows, in each period, a monopolist firm plays
the Stackelberg leader by setting the price to maximize its
expected profit including present and future, and a group of
consumers enter the market and evaluate the product to form
their prior quality beliefs.  We distinguish between a prod-
uct’s search characteristics and experience characteristics.  A
consumer can directly observe search characteristics based on
the product’s online description, but she has to assess or infer
the experience characteristics from other sources, such as on-
line product reviews.  Based on their resulting quality beliefs,
consumers make a decision about whether to purchase a
product based on their expected net utility.  If a purchase is
made, consumers will decide whether to review the product
after experiencing the product, depending on their satisfaction
levels.  The reviews of the first-period consumers will shape
their product quality expectations of the second-period con-
sumers, and also directly influence the firm’s second-period
pricing, as we develop below.

In each period, we consider a three-stage decision problem:
(1) the firm’s pricing decision for a product, (2) the con-
sumers’ purchase decisions, and (3) the consumers’ reviewing
decisions.  We used backward induction to solve the equilib-
rium in each period.  Since we assume a group of consumers
with the same distribution entering the market in each period,
and each consumer only enters the market once and purchases
no more than once, the consumers’ decision is characterized
the same across periods, except for different prior quality
expectations and different prices.  The firm’s decisions, how-
ever, vary over time:  it maximizes only the current period
profit in the second period, while it maximizes the total profit
of two periods in the first period.  We first modeled the con-
sumers’ purchasing and reviewing decisions.  The proposed
self-selection biases influence consumers’ quality expecta-
tions and their purchasing decisions, and their purchasing and
reviewing decisions in turn render new product ratings, which
further reshape consumers’ self-selection biases.  We also
examined the impact of these self-selection biases on the

distribution of online product reviews.  We empirically
examined consumers’ awareness of these biases to verify how
consumers form their prior quality expectations, then we
solved the firm’s optimal pricing decision in response to
consumers’ self-selection biases.

Consumers’ Purchasing and
Reviewing Decisions 

Following Li and Hitt (2008), we define the net utility of
consumer i by assessing a product’s search and experience
characteristics:

ui = θi + qi – p [1]

where θi measures the consumer’s heterogeneous preference
toward the observable search attributes (attributes that can be
inspected before purchase, such as title, manufacturer, brand,
category, size, color, packaging, and description).  The con-
sumer knows the value of θi and price p before purchasing the
product.  Without loss of generality, we assume that a con-
sumer only purchases at most one unit of the product.  To
make the model tractable, we assume that θi is normally
distributed among the population of consumers with mean  uθ
and variance σθ

2.  qi is consumer i’s valuation of the product’s
experience characteristics (those that cannot be inspected
prior to purchase, such as performance, reliability, touch,
liking, and feeling).  Consumer i does not know the value of 
qi until she purchases and experiences the product.  We
assume that qi is normally distributed with mean q and
variance σq

2.  Following Li and Hitt (2008), q represents
intrinsic product quality (Milgrom and Roberts 1986), while
standard deviation σq denotes product quality uncertainty. 
The coefficient of correlation between θi and qi is denoted as
ρ.  When ρ > 0, a product with more favorable search
attributes is more likely to result in a higher level of post-
purchase quality, that is often more common.  On the con-
trary, when ρ < 0, consumer i thinks a product with more
favorable search attributes would be of lower quality.

Consumer i enters and inspects observable product attributes
θi.  Before purchasing the product and realizing quality qi,
consumers have a prior product quality expectation qe.
Besides other signals, consumers typically form their prior
quality expectations based on reviews and other signals.
Following Li and Hitt’s (2010) argument, we assume that the
first period quality expectation qe

1 is exogenous and common
for all consumers.  We will discuss how consumers in the
second period form their quality expectation qe

2 later.

A consumer updates her ex ante quality expectation with the
observed search attributes

454 MIS Quarterly Vol. 41 No. 2/June 2017
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Figure 2.  A Consumer’s Purchasing and Reviewing Process and the Firm’s Pricing Decision

[2]( ) ( )E q q qi i
e e q

i| ,θ ρ
σ
σ

θ μ
θ

θ= + −

with conditional variance

[3]( ) ( )Var qi i q|θ ρ σ= −1 2 2

The consumer will purchase the product if and only if the
expected net utility of purchasing the product is nonnegative,
E(ui) $ 0.  Combining Equations [1] and [2], we obtain the
equivalent purchasing condition in which the consumer’s
preference for observable attributes θi has to exceed a
threshold denoted as

[4]( ) ( )
α

σ ρσ μ
σ ρσ

θ θ

θ

p q
p q

e

e
q

q

, =
− +

+

Thus, only consumers with a θi greater than or equal to this
threshold would acquire the product and have the opportunity
to write a review, while consumers with θi < α(p, qe) are less
predisposed toward the product, and they are thus screened
out from writing a review.  Thus, this purchasing self-
selection is proposed to cause a self-selection bias in the
reviews consumers write.  We formally term this self-
selection bias as acquisition bias.

After acquiring and experiencing the product, consumer i
realizes the product’s experience attributes qi and decides
whether to write a review.  Applying the satisfaction literature
that assumes a U-shaped relationship between consumer
satisfaction and WOM communication (e.g., Arndt 1967;
Anderson 1998; Dellarocas and Narayan 2006), plus our
experimental evidence on self-selection biases, we assume the
incentive to write a review is mainly to brag or to moan.  That
is, consumers engage in WOM communication to express
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( ) ( ) ( )E r| ,q q 1 q pi i
e

i
2

q 0
eqθ ρ θ μ ρ σσ

σ θθ
= + − + − −Λ

their strong satisfaction or dissatisfaction.  When the experi-
enced utility after purchase is close to her expectation, and
thus the level of satisfaction or dissatisfaction is low, the
consumer will have a low incentive to report a review.  Fol-
lowing the satisfaction literature (Anderson and Sullivan
1993), satisfaction (or dissatisfaction), denoted by si, is
assessed by the extent to which the consumer’s ex post utility
differs from her ex ante expected utility:

[5]( ) ( ) ( )s u E u q qi i i i i
e q

i= − = − − −|θ ρ
σ
σ

θ μ
θ

θ

A consumer is satisfied if her post-acquisition utility exceeds
the prior expectation (si > 0), and is dissatisfied otherwise.  To
simplify the model, we assume the probability of consumer i
reporting a product review to be given by a dichotomous
reporting probability function [6].  This assumption is relaxed
in [7].

[6]( )Prob report a rating
if s or s

otherwise
i i=

< >



1

2

δ δ

where δ and δ̄ are the lower and upper bounds of a con-
sumer’s satisfaction within which she is not motivated to
write a review.  We assume δ and δ̄ to be exogenous, and δ #
δ̄.  Self-selection in reviewing a product is likely to under-
represent the reviews of all relevant consumers.  We term this
self-selection bias underreporting bias.

Following the literature (e.g., Li and Hitt 2010;  Jiang and
Guo 2015; Kuksov and Xie 2010), we assume that consumers
rate the product based on their realized after-consumption net
utility, ri = qi – p.  When all consumers report their reviews
without these two self-selection biases, the mean of ratings
unbiasedly reflect the true value of the product, that is, E(ri)
= q – p.  However, the (J-shaped) distribution of online
product reviews is distorted by the two proposed self-
selection biases, as demonstrated in the previous section with
real-life empirical evidence.

Since the decision to write a product review is subject to the
consumer’s acquisition of the product, we use backward
induction to solve the three-stage decision-making problem,
starting from the reporting decision of a consumer who
already acquired the product and after the firm’s price deci-
sion.  Considering the probability of a consumer reporting a
product review (Equation [6]), the expected rating of con-
sumer i is given in Lemma 1 (Appendix D provides proofs to
the Lemma, Proposition, and Corollaries).

Lemma 1:  For consumer i with preference toward the search
attributes θi, prior quality expectation qe who  makes the

purchase E(ui|θi, q
e) $ 0, her expected rating can be expressed

as
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The condition for this bias alone to be equal to zero is either 
δ̄ = δ = 0 or δ̄ + δ = 2(q – qe).  That is, the expected rating will
not be distorted by underreporting bias when the consumer
writes a review regardless of her satisfaction level, or when
there is an equal number of satisfied and dissatisfied con-
sumers who underreport.  The impact of underreporting bias
on the expected rating can be two-fold:  when consumers are
more likely to moan (δ̄ + δ > 2(q – qe)), fewer negative
reviews will be underreported than positive ones, and the
expected rating will underestimate actual product value; when
consumers are more likely to brag (δ̄ + δ < 2(q – qe)), the
expected rating will inflate actual product value.

For the second-stage decision, consumers make their pur-
chasing decisions by comparing expected utility E(ui|θi, q

e)
and the outside option which is assumed to be 0.  Therefore,
consumers with a lower preference to search characteristics 
θi < α(p, qe) will refrain from purchasing the product and
writing a product review.  Thus, the distribution of the con-
sumers’ preference to search attributes θi is a truncated normal
distribution on the support of [α(p, qe), + 4).  Considering
both self-selection biases, we derive the expected rating
obtained from the group of consumers who make a decision
to purchase a product in the first period in Proposition 1:

Proposition 1:  Accounting for both acquisition and under-
reporting biases, a consumer reports a review with expected
probability

( )( ) ( ) ( )1 1
1 12 2

− − 



 − 

















− −
+

+ −

−

+ −

−
Φ Φ Φp q q q q qe

q

e

q

e

q

μ
σ ρσ

δ

ρ σ

δ

ρ σ
θ

θ

The expected product rating can be expressed as
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and the variance of the rating σr² is expressed as
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she purchases the product but not report a review due to
moderate (dis)satisfaction, resulting in underreporting bias.
Otherwise, the consumer will write a review with expected

rating:  where( ) ( ) ( )( )E r q q p q pq
e

q
e= + − + −1 2

0ρ σ ρσ λ αΛ ,
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Proposition1 further reveals that the impact of acquisition bias

on the expected rating is captured by . When( )( )ρσ λ αq
ep q,

the observable search attributes are positively correlated with
product quality (ρ > 0), acquisition bias will inflate the
expected product rating.  Otherwise, the expected ratings will
underestimate actual product quality.  In the unique case of ρ
being zero, the consumer’s purchasing decision is totally
random, and hence there is no systematic bias to the mean
rating.  Acquisition bias can be ignored when the acquisition
cost is extremely low compared to the consumer’s prior

quality expectation .p qe q<< − ρ μσ
σ θθ

From Proposition 1, it is easy to show that the two bounds of
review reporting δ and δ have direct impact on the size of the
underreporting bias, and further affect the consumers’
expected rating.

Corollary 1:  Given product price p and consumer quality

expectation qe, when , the( ) ( )δ ρ σ+ − < −q q qe e
qΛ0

21
expected product rating decreases with δ and increases with
δ̄, vice versa.

When , that is, when the bar( ) ( )δ ρ σ+ − < −q q qe e
qΛ0

21
for reporting positive ratings δ̄ is low and consumers are more
likely to brag than moan (the underreporting bias

 is relatively large), the majority of ratings( )Λ0
21qe

q− ρ σ
reported are positive.  In this case, a lower δ reduces the
amount of low value consumers from reporting potentially
low ratings, thus it boosts the expected rating; while a higher 
δ̄ prevents some medium-high value consumers from
reporting ratings, therefore also increasing the expected

ratings.  When , that is,( ) ( )δ ρ σ+ − > −q q qe e
qΛ0

21
when the bar for reporting positive ratings δ̄ is high and con-
sumers are more likely to moan than brag, negative reviews
dominate.  Thus, a higher δ will add more medium-low
ratings to dampen the extremely negative ratings, and increase
the expected rating, while a lower δ̄  will include more high-
value customers leaving positive feedback, and boost the
expected rating.

To illustrate the effect of the two proposed self-selection
biases in the distribution of online product reviews, we
simulated the consumers’ decision processes as described
above.  Given product price and other parameters6 (p = 30, qe

= 100, δ = -23; δ̄  = 64), we numerically generated 1,272
consumers entering the market, each with a random draw of 
θi and qi from normal distribution with mean and variance μθ
= 60, σθ = 25, q = 145, respectively.  The correlation ρ be-
beween  θi and qi is 0.1.7  Consumers choose to purchase and
review the product following the decision processes described
in Figure 2.  We normalized both the original and reported
ratings by the population mean and variance of ratings, and
we then aggregated them by rounding to the closest integer
ratings (there are less than 2% of ratings are out of the
bounds, which is negligible), such that it is numerically
comparable to the 1 to 5 rating scale used in most review
websites (Appendix A).  We obtained the frequency charts of
consumer reviews at different score levels.  The resulting
distribution of online product reviews with the consumers’
self-selection biases is shown in Figure 3(b).  In contrast, we
also plotted the distribution of online product reviews for the
whole population of customers in Figure 3(a).  These figures
clearly demonstrate that the proposed self-selection biases in
writing reviews distorted the distribution from a normal to a
J-shaped distribution, and shifted the real mean rating from
3.00 to the observed rating of 3.95.

We also relaxed the assumption about the dichotomous
reporting rules with the probability function [6] to a general
U-shaped probability function [7], which is defined as

6The number 23 represents the situation that consumers whose shock ranks
between 2.5% and 75% (meaning that we rank consumers’ shock from most
negative to most positive) keep silent or are partially silent.  In fact, if we fix
XL = 2.5% and change XH from 75% to 99%, we can always observe a J-
shaped distribution.

7To insure that the correlation is 0.1, we first generated two sequences
of independent normal distributed random numbers X1 and X2. Then we

defined a new sequence  .  This new X3 sequence willX X X3 1
2

21= + −ρ ρ
have a correlation ρ with the X1 sequence.

MIS Quarterly Vol. 41 No. 2/June 2017 457



Hu et al./Self-Selection Biases in Online Product Reviews 

Figure 3.  Simulated Distribution of Online Reviews (a) Without and (b) with Self-Selection Biases

Figure 4.  Simulated Distribution of Online Reviews (a) Without and (b) with Self-Selection Biases (with
a U-Shaped Review Probability Function)
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of the U-shaped distribution function.  The difference
between the probability functions [6] and [7] is that function
[6] assumes that consumers will not report reviews unless
they are extremely satisfied or extremely unsatisfied, while
function [7] allows consumers with a medium level of
satisfaction to write reviews with a probability less than 1,
and that probability increases when their satisfaction (or
dissatisfaction) level si deviates from the center.

We simulated the distribution of online product reviews using
the same parameter values as Figure 3, and we present the
results in Figure 4(a) (without self-selection biases) and
Figure 4(b) (with self-selection bias).  Compared with Figure
3(b), Figure 4(b) shows a slightly higher density of ratings in
the middle due to the relaxed assumption of the reporting
probability function.  However, we again observe a J-shaped
distribution, while the original distribution of online product
reviews from the whole population is normal (bell-shaped).
Thus, even under a relaxed reporting rule, the two self-
selection biases still not only distort the distribution of
product reviews, but also make the mean rating unable to
represent the true mass of consumer product utilities.

Lemma 1 suggests that even after taking out price, which is
common for all consumers, the mean rating of online product
reviews does not necessarily reflect true product value (q – p)
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due to the existence of acquisition and underreporting biases.
By Proposition 1, to remove the self-selection biases in the
e x p e c t e d  r a t i n g s  r e q u i r e s

.   Thus, these self-( ) ( )( )1 2
0

2− = −ρ σ ρ σ λ αq
e

q
eq p qΛ ,

selection biases will not distort the mean rating from un-
biasedly reflecting product value except under the following
very stringent conditions:  (1) neither self-selection bias exists

when all consumers acquire the product ( ),p qe q≤ − ρ μσ
σ θθ

and all consumers write a review, or there is an equal number
of satisfied and dissatisfied consumers who choose not to
write an online product review (δ̄ = δ = 0) or (δ̄ + δ =
2(q – qe)); or (2) both self-selection biases exist and they
exactly cancel each other out.  However, there is a negligible
probability for either condition to be satisfied in practice.
Besides freeware and heavy discounted products, retailers are
unlikely to set the price so low for all consumers to acquire
the product; and there is a trivial probability that both biases
would perfectly cancel each other out, as required by
Condition (2).  Therefore, taken together, the mean rating of
online product reviews is likely to be biased because it is
based on a truncated sample caused by the proposed self-
selection biases.  In that sense, consumers have to be cautious
when using the mean rating to infer true product value.  To
accurately and reliably estimate true product value, we argue
that consumers must go beyond the mean rating and consider
the entire distribution of online product reviews.

Ignoring these self-selection biases may cause consumers to
make wrong decisions in acquiring a product.  The intuition
is as follows:  the mean rating includes both acquisition bias
and underreporting bias (Proposition 1).  Acquisition bias is
positive when ρ > 0 and underreporting bias can be positive
or negative depending on the consumer’s intention to write a
review (to brag or to moan) and her degree of (dis)satisfac-
tion.  Thus, the mean rating may be higher or lower than true
value, depending on the net impact of these two self-selection
biases.  When the mean rating is inflated by the two self-
selection biases, consumers who form their prior expectation
about product value based on the mean rating will be misled,
and consumers with a lower θ will purchase the product but
realize a negative utility afterward.  When the mean rating is
deflated by the two self-selection biases, there will be some
consumers who should have acquired the product and have
enjoyed its utility, but they end up not purchasing the product
because they are misled by the “low” mean rating.  Therefore,
if a consumer does not realize the two proposed self-selection
biases in online product reviews, and she infers product value
based solely on the mean rating, then the two proposed self-
selection biases may hurt the consumer’s utility.

Consumer Rationality on Self-Selection Biases
and Evolution of Online Product Reviews

The analytical results presented in the previous subsection
suggest that consumers should account for both acquisition
bias and underreporting bias when relying on online product
reviews to infer true product quality.  This subsection
empirically examines the consumers’ awareness of these self-
selection biases, and it also investigates how consumers draw
their product quality expectations from online product
reviews.  In order to isolate the effect of the firm’s pricing on
online product reviews from the consumers’ learning effect,
we assumed price p as exogenous in the analyses throughout
this subsection.  We also chose the empirical data without
significant price changes during the sample period.8

We first estimated a sales forecasting model to check con-
sumer rationality regarding the two self-selection biases in
online product reviews.  Then we analyzed how different
rationality assumptions affect consumers’ prior quality expec-
tations based on past reviews and the evolution of online
product reviews:  rational consumers should be able to realize
and fully account for self-selection biases in online product
reviews to infer true product value; boundedly rational
consumers take existing online product reviews “as is”
without correcting for self-selection biases.  For each of these
two scenarios, we derived analytical predictions of online
product reviews generated over time by extending the model
presented earlier, and we empirically tested the hypotheses to
understand consumer rationality regarding the two self-
selection biases and how consumers infer product value from
online product reviews.

A Sales Forecasting Model

We develop a sales forecasting model to empirically test
consumer awareness of the self-selection biases in online
product reviews by testing whether consumers make purchase
decisions purely based on the mean rating without considering
other distributional parameters.  If this is true, then we infer
that consumers are completely unaware of the existence of
self-selection biases.  Otherwise, we can identify which
distributional parameters of online product reviews consumers
use to draw or correct for acquisition bias and underreporting
bias.

Based on the analytical model, given a product with quality
q, price p, and prior quality expectation qe, the expected

8The price change variable at the 25% percentile, the 50% percentile, and the
75% percentile are all zero, and the mean percentage price change is only
0.63%. 
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product demand in a period can be derived through a
consumer utility function (Equation [1]):
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That is, product demand decreases with price p, but it in-
creases with prior quality expectation.  The expected demand
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positive.  A higher variance of consumer preference toward
observable attributes σθ² implies that consumers have diverse
tastes, and a high quality variance σq² suggests higher quality
uncertainty (e.g., Dimoka et al. 2012; Hong and Pavlou 2014). 
Both variances are negatively affecting product demand. 
Proposition 1 suggests that the variance of ratings σr² is
positively correlated with σθ² and σq².  Thus, we expect the
standard deviation of online product reviews σr to be nega-
tively related to future product sales (e.g., Clemons et al.
2006; Zhu and Zhang 2010).

We also want to verify whether consumers realize the
existence of underreporting bias and attempt to correct for this
bias by considering the two bounds δ̄ and δ of the distribution
of online product reviews in order to infer true product
quality, which is presumably directly related to product sales. 
Because the values of the two theoretical bounds are not
readily available, we use XL and XU returned by the DIP test
(Hartigan and Hartigan 1985) as proxies for δ̄ and δ,
respectively.  Based on Hartigan and Hartigan, the DIP test
measures multimodality in a sample by the maximum differ-
ence, over all sample points, between the empirical distribu-
tion function, and the best fitting unimodal distribution, which
is the unimodal distribution function that minimizes that
maximum difference.  The dip of a distribution function
measures the departure from unimodality.  To find the dip d
for an arbitrary distribution function F, there must exist a non-
decreasing function G, for XL # XU, where G is the greatest
convex minorant of F + d in (-4, XL), G has constant
maximum slope in (XL, XU), and G is the least concave
majorant in F – d in [XU, 4).  The greatest convex minorant of
F in  (-4, XL) is sup G(x) for x # a, where the sup is taken over

all functions G that are convex in  (-4, XL) and nowhere
greater than F; while the least concave minorant of F in  [XU,
4) is inf L(x) for x $ a, where the infinity is taken over all
functions L, which are concave in  [XU, 4) and nowhere less
than F.

XL represents the point below which consumers will speak
out, XU represents the point above which consumers will
speak out.  By Corollary 1, when consumers are more likely
to brag, as XL increases, ceteris paribus, the mean rating of
online product reviews will decrease, resulting in a decrease
in sales.  Also, under that scenario, when consumers are more
likely to moan, as XU increases, given everything else equal,
the mean rating will increase, resulting in an increase in
product sales.  If the coefficients of the variables XL and XU

are significant in predicting product sales, as we expect, then
our conjecture would be supported, indicating that consumers
do realize the existence of the underreporting bias to a certain
degree.  Otherwise, our conjecture about correcting for
underreporting bias would be rejected.

To empirically test the predictive power of these parameters
(product price, mean, volume of reviews, and the standard
deviation of product ratings), and the two modes of the
distribution of online product reviews, we developed a sales
forecasting model with actual online product sales and
reviews data from Amazon.com (Appendix A).  Following
other sales forecasting models in the literature (e.g., Clemons
et al. 2006; Duan et al. 2008; Liu 2006), we use future
product sales to measure product demand and use SalesRank
as a proxy for product sales, which is negatively correlated
with sales (Brynjolfsson et al. 2003; Chevalier and Goolsbee
2003; Ghose et al. 2006).  The following log-linear regression
model was used to predict product sales rank:9

9We collected our data from Amazon Web Service (AWS), and we con-
structed two datasets to examine our questions.  The first dataset is cross-
sectional data composed of a random sample of books, DVDs, and videos.
For this dataset, we collected the product information and corresponding
consumer reviews from Amazon.com in July 2005.  The second dataset is a
panel dataset composed of a sequence of features of online reviews (price,
sales, and review information) for a sample of books, DVDs, and videos
collected over several months at approximately three-day intervals.  The
initial set of products in this panel dataset was randomly chosen from
Amazon in July 2005.  For the panel data collection, since it occurs approxi-
mately every three days, we identified each data collection batch by a unique
sequence number.  Because we needed to know the historical sale, review,
and price information, we used the panel dataset to answer the questions as
to whether consumers are aware and correct for the self-selection bias.  For
the remaining research questions, we used the cross-sectional datasets.
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Table 2.  Regression on Future Product Sales (Dependent Variable: 
ln(SalesRankt + 1))

Variable Coefficient

AvgRatingt -0.0513***

XLt 0.0573***

XUt -0.0685***

StdevRatingt 0.0086*

ln(SalesRankt) 0.7114***

ln(Pricet) 0.0780***

ln(NumRevt) -0.0869***

Book_Dummy 0.311***

DVD_Dummy -0.154***

Intercept 3.7890***

Adjusted R² 77.29%

Note:  ***p < .001; **p < .01; *p < .05; +p < .10

ln(SalesRankt + 1) = β0 + β1AvgRatingt + β2XLt

+ β3XUt + β4StdevRatingt + β5ln(SalesRankt)
+ β6ln(Pricet) + β7ln(NumRevt) + β8Book_Dummy

[9]

+ β9DVD_Dummy + ε1

As shown in Table 2, controlling for prior sales rank and the
number of online product reviews, the proposed parameters
predict future product sales as expected:  the mean of online
product reviews (β1 = -0.0513, p < 0.01), the two modes XL (β2

= 0.0573, p < 0.01) and XU (β3 = -0.0685, p < 0.01) and the
standard deviation of online product reviews (β4 = 0.0086, p
< 0.05) are all significant in predicting sales rank.

These results suggest that consumers are not completely
unaware of the existence of self-selection biases, and they do
attempt to overcome these biases by going beyond the mean
rating and by using other parameters, specifically by trying to
infer the association between standard deviation, the two
modes of the distribution of online product reviews, and
product quality.  These results also specify the particular
distribution parameters that consumers rely upon, which
denote the variation of the product ratings around the mean
rating.  Furthermore, as elaborated in Appendix C, the pro-
posed self-selection controlled model explains at least 2%
higher variance compared to the five competing models in
terms of predicting future product sales, supporting our logic.

The Model for Rational Consumers Fully
Correcting for Self-Selection Biases

Provided that the sales forecasting test revealed that con-
sumers consider additional parameters related to the self-

selection biases beyond the mean rating to evaluate product
value, we now examine to what extent consumers have
realized the self-selection biases, and to what extent they can
correct them.  In this subsection, we consider an extreme
scenario, that is, consumers can rationally and fully discern
the proposed self-selection biases in online product reviews,
and can mentally separate self-selection biases to infer true
product quality.  

We expand the single-period consumer’s purchasing and
reviewing decisions described earlier into a dynamic problem
of sequentially entering consumers.  Using a similar updating
rule of consumers’ beliefs about product quality as in Li and
Hitt (2010) and Jiang and Guo (2015), we assume that the
next-period consumers form their quality beliefs by weighing
the true quality q and the currently observed mean rating.

qe
t  + 1 = ωq + (1 – ω)E(rt) [10]

where ω 0 [0, 1] represents the relative weight between a
fully corrected quality measure q and the biased consumer
reviews (r1).  When ω = 1, consumers are fully rational and
can overcome both self-selection biases that they form their
second-period quality expectations based on the true quality
q, while when ω = 0, consumers cannot learn any information
regarding product quality from the first-period reviews and
they use the mean rating as second-period quality expectation.

If consumers can fully overcome both self-selection biases,
E(rt) = q.  Equation [10] suggests that consumers’ prior
quality expectation should remain stable after the initial
period, that is, qe = q.  By Proposition 1, we have the
following Corollary:
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Corollary 2:  

(i) If consumers can fully overcome both self-selection
biases, the rating series will be stationary with mean 
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(ii) If consumers can fully overcome both self-selection
biases, the ratings are independent from each other.

In such a case, the expected difference of observed ratings at
time t and at time t-1 should be a random variable whose
value should be orthogonal with respect to the information
set, which was known to consumers at time t-1 when they
formed their expectation (in other words, the ex post rating
error cannot be explained by past online product review
information, such as the mean rating).  If they are correlated,
this indicates that consumers are not fully rational because
they fail to use all information available to them at time t-1.
If boundedly rational consumers form their prior quality
expectations based on the mean rating without correcting for
the self-selection biases, then the expected first difference of
ratings is related to the mean of the observed ratings at t-1.

The above theoretical test framework is very similar to the
rational expectation framework introduced by Muth (1961)
and used by various studies (e.g., Forsells and Kenny 2002;
Pesaran 1989).  Fundamentally, this means that expectations
are unbiased, and rational agents do not commit systematic
and persistent errors when forming their quality expectation. 
In this paper, we test the orthogonality of rationality, meaning
consumers revise their product quality expectation to reflect
the flow of new information, and forecast errors should be
uncorrelated; otherwise, consumers can improve their expec-
tation by better using their past information.

Next, we first empirically tested the stationarity of the rating
series ri with real review data (Corollary 2) collected from
Amazon.com (Appendix A).  To ensure that products have a
large enough number of reviews, we chose books with at least
100 reviews.  We removed the first 20 reviews as the
unsettling period.  We conducted ADF test on the remaining
review series for each product.  The results are summarized
in Table 3. 

At the confidence level p = .05, the majority (75.3%) of prod-
ucts had a nonstationary rating series, implying that most
consumers (or a single consumer at most times) are not able
to fully capture unbiased information from online product
reviews.  While other reasons may cause the series of online
product reviews to be nonstationary, we contend that bounded

rationality can reasonably explain this nonstationary series,
according to Corollary 2(i).  

The above subsection showed that consumers cannot fully
overcome the proposed self-selection biases in online product
reviews.  We now empirically further verify whether con-
sumers are boundedly rational and form their prior quality
expectations purely based on prior online product reviews,
that is, qe

t = E(rt – 1).

By Proposition 1, the expected difference of observed ratings
at time t and at t – 1, (Ratingt – Ratingt – 1) contains biases that
are correlated with prior quality expectations at t – 1, that is, 
qe

t  – 1.  If boundedly rational consumers form their prior quality
expectations based on the mean rating without correcting for
the self-selection biases, qe

t = E(rt – 1), then E(Ratingt –
Ratingt – 1)  is related to the mean of the observed ratings at
t – 1 (AvgRatingt – 1).  Otherwise, if consumers fully correct
for the self-selection biases, then E(Ratingt – Ratingt – 1) will
contain no biases, and will be independent of AvgRatingt – 1.

We empirically verified whether consumers are boundedly
rational (Proposition 1) by testing whether Ratingt – Ratingt – 1 
is correlated AvgRatingt – 1 with a fixed-effect model presented
in Equation [11] controlling for the natural log of the
product’s sales rank at Amazon at t – 1, ln(SalesRankt – 1). 
The natural log of the text length of the review
ln(ReviewLengtht – 1) is used to control for information quality
(Chevalier and Mayzlin 2006).  We also controlled for Pricet

– 1, variance of product ratings VarRatingt – 1, and dummy
variables Orderi, which represents the position of each rating
in the rating sequence (Godes and Silva 2012).

Ratingt – Ratingt – 1 = α0 + α 1AvgRatingt – 1 +
α2ln(SalesRankt – 1) + α3ln(ReviewLengtht – 1) + [11]
α4Pricet – 1 + α5VarRatingt – 1 + Orderi

i

+ ε

The model presented in Equation [11] is tested with book,
DVD, and video data from Amazon separately, as shown in
Table 4.  The coefficients of  AvgRatingt – 1 are significant
(marginally significant for Videos) and negative for all three
categories, implying that consumers do not fully correct the
self-selection biases in online product reviews when forming
their prior quality expectations, which is the contraposition of
Corollary 2(ii).

Integrating this finding with the nonstationarity test result, we
conclude that consumers are not completely rational since
they cannot fully overcome the self-selection biases in online
product reviews.

Table 4 also shows that the change of ratings moves in the
opposite direction with the mean rating of the last period.  An
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Table 3.  Augmented Dickey-Fuller Test Results

# of Items Percentage of Items

Non-stationary 773 75.3%

Stationary 253 24.7%

Table 4.  Consumer Awareness of Self-Selection Biases in Online Product Reviews

Books DVDs Videos

AvgRatingt-1 (x103) -17.4* -45.1*** -8.4+

ln(SalesRankt-1) (x103) -0.4 -1.4 -0.5

ln(ReviewLengtht-1) (x103) -39.6*** -30.9*** -23.7***

Pricet-1 (x103) 20.7 5.8 2.2

VarRatingt-1 (x103) -16.5** -36.0*** -7.3+

Adjusted R² 6.8% 2.0% 2.2%

Note:  Estimates of the coefficients of the fixed-effect dummies and the constant are omitted for brevity.

***p < 0.001, **p < 0.01, *p < 0.05, and +p < .10

extremely positive rating has a large deviation from the mean
and inflates the mean rating; this results in a large correction
that pulls down the mean in the next period.  In addition, the
variance of online product reviews also significantly corre-
sponds to the change in ratings, implying a diversity effect.
However, sales rank and price are not found to have a
significant effect on the change in product ratings, implying
that consumers do consider the price-induced acquisition bias
in inferring product quality from online product reviews.

Combing these results with that of the sales forecasting model
presented earlier, we conclude that consumers do realize the
proposed self-selection biases and they attempt to correct for
them by using other factors besides the mean rating to infer
product quality.  However, consumers cannot perfectly cor-
rect for these two self-selection biases due to bounded
rationality.  Also, since consumers are shown to infer product
quality mainly from the mean rating without fully correcting
for the self-selection biases, their surplus may suffer from the
self-selection biases.

Firm’s Pricing Decision in Response to Self-
election Biases in Online Product Reviews

The firm’s first-period pricing not only directly affects con-
sumer demand and firm profit, but it also affects the con-
sumers’ ratings and their intention to write reviews.  Those
online product reviews will further shape the consumers’
second-period quality expectations, which are often taken into
account by the firm in making its second-period pricing
decisions.

To study the firm’s pricing strategy in response to the pro-
posed self-selection biases in online product reviews, we
started by choosing the second-period price to maximize the
firm’s second-period profit, before deciding on the first-
period price to maximize the firm’s total profit.  

[12]
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The optimal second-period price p*
2 is obtained by the first-

order-condition (after checking the second-order-condition) is

[13]
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Holding the other parameters constant, we find that the
optimal price has a positive relationship with qe

2:
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Accordingly, [14] suggests that, ceteris paribus, the firm’s
profit increases with the consumers’ second-period product
quality expectation.  Having solved the optimal second period
price, we traced back to the first period to consider the firm’s
optimal first-period price.  For simplicity, we assumed no
discounting for the second-period profit.  The firm should
choose an optimal first-period price p*

1 to maximize its overall
profit for the two periods:

[15]

( ) ( )( ) ( )( )
( )( ) ( )( )

( )( ) ( )( )

max , ,

, ,

p

e e

p q p q

p q p q

E p E D p q p E D p q

p E dF p E dF

p p

e e

e

q

e

q

1

1 1 2 2

1 1 2 2

1 1 1 2 2 2

1 2

1 21 1

π

θ θθα θα

μ
σ ρσ

μ
σ ρσ

θ

θ

θ

θ

= ∗ + ∗

= ∗ 





+ ∗ 





= ∗ − + ∗ −

+∞ +∞

− −
+

− −
+

 

Φ Φ

The optimal first-period price  can be derived by [15]:

[16]
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The optimal price schedule (p*
1, p

*
2) should satisfy both [13]

and [16].  To solve for prices, we also need the connection
between the first-period product ratings and second-period
product quality expectation, that is, Equation [10].  We
deduced from the examination of consumer rationality in the
previous section that consumers draw their product quality
expectations based on both true product quality  and the mean
of reviews left from previous consumers (r1).  The results in
the previous section suggest that consumers do not achieve
either of the above, thus 0 < ω < 1.

The firm’s optimal price schedule (p*
1, p*

2) can be solved
through the three simultaneous equations [10], [13] and [16]:
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When consumers can perfectly discern true product value from
the ratings, that is, when their second-period quality expecta-
tion qe

2 = q, Equation [13] suggests that the optimal second-
period price, product demand, and the firm’s profit will be
independent of consumers’ first-period product quality expec-
tation qe

1.  Otherwise, when the second-period consumers
cannot fully correct the self-selection biases, their product
quality expectation contains both self-selection biases in their
prior ratings.  Accordingly, the self-selection biases, together
with the product quality expectation of first-period consumers
will shape the firm’s second-period pricing and profit.  

Given that the solutions have very messy functional forms, we
numerically solved [17] and plotted the numerical solutions to
show the properties of the optimal prices, and the resulting
product demand, firm profits, and consumer surplus in each
period (Figure 5).  For example, we set parameter values as μθ
= 0.5, σθ = 0.2, q = 2, σq = 1, ρ = 0.5, δ = –2, δ̄ = 0.7, ω = 0.5.
We also plotted the numerical solutions for the scenario that
consumers can form unbiased expectations for second-period
quality, that is, qe

2  = q (curves labeled with “_nb” in Figure 5).
We also simulated the purchasing and reviewing decisions, as
well as the updating of the product quality expectations of
1,272 consumers with specified distribution in both periods
given the firm’s prices.  We summed up the net utility of all
consumers to approximate consumer surplus, which is also
shown in Figure 5.

We observe that the first-period price p1, product demand d1,
and profit π1 all increase with initial product quality
expectation qe

1 , while the second-period quality expectation,
price p2, demand d2, and profit π2 all move in the opposite
direction with qe

1, except for the case when consumers form
unbiased product quality expectations in the second period.
When the initial product quality expectation qe

1  is low, the firm
can charge a lower price to attract more consumers, which will
result in more product reviews and potentially more positive
reviews since their product quality expectation is low.  As a
result, a higher mean rating will increase the quality expecta-
tion of the second-period consumers, and the firm can charge
a higher price to offset the lower profit margin in the first
period, and to make more profits in the second period.  To
summarize, a lower first-period price might either directly
improve future consumer ratings (direct impact) or indirectly
boost consumers’ online product reviews through stimulating
the demand (indirect impact) by bringing another segment of
consumers.  The firm will choose the optimal price by
balancing the impacts through consumer reviews, and the
impact through profit margin.  As  qe

1  increases, the firm takes
advantage of the high product quality expectations in the first
period by charging a higher first period price.
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Figure 5.  Changes in Optimal Price, Profit, and Demand of the Firm over Initial Quality Expectations
(Curves for the scenario that consumers can form unbiased belief for second period quality are labled
with “xx_nb”)

Although the firm adjusts prices in response to the self-
selection biases in online product reviews, our results imply
that the self-selection biases may have a negative effect on the
firm’s profit and total consumer welfare.  Product demand and
profits of both periods are lower if consumers cannot rule out
the self-selection biases in online product reviews when
forming their product quality expectation.  The second-period
consumer surplus is higher when consumers do not fully
correct the biases.  However, the increase in second-period
consumer surplus cannot offset the loss in the first-period
consumer surplus.  Accordingly, the total consumer surplus is
reduced by the two proposed self-selection biases.

To demonstrate the role of the underreporting bias on the
firm’s profits and consumer surplus, we also plotted another
set of graphs (Figure 6).  The numerical results show the
changes of the optimal pricing and profits with respect to the
lower bound of consumers’ reporting reviews δ when δ̄ is
fixed at 0.7.  Figure 6 also shows that with the increase of δ
from –2 to 0, because more negative product reviews are
reported, the firm will strategically reduce its prices in both
periods, especially second-period price p2.  Also, the second
period profit would decrease with an increase in δ.  The first
period profit is much smaller than the second-period profit,
however, it increases slightly relative to the first-period profit
as δ goes up.

In sum, firms can strategically respond to the self-selection
biases by adjusting their prices.  For example, when con-
sumers have low prior product quality expectations, the firm
can lower the first-period price to attract more consumers to
purchase and subsequently write more positive reviews,
which will raise their second-period product quality expecta-
tion.  Then the firm can charge a higher price in the second
period to extract more profits.  Nonetheless, since consumers
cannot fully correct for the proposed self-selection biases,
product demand and the firm’s profits in both periods may
suffer from the two self-selection biases.  Total consumer
surplus may also incur a loss due to the self-selection biases. 
We discuss the implications of these numerical results below.

Discussion

Key Findings and Contributions

We analytically modeled the consumer’s two-stage (acquisi-
tion and reporting) decision-making process by examining the
sources and nature of two self-selection biases (acquisition
and underreporting).  The dynamic process includes reading
reviews to form prior product quality expectations, updating
quality beliefs based on observable attributes, observing avail-
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Figure 6.  Changes of the Optimal Price, Profit, and Demand of the Firm over δ

able product reviews, making purchasing decisions, choosing
to write a review based on actual satisfaction or dissatisfac-
tion, and, when the new reviews are posted, how they
influence the product quality expectations of subsequent
consumers.  Our analytical model and numerical results show
that the mean rating may be a biased estimator of product
quality that should not be used directly to either infer absolute
product quality or relative quality across products.

Our results, in fact, show that the mean rating may not reflect
the rank order of competing products.  For example, for two
products, one high quality (mean q = 2.2) versus one low
quality product (mean q = 2.0).  Assume w = 0.85 and XH =
0.7 are fixed.  For the high quality product, assume that
underreporting bias is more serious (e.g., XL $ 0.2).  In such
a case, the mean rating will decrease as XL increases.  The
maximum mean rating for the high quality product would be
1.2826 only.  However, for the low quality product, assuming
that underreporting bias is less serious.  As long as its XL is
smaller than –1.6, the mean rating will always be larger than
1.2871.  This represents a situation where the mean rating of
a low quality product will have a higher mean rating than that
of a higher quality product due to the less severe under-
reporting bias.

We analytically discuss the relative effect of the two self-
selection biases on shaping consumer product quality expec-
tations and affecting purchasing and reviewing decisions, and
we show that relying on the mean rating without accounting
for the self-selection biases decreases consumer surplus.
Moreover, our consumer rationality models and empirical

results suggest that consumers do realize the existence of the
two self-selection biases when trying to infer quality based on
online product reviews.  While consumers attempt to account
for the self-selection biases by using other distributional
parameters of online product reviews besides the mean rating,
they cannot perfectly correct for the two proposed self-
selection biases due to bounded rationality.  And we find that
a firm’s pricing decision is closely influenced by consumers’
product quality expectations in the first period, as well as how
likely consumers are to moan versus brag.  We also found that
product demand and the firm’s profits in both periods suffer
from the self-selection biases in online product reviews since
consumers cannot fully correct for the self-selection biases.
Our findings contribute to the literature by validating the
broad consequences of self-selection biases in online product
reviews.  We show that self-selection biases are not com-
pletely mitigated by consumers due to bounded rationality,
and they reduce their surplus by preventing them from
inferring true product quality and making good purchasing
decisions.  In addition, product demand and the firm’s profits
may suffer from the two self-selection biases.  Taken together,
our key findings contribute to the emerging literature on
online product reviews by demonstrating the negative effects
of the self-selection biases on a broad spectrum of outcomes
(product demand, consumer surplus, firm profits).

Implications for Theory

First, while there is an emerging interest in the nature and
consequences of online product reviews (e.g., Dellarocas and
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Wood 2008; Forman et al. 2008; Li and Hitt 2008), there is
still no consensus as to whether, how, when, and why online
product reviews can infer true product quality to predict
product sales.  Most studies use the mean rating as a predictor
of product sales, assuming that it is an unbiased estimator of
product quality.  This assumption is challenged by our empiri-
cal results that validate the existence of an asymmetric,
bimodal, positively-skewed (J-shaped) distribution of online
product reviews.  While the literature has speculated about the
J-shaped nature of online product reviews (e.g., Admati and
Pfleiderer 2004; Gao et al. 2015; Hu et al. 2009), this is the
first study to analytically explain the J-shaped distribution of
online product reviews due to the existence of the proposed
self-selection biases (acquisition and underreporting).  A key
assumption in the literature is that, ceteris paribus, consumers
will choose a product with a higher mean rating since either
the mean rating reflects absolute product quality, or the
relative difference in the mean ratings of two similar products
would reflect their relative quality difference (e.g., Forman et
al. 2008).  Yet, this is not necessarily true and we show that
the relationship between the mean rating and product quality
is non-monotonic.  Our study may thus partially explain the
conflicting results in the literature that has often used the
mean rating to predict sales, implying that the literature
should go beyond single-point estimators (i.e., mean rating)
to infer product quality.  Our analytical results show that the
mean rating contains both an unbiased product quality
component and two self-selection biases.  Theoretically, the
unbiased quality component (mean rating) is only expected to
explain future product sales.  Accordingly, depending on the
relative size of the unbiased and biased terms, the mean rating
would vary in its ability to predict sales.  This explains the
mixed empirical findings in the literature regarding the
predictive power of the mean rating on sales, predicated on
the consumers’ understanding and attempting to correct for
the self-selection biases in online product reviews.

Banerjee and Fudenberg (2004) argue that self-selection
biases do not inhibit social learning since “smart” consumers
recognize and compensate for such biases by seeking
additional information when estimating product quality.
However, we show that consumers cannot fully correct for the
self-selection biases because they are boundedly rational.
Therefore, they cannot completely disregard the biases in
online product reviews when inferring product quality.
Similarly, Li and Hitt (2008) showed that consumers only
partially account for self-selection biases.  Hence, a key
implication of our research is that consumers are not perfectly
rational, and despite recognizing the existence of the two self-
selection biases, they cannot fully overcome these two biases. 

Our paper extends the literature on self-selection biases in
online product reviews.  Li and Hitt (2008) focused on acqui-
sition bias and explained the dynamics of online product
reviews due to changing consumer tastes as the product life
cycle evolves.  They showed that for each product, its early
reviews tend to be more positive since early consumers are
more positively predisposed toward the product.  This may
imply that the distribution of online product reviews may
overcome this positive predisposition of the early consumers
and reflect true product quality over time.  However, the
observed J-shaped distribution is not confined to early con-
sumers, as our study empirically attests (Appendix A).  This
implies that the proposed self-selection biases in online
product reviews do persist over time.  Assuming a static
distribution of consumer tastes over time, our paper posits that
the review dynamics, which oscillate around the cumulative
moving average, are driven by both proposed types of self-
selection biases.  Our paper also extends their finding
regarding the consumers’ understanding of the biases in the
reviews.  While they also recognize the consumers’ limited
ability to infer true product quality from biased online product
reviews, we show that boundedly rational consumers are only
able to realize their existence, but they are not able to fully
overcome them to infer true product quality.

Finally, our paper contributes to the literature on the dynamics
of online product reviews (e.g., Godes and Silva 2012; Moe
and Schweidel 2012; Moe and Trusov 2011; Wang et al.
2011).  These studies have examined the time series of online
product reviews with a focus on social bias (or “diagnosticity
assessment”); that is, whether the similarity in terms of the
social attributes of online product reviews leads to an assimi-
lation of product ratings over time.  In our study, we focus on
self-reporting bias and assume consumers truthfully report
their quality assessments without influence from other
reviewers.  We build upon utility theory in the economics and
satisfaction literatures (e.g., Anderson and Sullivan 1993) to
assume that each consumer is a utility-maximizing agent who
infers posterior quality information from online product
reviews written by prior consumers, but she reports her own
independent review based on her own individual experience.10

We propose that consumer self-selection in acquisition and
reporting, which cannot be completely corrected, may cause
the dynamic effects on the rating series in online product
reviews.  In addition, rather than a strictly decreasing trend of
the series of product ratings, based on our analytical results,

10This differs from papers on social biases (e.g., Moe and Trusov 2011;
Wang et al. 2011) that are based on social influence theory (e.g., consumers’
decisions about whether to review and what to report are influenced by other
reviewers). 
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we theorize and empirically show that the move of a product
rating is negatively correlated with the mean rating over time,
revealing fluctuations around the cumulative moving average. 
In contrast to most of the literature that found the mean rating
to reduce over time (Godes and Silva 2012; Moe and
Schweidel 2012), we find that the mean rating may oscillate
initially and may either go up or down over time.  This pattern
of ratings over time is supported with both numerical and
real-life empirical examples.  To our knowledge, this is the
first study to show that acquisition bias and underreporting
bias are both drivers of this trend of online product reviews
that we observe in practice and, accordingly, our study brings
new ideas and findings to the emerging literature on the
dynamics of online product reviews.  Our results indicate that
the firm is likely to increase its prices as consumers’ initial
quality expectations increase.  However, unless fully
recovered, product demand and the firm’s profit suffer from
the proposed self-selection biases.  Taken together, the
implication of theory is that the two self-selection biases may
have broad negative effects across the board, including
demand for products, loss of consumer surplus, and reduction
in the firm’s profits.

Implications for Practice

This study has practical implications for (1) individual con-
sumers, (2) online retailers, (3) companies that specialize in
the collection and dissemination of online product reviews,
and (4) product manufacturers.

First, consumers generally use the mean rating of online
product reviews to infer product quality.  This is intuitive
since the mean is readily observed and easily understood.
However, our results show that consumers must take into
account the existence of self-selection biases, and they should
adjust their estimation of product quality accordingly.  First,
consumers should take into consideration the standard
deviation of the distribution.  The larger the standard devia-
tion of the distribution, the higher the uncertainty in inferring
product quality and the greater the negative effect on quality.
Second, consumers should also take into consideration the
two modes of distribution of online product reviews.  A
higher upper mode or a smaller lower mode deflates product
quality.  Thus, product quality should be compensated more
with a higher upper mode or a smaller lower mode.  Third,
price generally increases acquisition bias and inflates the
observed mean rating.  Therefore, for more expensive prod-
ucts, consumers should adjust the mean rating even lower to
overcome the effect of acquisition bias.  In summary, these
findings suggest that consumers should compensate for acqui-

sition and underreporting biases by using additional informa-
tion beyond the mean rating of online product reviews to form
their product quality expectations in order to improve their
purchasing decisions and enhance their consumer surplus.

Second, since our model can help to estimate product quality
and predict future sales, it can help the pricing decisions of
online retailers who can shape product demand by adjusting
consumer expectations according to online product reviews.
For example, a product with a low mean rating will naturally
have very low product demand due to the low quality expec-
tation relative to its price, and its mean rating is unlikely to
change over time as consumers are unlikely to purchase the
product and write new product reviews.  To raise product
demand, retailers can strategically lower the price to attract
new consumers.  With a low prior quality expectation due to
the low mean rating, new consumers will have a higher proba-
bility to be satisfied and write a more favorable review, which
can boost the mean rating and increase future product sales.

Third, since many companies (e.g., Amazon.com, Barnes and
Noble, Epinions.com, and BizRate.com) specialize on the
collection, synthesis, and dissemination of online product
reviews, having a more accurate method to inform consumers
on product quality can be a differentiating factor.  While they
encourage their consumers to write and read product reviews,
the simple mean rating they usually highlight is shown to be
a biased estimator of product quality.  Therefore, our results
can be used by online review web sites to provide superior
product information to their consumers.  For example, com-
plementing the reported mean rating with the distribution of
online product reviews can help consumers better infer true
product quality with such observable parameters regarding the
distribution as the standard deviation and the modes.  These
parameters can not only help boundedly rational consumers
avoid making poor purchasing decisions but also help alle-
viate the cognitive burden from “rational” consumers who
strive to overcome the self-selection biases to infer product
quality.

Finally, the results of this study can be used by product manu-
facturers to predict a the long-term success of a product based
on reviews posted by early adopters.  In doing so, product
manufacturers can more reliably estimate which products to
manufacture, and thus forge long-term agreements with sup-
pliers and retailers.  A better estimate of product quality and
product demand can also be used by manufacturers and other
players in a product’s value chain to adjust production and
distribution schedules, inventory management, and eventually
the product’s pricing to focus on products that are likely to
have higher consumer demand in the future.
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Limitations and Suggestions
for Future Research

This study has certain limitations that create several
interesting opportunities for future research.

First, our results only use the numerical scores (number of
stars) of online product reviews.  However, consumers also
write textual product reviews, and Archak et al. (2011)
showed that the textual (verbal) characteristics of online
product reviews affect sales beyond star ratings.  Since
consumers also read text reviews (e.g., Godes and Mayzlin
2004; Pavlou and Dimoka 2006), even if information overload
prevents consumers from reading and processing the millions
of words in text comments, future research could examine text
comments.  While the star ratings largely reflect the notion of
text comments (Pavlou and Dimoka 2006), future research
could examine biases in both the numerical and the textual
aspects of online product reviews.  The longitudinal study of
biases in online product reviews could also be examined (e.g.,
Zheng et al. 2014).

Second, to reduce complexity, the analytical model assumed
that consumers evaluate the product based on the reviews
posted at the last period, and then make the purchasing and
reviewing decisions at the same period.  Under this assump-
tion, we derive an unbiased estimator of product quality from
online product reviews, while in reality there might be a delay
in purchasing or reviewing.  For future research, there are
empirical ways to address such a question:  (1) getting the
archival data by collaborating with online vendors, such as
Amazon, to find out the time elapse between a consumer
making the purchase and when he/she writes the review, or
(2) sending surveys to actual customers and asking for a direct
answer.  Future theoretical research could pursue a more
natural setting that considers when consumers buy the product
and when they post ratings at random time periods afterward. 

Third, the five-point scale of star ratings may not be sensitive
enough to fully capture the bimodal distribution.  The DIP test
(Appendix A) may not be able to distinguish between a
bimodal distribution and a skewed unimodal distribution with
only five points.  Since the DIP test is a test of bimodality, it
may not unequivocally conclude if there are two unimodal
distributions or a bimodal distribution with only five points
(similar to clustering five data points into one or two clusters).
Thus, a scale with more anchors (such as 10 points) may be
more appropriate.

Finally, while the field study (Appendix B) showed that
online product reviews followed a roughly normal distribu-
tion, it is important to note that the simple field experiment

was conducted among students, thus limiting the generali-
zability of our results.  Future research could replicate our
study with a randomized field experiment using a random
sample of online consumers.  Future research could also con-
duct a more controlled experiment with more products to
compare “involuntary” reviews with Amazon’s voluntary
product reviews.

Concluding Remark 

Online product reviews are a major informational source for
consumers.  Since online product reviews follow an asym-
metric bimodal, positively-skewed (J-shaped) distribution due
to the existence of two self-selection biases (acquisition and
underreporting), the mean rating of online product reviews
may be a biased estimator of product quality that reduces
consumer surplus and forces consumers to include other
distributional parameters to infer true product quality.  While
consumers do realize the two proposed self-selection biases
and attempt to correct for them, they still cannot perfectly
correct for these self-selection biases due to bounded
rationality.  Moreover, while firms adjust their prices in
response to these self-selection biases, these biases reduce
product demand and the firm’s profits, while they also hurt
consumer surplus.  Taken together, these negative effects of
the proposed self-selection biases call for future research to
overcome self-selection biases in online product reviews.
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Appendix A

The J-Shaped Distribution of Online Product Reviews

A random sample of product information and their corresponding consumer reviews were collected from Amazon in 2005 using Amazon Web
Service (AWS) for more than 77,000 books, DVDs, and Videos from Amazon (Table A1).  

Table A1.  Descriptive Statistics for Amazon’s Data

Product Category Number of Products Number of Reviews Mean of Reviews

Books 32,878 967,075 4.02

DVDs 17,978 2,034,552 4.19

Videos 28,983 1,248,992 3.99

Figure A1 shows the distribution of the average rating for all books, DVDs, and videos on Amazon.com.
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Figure A1.  The Distribution of Online Product Reviews for All Books, DVDs, and Videos on Amazon.com

To verify that the J-shaped distribution does not vary over time, we split all Amazon’s reviews into four equal groups (initial stage, early stage,
late stage, final stage)1 based on their posts.  The J-shaped distribution persists (Figure A2).  

Figure A2.  The Distribution of Online Product Reviews Over Time

Figure A3 shows the distribution of three randomly selected products in each of the three popular product categories with more than 2,000
reviews.  The results show that these products also have a bimodal, asymmetric, left-skewed distribution, thus confirming that the observed
J-shaped distribution is not due to the small number of product reviews.  

1These four stages and their labels are proposed in a relative sense.  Specifically, the initial stage reflects the earliest stage the product was first released; the final
stage is the latest period.  The J-shaped pattern still holds irrespective of periods and the absolute age of the reviews.
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Figure A3.  The Distribution of Online Product Reviews for Books, DVDs, and Videos with n > 2,000
Reviews

Figure A4 presents the distributions of online product reviews for freeware on Download.com with fewer than 20 reviews, which follow a
bimodal, J-shaped distribution.  This is a strong indication that the distribution is not normal.  Also, to show that the J-shaped distribution
applies to products with a different mean rating, Figure A4 also shows the distribution of products with a mean of 3.5-star (roughly in the
middle) and 4-star (right hand side).2

Figure A4.  Distribution of Online Product Reviews of Freeware on Download.com (# 20 reviews)

Figure A5 shows the bimodal distribution of online reviews for products with a mean star rating of 3 and 4.3

Figure A5.  The Distribution of Books, DVDs, and Videos with Mean Rating of Three- or Four-Stars

2We calculated the mean of each product’s online reviews based on all observations. Since the mean can be decimal number, such as 1.2 or 2.1, we used the
following classification:  If the mean of the online product reviews was between 1 and 1.5, we classified the product into a group with a mean = 1; if the mean
was between 1.5 and 2, we classified the product into a group with a mean = 1.5, etc. We also tried to classify products with a mean rating around 1 (e.g., between
0.9 and 1.1), into a group with mean = 1, and the results were very similar.

3Bimodality is not due to a truncated distribution since consumers cannot write reviews higher than five or lower than one star.  Graphic plots of the mean of
product ratings other than 3.0 or 2.5 stars reveal that there are fewer consumers writing a review with a five-star rating than those writing a review with a four-star
rating.  In those cases, however, there are still fewer consumers writing a three-star review.
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Figure A5 shows that as the mean rating increases, the U-shaped distribution becomes more left-skewed, thus turning into a J-shaped
distribution.  Besides the graphical inspections (Figures A1–A5), we formally tested whether the distribution of online product reviews is normal
using the Kolmogorov-Snirnov test (Chakravarti et al. 1967), which examines if a sample comes from a normally distributed population.4  This
test at the individual product level showed that nearly all products do not follow a normal distribution.

To further test if the distribution of online product reviews for individual products is bimodal, the nonparametric DIP test (Hartigan and
Hartigan 1985) was used.  The DIP test is a measure of departure from unimodality; the DIP statistic for a unimodal distribution approaches
zero, while the DIP statistic of a bimodal distribution approaches a positive constant.5  We obtain the DIP statistics using R.6  The DIP test show
that 90.17% of products have a distribution of online reviews that is neither unimodal nor normal.  Virtually all products with a mean star rating
between 1.5 and 4 stars do not follow a unimodal distribution.  Even most products with a mean star rating around 5 stars do not follow a
unimodal distribution.

To further establish the J-shaped distribution, we test the quadratic Equation A1 (Anderson 1998) using the following model:

[A1]2
0 1 2ij j j ij j ij mj mj ijf s s xα α α β ε= + + + +

where fij is the number of product reviews with score i, for item j, sij = i 0 {1, 2, 3, 4, 5] is review score for product j, xmj  are other variables
that might influence the rating of item j, such as price, mean rating and product category, and εij is an error term.  The null hypothesis to accept
the bimodal distribution is given by H0: α1 < 0 and α2 > 0.

To account for potential differences in product characteristics and means, we ran a fixed effect model by regressing the number of product
reviews on the star rating (number of stars).  As a robustness check, we ran separate regressions for different groups composed of products from
the same product category and with similar mean rating of product reviews, and we then estimated the mean coefficient across these categories. 
The results are qualitatively the same.  The results when all products are pulled together show a significant negative α1 = –40.54  and a
significant positive value α2 = 9.09.  Therefore, the estimated quadratic curve of [A1] is symmetric in terms of the rating si = 2.2, which lies
to the left of the median point of 3, implying that online product reviews for virtually all products collected from Amazon within the range of
1–5 star ratings have a J-shaped (left skewed bimodal) distribution.  As an additional robustness check, we ran this J-shaped test on individual
product level.  Our results indicate that 83.1% of books, 82.2% of DVD, and 76.0% of VHS follow a J-shaped distribution.

4 We also employed the Cramer-von Mises (Thode 2002) and the Anderson-Darling (Stephens 1974) tests with similar results.

5Besides DIP test, other nonparametric tests of unimodality are available, such as the excess mass test (Muller and Sawitzki 1991), and the Silverman (1981) test.
The DIP and excess mass tests are equivalent in the one-dimensional case as the excess mass statistic is exactly twice the DIP statistic (Cheng and Hall 1998).
However, the DIP test is simpler and more conservative (Cheng and Hall 1998; Henderson et al. 2000).  Therefore, if the DIP test shows a large percentage of
online product reviews to have a bimodal distribution, the other tests are likely to provide even more pronounced results.

6For more information on R, see http://www.r-project.org.
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Appendix B

Lab Experiment on Self-Selection Biases in Online Product Reviews

We asked 218 subjects to review four products (music CD, movie DVD, Access software, IS textbook) as well as their review, purchase
intentions, and purchase importance on a 1–5 scale.  These products were chosen to vary in terms of product category (music, movies, software,
textbook), prior ownership, familiarity, importance, and price level ($10–$250).  For each product, we assured that the subjects were familiar
with each product.  They were asked to hear all twelve 30-second clips of the music CD, and they were also asked to watch movie “Titanic”
if they did not.  Subjects used Access as part of a required class assignment, while for them the IS textbook was a required class textbook. 
Subjects were asked to rate the product and also report whether (1) they had already owned the product, (2) the importance of the product to
them, and (3) their intention and passion to report a product review.  The purpose is to compare the distribution of online product reviews from
almost all respondents in the lab experiment with that of reviews on Amazon.com.  Table B1 shows the number of respondents for each product,
and descriptive statistics of their responses.  The response rate of over 92% shows that the products were reviewed by almost all participants
in our sample, and nonresponse bias tests showed that the nonrespondents did not differ from the respondents.

Table B1.  Sample Characteristics 

Product
Number of
Subjects

Number of Reviews
on Amazon

Prior Ownership
(Percentage)

Intention to Review 
(Mean – STD)

Purchase Importance
(Mean – STD)

Music CD 197 157 8% 2.03 (0.95) 2.23 (0.99)

Movie DVD 199 2107 35% 2.25 (1.00) 2.69 (1.16)

Software 203 10 66% 2.18 (0.97) 2.59 (1.06)

Textbook 201 13 83% 2.54 (1.03) 3.67 (1.17)

Amazon’s and the experiment’s mean ratings for each of the four products are quite different (Table B2).  While the music CD and textbook
are rated higher on Amazon (p < .001), the movie DVD is rated higher among the experiment’s respondents; finally, the mean rating for the
Access software is roughly the same between Amazon and the experiment.

Table B2.  Differences in Mean Star Ratings of Product Reviews Survey Versus Amazon 

Product Field Study Amazon Equality Test (p-value)

Music CD 3.25 3.90 0.0000

Movie DVD 4.09 3.56 0.0000

Access Software 3.53 3.60 0.7931

IS Textbook 3.51 4.79 0.0000

Besides graphical differences (Figures 1 and 2), we specified a system of equations to isolate the self-selection biases:

Rating = α0  + α1Ownership + α2Intention + α3Importance + Gi
3

=1αiProductDummyi + ε [B1]

Intention = β0 + β1Rating + β2Rating² + β3Importance + Gi
3

=1βiProductDummyi + η [B2]

where Rating = The respondent’s star rating on a five-point Likert-type scale anchored between one star and five stars.
Ownership = Binary variable whether the resondent already owns the product.
Intention = The respondent’s intention to write a product review at Amazon.com on a five-point scale.
Importance = The respondent’s assessment of how salient the purchase is on a five-point scale.
ProductDummy = Represents the fixed effects due to potential differences across the three categories.

In Equation [B1], we used Ownership as a proxy for acquisition bias.  Equation [B1] summarizes the predictors of the star rating.  The utility
theory suggests that prior ownership is expected to increase the mean rating.  In fact, the mean rating of subjects who already owned the product
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was significantly higher than those who do not (p < .05) (Table B3).  Purchase importance was controlled for its positive effect on the star rating
since consumers who perceive the purchase to be important are more likely to be positively predisposed toward the product and to write a
positive review.

In Equation [B1], intention to write a review was used as a proxy for underreporting bias.  If consumers are more likely to write a review when
they are either extremely satisfied or dissatisfied, Intention is positively correlated with ExtremeStarRating (a dummy variable =1 when
consumers leave a one-star or five-star rating and 0 otherwise).  Wald’s test in Table B4 based on Equation [B3] supports this positive
correlation (χ² = 40.98, p <.0001).  We estimate Equation [2] in which the subjects’ intention to report a review on Amazon is determined by
the subject’s star rating.  Rating and  Rating² are included to account for a potential nonlinear effect of the respondent’s star rating and her
intentions to write a review.

Table B3.  Differences in Star Ratings of Online Product Reviews Based on Prior Ownership

Product
Prior Ownership

(mean)
No Ownership

(mean)

Difference

t-value p-valueSign Difference

Music CD 4.20 3.18 + 1.02 4.3600 <.0001

Movie DVD 4.26 4.00 + 0.26 2.2000 0.029

Access Software 3.64 3.30 + 0.34 2.8600 0.0047

IS Textbook 3.58 3.20 + 0.38 2.8700 0.0046

Table B4.  Likelihood of Writing an Extreme Product Review

Coefficient Wald Chi-Square p-value

Intercept -3.68 105.24 <.0001

Intention 0.68 40.98 <.0001

DVD Dummy 1.31 20.74 <.0001

Software Dummy -0.04 0.01 0.9081

Textbook Dummy -1.13 7.90 0.0050

Since the Intention variable in Equation [B1] is a linear combination of other variables in Equation [B2], we adopted the limited-information
maximum likelihood (LIML) estimation to simultaneously estimate the system of equations for acquisition bias and underreporting bias.7  The
results are reported in Table B5.8

ExtremeStarRating = γ0 = γ1Intention + γiProductDummyi + ε [B3]
i=


2

4

7Asymptotically, 2SLS and LIML estimators have the same distribution (Anderson 2005).  Even though it is easier to compute 2SLS, LIML was used because 
(1) the parameter estimation method of simultaneous equation models was based on ML that is commonly believed to yield superior estimators (Anderson 2005);
(2) LIML takes into account the covariances of the error terms; (3) 2SLS estimator treats the components of β asymmetrically, which runs contrary to simultaneous
equations (Anderson 2005, p. 9).

8As a robustness check, besides estimating the system of Equations 1 and 2, we also estimated these equations independently using both OLS and logistic
regression.  Furthermore, we estimated Equation 2 with the sample composed of all respondents, or those respondents who already owned the product before.
All of these tests have qualitatively the same results.
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Table B5.  Acquisition Bias and Underreporting Bias Based on System Equations [1] and [2]

Acquisition Bias Underreporting Bias

Variable Parameter α Variable Parameter β

Intercept 2.23*** Intercept 1.10***

Prior Ownership 0.13** Rating -0.19*

Intention to Write Review 0.05 Rating² 0.04**

Purchase Importance 0.28*** Purchase Importance 0.44***

CD_Dummy 0.28*** CD_Dummy 0.13*

DVD_Dummy 0.94*** DVD_Dummy 0.07

Software_Dummy 0.37*** Software_Dummy 0.11

N 800 N 800

Adjusted R² 28.9% Adjusted R² 29.9%

DW 1.98 DW 2.07

***p < 0.001;  **p < 0.05;  *p < 0.10

For acquisition bias, after controlling for purchase importance, prior ownership (α1 = 0.13, p < 0.05) was positively linked to rating, and
intention to report a review was not significant (α3 = 0.05, p > 0.10).  For underreporting bias, the negative coefficient of Rating was marginally
significant (β1 = –0.19, p < 0.10), and the Rating² coefficient (β2 = 0.04, p < 0.05) was positive and significant.  That implies that consumers
are more likely to write a review when they are either satisfied or dissatisfied, while they are the least likely to report a review when their star 

rating is moderate (  stars) according to Equation [B2].  These results reinforce that acquisition bias (reflected through prior− =∂β
∂β

2

12 2 4.
ownership) and underreporting bias (reflected through higher intentions to write a product review) result in the observed J-shaped distribution.

Figure B1 shows that there is a stark contrast between the means of Amazon’s online product reviews and those of the lab experiment reviews
for the exact same four products (music, movie, software, textbook).  Amazon’s online product reviews resemble a J-shaped distribution,
whereas the lab experimental data follow a unimodal, roughly normal distribution.  Furthermore, while the majority of Amazon’s online product
reviews are extreme or polarized (one-star or five-star), the majority of the lab experiment’s product reviews (over 90%) are moderate (two-star,
three-star, or four-star).  Finally, while Amazon’s online product reviews are mostly positive (five-star), the lab experiment’s results are
balanced across all star ratings between one-star and five-stars.  

Figure B1.  Comparison of Amazon’s and the Lab Experiment’s Distributions of Online Product Reviews
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In addition to showing that the lab experiment’s data follow a normal distribution (Figure B1), we isolated the two self-selection biases by
plotting the distribution of the respondents with prior ownership (capturing acquisition bias) and respondents with high intentions ($3) to write
an online review on Amazon.com (capturing underreporting bias).  As shown in Figure B2 for the movie DVDs (the other products follow a
similar pattern and are omitted for brevity), prior ownership shifts the distribution toward higher ratings.  Besides, selecting those respondents
with high intentions to write a review largely omits the moderate star ratings, resulting in a distribution that resembles Amazon’s observed J-
shaped distribution.  In sum, the combination of the two self-selection biases is shown to jointly shift a normal distribution of all respondents
to a left-skewed bimodal distribution, which resembles Amazon’s J-shaped distribution.

Figure B2.  Distribution of Online Product Reviews from Amazon Versus Experimental Field Study
Results
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Appendix C

Comparison of Models with and Without Self-Selection
Biases in Online Product Reviews

To compare the proposed “dual mode” model against the three competing models (mean average model, weighted mean average model, and
extreme rating controlled model), we randomly selected another 10,000 books, DVDs, and videos from our Amazon sample starting in July
of 2005, with the SAS random function.  For each product, we collected its price, sales rank, and all online product reviews for several months
on three-day intervals.9  Therefore, since we have panel data from July 2005 to January 2006, we can compare which model has the highest
power in terms of predicting future product sales using longitudinal secondary data.  The models, whose predictive validity is shown in Table
C1, are compared below.

Proposed Dual Mode Model

ln(SalesRanki + 1) = β0 + β1AvgRatingt + β2XLt + β3XUt + β4StdevRatingt

+ β5ln(SalesRankt) + β6ln(Pricet) + β7ln(NumRevt)
+ β8Book_Dummy + β9DVD_Dummy + εt

Model 1 (Simple Mean)

ln(SalesRanki + 1) = α01 + α11Mean_Ratingi + α21ln(Sales_Ranki) + α31ln(Pricei) + α41ln(Num_Revi)
+ α51Book_Dummy + α61DVD_Dummy + εi1

Model 2a (Weighted Mean a*)

ln(SalesRanki + 1) = α02 + α12Weighted_Mean_Rating1i + α22ln(SalesRanki) + α32ln(Pricei) + α42ln(Num_Revi)
+ α52Book_Dummy + α62DVD_Dummy + εi2

Model 2b (Weighted Mean b*)

ln(SalesRanki + 1) = α03 + α13Weighted_Mean_Rating2i + α23ln(SalesRanki) + α33ln(Amazon_Pricei)
+ α43ln(Num_Revi) + α53Book_Dummy + α63DVD_Dummy + εi3

Model 2c (Weighted Mean c*)

ln(SalesRanki + 1) = α04 + α14Weighted_Mean_Rating3i + α24ln(SalesRanki) + α34ln(Pricei) + α44ln(Num_Revi) 
+ α54Book_Dummy + α64DVD_Dummy + εi4

*Weighted_Mean_Rating1i = Avg((HelpfulReviews/TotalReviews) * ReviewRating)
*Weighted_Mean_Rating2i = Sum((HelpfulReviews/TotalReviews) * ReviewRating)/Sum(HelpfulReviews/TotalReviews)
*Weighted_Mean_Rating3i = Sum(HelpfulReviews * ReviewRating) / Sum(HelpfulReviews)

9Ideally, we would like to collect data on a daily basis because price, sales, and online product reviews change on a daily basis. However, due to the instability
of Amazon’s web service, it often takes more than three days to collect a batch of data. Thus, to ensure that we get clean copy for each batch of data, we used
a three-day instead of a one-day interval.
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Model 3 (One-Star and Five-Star Model)

ln(SalesRanki + 1) = α05 + α15Percent1star + α25Percent5star + α35ln(SalesRanki) + α45ln(Pricei) 
+ α55ln(Num_Revi) + α65Book_Dummy + α75DVD_Dummy + εi5

As shown in Table C1, controlling for previous sales rank,10 price, and the total number of product reviews, the model with self-selection
controlled explains a substantial amount of the variance (R² adjusted = 77.29%) in future product sales, which is significantly higher than all
other models (p < .0001).  The mean of the online product reviews has a significant effect, explaining .16% of the variance in future product
sales.  The two dual modes XL and XU also have significant effects (p < .001),11 explaining .64% and .33% of the variance in future product sales,
respectively.  Interestingly, the variance explained by XL (lower mode) is almost twice as much as that explained by the upper mode XU.  These
findings are consistent with the literature (e.g., Chevalier and Mayzlin 2006) that suggests that consumers pay more attention to negative
reviews (which are generally captured by XL) compared to positive reviews (which are captured by XU).  Finally, the STD is statistically
significant (p<.05), explaining .034% of the variance.  This is consistent with Clemons et al. (2004) who showed that the variance of online
product reviews affects future sales.

Table C1.  Model Comparisons

Proposed Model X Model 1 Model 2a Model 2b Model 2c Model 3

Mean_Product Reviews -0.0513*** -0.0351*** -0.0232** -0.0272** -0.0194*

XL 0.0573***

XU -0.0685***

STD† 0.0086*

Percent(1-star reviews) 0.1088*

Percent(5-star reviews) -0.0452

Ln (Current Sales Rank) 0.7114*** 0.7206*** 0.7218*** 0.721*** 0.7215*** 0.7208***

ln(Price) 0.0780*** 0.0999*** 0.100*** 0.0989** 0.0986*** 0.099***

ln (# of Product Reviews) -0.0869*** -0.0533*** -0.056*** -0.050*** -0.051*** -0.0528***

Book Dummy 0.311*** 0.334*** 0.333*** 0.331*** 0.390*** 0.333***

DVD Dummy -0.154*** -.1042*** -0.105*** -0.108*** -0.108*** -0.105***

Intercept 3.7890*** 3.5234*** 3.448*** 3.482*** 3.444*** 3.3936***

Adjusted R² 77.29% 75.18% 75.17% 75.25% 75.24% 75.17%

Difference in R² 2.11% 2.12% 2.04% 2.05% 2.12%

F-Value 23.444*** 23.555*** 22.666*** 22.778*** 23.555***

N 7573 7573 7573 7573 7573 7573
†STD is weighted by helpvote/totalvote.
***p < .001; **p < .01; *p < .05; +p < .10.  All p-values are two-sided.

We used the following equation for calculating the significance between two regression models:

[7]( ) ( )
( ) ( )[ ]

( )( )[ ] ( )
F

R Model X R Model i K K

R Model X N K K
kx ki n kx ki

x i

x i

− − − =
− −

− − −,

_ _

_

2 2

21

10The time difference between t + 1 and t is 130 days.  We also tested other time lag values (e.g., 100 days, 110 days), which yielded similar results.

11Following Aigner (1971), the variance explained was decomposed among the independent variables by multiplying the standardized regression coefficients
by the correlation of the independent variables with the dependent variable.
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where Kx is the number of independent variables in the proposed Model X
Ki is the number of independent variables in the competing Model I
N is the sample size

There are several criteria that can be used to choose among competing models, such as the Adjusted  R2,  Akaike information criterion (AIC),
Schwarz information criterion (SIC), Mallow’s Cp criterion, and forecast χ2 (chi-square).  These criteria aim at minimizing the residual sum
of squares, or increasing the adjusted R2 value.  The AIC imposes a harsher penalty than the R2, while the SIC imposes an even harsher penalty
than the AIC.  However, as argued by Diebold and Kilian (2001), no criterion is necessarily superior.  For simplicity, we evaluated the
performance of the various competing models by comparing their adjusted R2, which is the most widely used criterion for model comparison. 
In terms of other comparisons beyond the F-test (Equation 7), following Davidson and MacKinnon (1993, p.  456):  “For linear regression
models, with or without normal errors, there is of course no need to look at likelihood, W, and LR at all, since no information is gained from
doing so over and above what is already contained in F.” Therefore, we did not perform other comparisons for the nested models.  For non-
nested model comparison, we also used the Davidson-MacKinnon J test, which showed similar results.  

The proposed self-selection controlled model explains at least 2% higher variance compared to the five competing models (which roughly
explain about the same variance).12  This difference in variance explained is statistically significant (p < .0001), as the F-tests in Table C1 attest. 
Besides the high F-values that denote that the 2% improvement in variance explained is statistically significant, from a practical standpoint,
one may question this improvement.  However, it is important to recognize that the great majority of the variance is explained by the control
variables.  Specifically, the current sales rank explains 52% of the variance,13 the number of online product reviews explains 4.55%, the product
dummies explain 7%, and price only explains .11%.  Given these influential control variables, the variance explained by the new proposed
independent variables (XL, XU, STD) is also substantial from a practical standpoint, attesting to the need for including these distributional
parameters when predicting future product sales.

Table C2.  Comparison between Proposed Modes and Percentage of Polarized Reviews

Regression Model

Mean_Product Reviews -0.0906*

XL 0.0563***

XU -0.0688***

STD 0.0083*

% 1-star reviews -0.1895N/S (p = .1739)

% 5-star reviews 0.0343 N/S (p = 0.684)

ln (Current Sales Rank) 0.71152***

ln(Price) 0.0778***

ln (# of Reviews) -0.0866***

Book Dummy 0.318***

DVD Dummy -0.152***

Intercept 3.95***

Adjusted R² 77.29%

N 7573

12Interestingly, none of the three proposed weighted means of online product reviews is superior to the simple mean rating.  Perhaps this is because consumers
only observe the simple mean and do not otherwise process the number of useful reviews.

13We also ran the same regression models (Table C1) by omitting the current sales rank as a control variable, and the results were very similar (Model X
outperformed all others by over 2%).  However, since the variance explained in future sales is substantially lower (circa 35%) when omitting current sales rank,
we only report the results with all control variables.
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While the proposed prediction model with the proposed XL and XU modes is superior to the one with the polarized (one-star and five-star)
reviews (Model 3), we still wanted to have a direct comparison of their joint impact.  Therefore, we ran a regression model in which we included
both XL and XU and also the percentage of one-star and five-star reviews (Table C2).  The density mass in the bimodal distribution of online
product reviews that obtains the XL and XU are different from the percentage of one-star and five-star reviews, allowing us to simultaneously
include them in a regression model.  As shown in Table C2, both the percentage of polarized (1-star and 5-stars) reviews become insignificant
when XL and XU are included in the regression model.  Accordingly, the inclusion of polarized reviews did not improve the variance explained
(77.29%) in future product sales.  These results attest to the superiority of the XL and XU parameters obtained by the DIP test versus the
percentage of polarized reviews.
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Appendix D

Proofs

Proof of Lemma 1:

With a window as described in Equation [6], the density function of reviews is derived as
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Proof of Proposition 1:

Following [D2], we derive the expected review score from a consumer i with prior quality expectation qe:
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Proof of Corollary 1:
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qΛ0

21 , ( )∂
∂δ
E r > 0.
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Similar to the above results, the sign of  depends on the sign of ( )∂
∂δ
E r ( )Λ0 qe .
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When  , that is,  the expected rating decreases with δ, and vice versa.
( ) ( )δ

ρ σ

+ −

−
<

q q e
e

q

q
1 02

Λ ( ) ( )δ ρ σ+ − < −q q qe e
qΛ0

21 , ( )∂
∂ δ
E r < 0,

Q.E.D.

Proof to Corollary 2:

(i) By Proposition 1, the expected consumer rating in a single period is  and variance ( )( ) ( )q p q q pq
e

q
e+ + − −ρσ λ α ρ σ, 1 2

0Λ

( )( ) ( )( ) ( )( ) ( ) ( ) ( )( )( )ρ σ λ α λ α α ρ σ2 2 2 2
1 0

21 1 1q
e e e

q
e ep q p q p q q q− − + − + −, , , .Λ Λ

Since consumers in different periods are updating their quality beliefs based on Equation [10],  If consumers( ) ( )q q E r
t t+ = + −

1

2
1ω ω .

can fully overcome both types of biases, then    Plug into Proposition 1, then the mean of the rating series keeps the same overq qt
e
+ =1 .

t i m e :     a n d  v a r i a n c e  a l s o  d o e s  n o t  c h a n g e  o v e r  t i m e( )( )q p q pq q+ + − −−ρσ λ α ρ σ, 1 2 Λ

  Thus the rating series is stationary.( )( ) ( )( ) ( )( )( ) ( ) ( )ρ σ λ α λ α α ρ σ2 2 2 2
1 0

21 1 1q qp q p q p q− − + − + −, , , .Λ Λ
 

(ii) If consumers form quality expectation without the biases in the previous periods,  and q qt
e
= =1

( ) ( )( )E r q p q pt q q= + + − −ρσ λ α ρ σ, ,1 2
0Λ

  The correlation between ratings in different( ) ( )( ) ( )( ) ( )( )( ) ( ) ( )Var r p q q p qt q q= − − + − + −ρ σ λ α λ α α ρ σ2 2 2 2
1 0

21 1 1, , , .Λ Λ
time periods corr(rt, rt+1) thus rating series are independent.  

Q.E.D.
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