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e propose a structural model to study the effect of online product reviews on consumer purchases of
experiential products. Such purchases are characterized by limited repeat purchase behavior of the same
product item (such as a book title) but significant past usage experience with other products of the same type
(such as books of the same genre). To cope with the uncertainty in quality of the product item, we posit
that consumers may learn from their experience with the same type of product and others’ experiences with
the product item. We model the review credibility as the precision with which product reviews reflect the
consumer’s own product evaluation. The higher the precision, the more credible the information obtained from
product reviews for the consumer, and the larger the effect of reviews on the consumer’s choice probabilities.
We extend the Bayesian learning framework to model consumer learning on both product quality and review
credibility. We apply the model to a panel data set of 1,919 book purchases by 243 consumers. We find that
consumers learn more from online reviews of book titles than from their own experience with other books of
the same genre. In the counterfactual analysis, we illustrate the profit impact of product reviews and how it
varies with the number of reviews. We also study the phenomenon of fake reviews. We find that fake reviews
increase consumer uncertainty. The effects of more positive reviews and more numerous reviews on consumer
choice are smaller on online retailing platforms that have fake product reviews.
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1.

Introduction

book sales. Liu (2006) finds a positive relationship
between the volume of reviews of a movie and its box
office revenue. Whereas prior research has addressed
the link between consumer product reviews and
product sales based on aggregate-level analysis, little
work has examined the underpinning of such impact
in affecting individual consumer purchase decisions.
Such microlevel analysis can help marketers gain a
deeper understanding of the impact of user-generated
product reviews and more effectively respond to this
new market phenomenon.
In this paper, we propose a structural model to
study how online reviews affect individual consumer
purchases of experiential products. Our basic premise
is that consumers are uncertain about the true product

The Internet has provided an opportunity for consumers to share product evaluations online, facilitating a new channel for the communication of product
information and word of mouth. Online consumer
reviews are now widely available on websites of manufacturers, retailers, and market makers, as well as
for product categories including both search goods
and experiential goods. Before deciding to purchase
a specific item, consumers now have online access to
numerous product reviews posted by several users.
Recent research has provided considerable evidence
that online product reviews have an impact on product sales. Chevalier and Mayzlin (2006) find a positive relationship between consumer book ratings and
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quality or the extent to which a product matches
their preference or usage condition. This gives rise
to consumers’ need for reading product reviews and
learning from other consumers’ usage experiences
to reduce such uncertainty. This is especially true
for experiential products such as books, movies, and
music because, unlike other products, these are consumed solely for the pleasure and experience they
provide. Consumers have been known to rely on
recommendations for experiential products significantly more than other types of products (Sénécal
and Nantel 2004). For this reason, online reviews are
very important when consumers are choosing products they do not have first-hand experience with. By
reading the post-consumption evaluations of a product by others, consumers can make a more informed
decision about which product(s) to purchase.
The proposed model is built on the framework of
consumer learning of product quality based on past
usage experience (Erdem 1998, Narayanan et al. 2005,
Zhang 2010). The basic idea is that consumers are
imperfectly informed and therefore uncertain about
the true quality of a product. This uncertainty is likely
to be greater for experiential goods than for search
goods. This is because repeated purchase of the same
product item (e.g., the same movie, CD title, or book
title) is quite uncommon for experiential goods. This
is unlike the purchase behavior of other types of products such as groceries (where repeated purchase of the
same product item is the norm) or physician adoption of new drugs (where physicians learn from both
sampling and repeated prescription). So even though
the consumer might have consumed similar products
(say, products belonging to the same genre) in the
past, there is considerable uncertainty about the quality of the specific product item (henceforth referred
to as “item”). This uncertainty is associated with the
likelihood that the specific item (say, the movie Couples Retreat) matches a consumer’s preference. To cope
with such uncertainty, consumers may learn based on
their past usage experience with this type of product (i.e., experience with comedy movies they have
viewed in the past) and other consumers’ usage experiences with the focal item through consumer reviews.
They then update their belief of the subjective product
quality (likelihood of matching) in a Bayesian fashion. When determining whether to purchase a book
title, the consumer may integrate multiple sources of
information. The consumer might learn from (a) his
own past experience with other titles belonging to the
same genre of books as the title under consideration
and (b) information about other consumers’ postconsumption evaluations of that title. A novel feature of
this research is that our model captures both types
of learning: from one’s own experience with the category and from information about others’ experiences
with the specific product.
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Although the effect of product reviews on aggregate sales is well studied, it remains unclear if all
reviews of a product have the same effect on the
choice of a consumer. Conversely, there is little understanding if all consumers are affected by a set of
reviews to the same extent. In addition to modeling consumer learning from one’s own experience
and information about others’ experiences, we also
model the credibility of information obtained from
others. The credibility of the source of communication
is directly related to the persuasiveness of communication (Sternthal et al. 1978). As such, more credible
reviews for a product are likely to have a greater effect
on the consumer’s propensity to buy that product.
It is well established that the credibility of a source of
communication is greater if he or she is more similar
to the recipient (Brock 1965). Accordingly, we model
the review credibility as the precision with which
product reviews reflect the consumer’s own product
evaluation. The higher the precision, the more credible the information obtained from product reviews
for the consumer, and the larger the effect of reviews
on the consumer’s choice probabilities. We extend
the Bayesian learning framework to model consumer
learning on both product quality and review credibility. Our model is general enough to allow for the possibility that some consumers might find the same set
of reviews to be more credible than other consumers.
Finally, we allow the credibility of all reviews of a
product to vary with time.
We apply the proposed model to a panel data set
comprising 1,919 book purchases by 243 consumers at
a large product reviews website. Our empirical analysis leads to three unique findings. First, we find evidence of stronger learning from product reviews than
learning from own experience. Consumers learn less
from their own experience with books similar to the
one they are considering for purchase (i.e., books of
the same genre) than they do from others’ experiences
with the focal product. Second, we find evidence that,
based on the similarity between reviews for a product
and their own evaluation of that product, consumers
update their beliefs about the credibility of product
reviews over time. Third, ignoring the learning process from others lowers the model performance and
leads to biases in model estimates. Such insights cannot be obtained from reduced-form aggregate models.
Next we discuss the managerial implications of
this research. Based on the parameter estimates of
our structural model, and a set of general assumptions, we estimate the profit impact of online product
reviews and how this profit varies with the number
of reviews posted for a product. Consider a firm that
manages word-of-mouth activity (Godes and Mayzlin
2009) by incentivizing consumers to post online product reviews. Such a firm might be interested in understanding the profit impact of providing incentives
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for more reviews. In this context, our policy simulations provide three unique insights. First, there
are diminishing returns to increasing the number of
reviews. So the first review of a product has a greater
profit impact than the tenth review. Second, although
increasing reviews always leads to greater market
share, they might lead to lower profits. This happens when the marketing costs associated with eliciting more reviews are not commensurate with gross
margins from product sales. Third, there is an optimum number of product reviews that the firm should
spend on to maximize profits. We estimate this optimum number based on our model estimates.
In a second counterfactual experiment, we study
the issue of fake product reviews. Although consumers have been exposed to product reviews for
several years now, practitioners are increasingly concerned about the phenomenon wherein firms incentivize people to post fake positive reviews about
the products they market. Though academics have
studied this phenomenon (Mayzlin 2006, Dellarocas 2006), a deep understanding of this important
and topical issue is not possible with a reducedform aggregate-level approach. Our model provides
a tool to better understand this phenomenon. We
empirically demonstrate that fake reviews increase
consumer uncertainty. The effects of more positive
reviews and more numerous reviews on consumer
choice are lower on online retailing platforms that
have fake product reviews.
The remainder of this paper is organized as follows. In §2, we briefly review the relevant literature
and discuss how our study extends this work. In §3,
we present the data. In §4, we develop a structural
model that captures consumer learning about the subjective product quality, based on both one’s own and
other consumers’ usage experiences. We also describe
the process of how the credibility of reviews evolves
over time. In §5, we apply the model to a consumer
choice decision on book purchases, and we discuss
the empirical results and implications of this application. Section 6 concludes the paper with implications
for future research.

2.

Literature Review

We first briefly review two streams of literature, and
then we discuss how this research contributes to those
literatures.
The first stream of literature is related to the effect
of online product reviews on sales of experiential
products. There are mixed findings on the relationship between how positively a product is reviewed
and the sales of that product. Several studies have
empirically shown that positive reviews are associated with higher sales, whereas negative reviews tend

to hurt sales of experiential products such as books
and movies (Dellarocas et al. 2007, Chevalier and
Mayzlin 2006). Several other studies did not find any
statistically significant relationship (Duan et al. 2008,
Liu 2006). Another finding is that buyers seem to
find movies and books that have generated numerous
reviews more interesting, which in turn drives greater
demand, than those movies and books that have not
received as many reviews (Liu 2006).1
The second stream of literature is related to
Bayesian learning (Meyer and Sathi 1985, Roberts
and Urban 1988, Luan and Neslin 2009). This process
assumes that consumers are uncertain about product
quality and update their quality expectation based
on past experience and other factors such as marketing communication. In marketing, Erdem and Keane
(1996) is a pioneering paper that studies the effect
of learning from advertising. Erdem (1998) models consumer cross-category learning; i.e., consumer
usage experience of one product can influence consumer quality expectation of another product made
by the same company under the same brand. Mehta
et al. (2003) apply the notion of consumer learning
in studying consideration set formation under price
uncertainty and consumer search. Erdem et al. (2004)
study consumer learning of store brand quality across
countries. Narayanan et al. (2005) and Narayanan and
Manchanda (2009) model physician learning of the
quality of new drugs from marketing instruments.
Iyengar et al. (2007) model consumer learning of both
service quality and usage. Zhao et al. (2011) model
consumer learning in a product crisis situation.
We propose a novel modeling approach to study
the impact of online product reviews on consumer choice. Our approach makes two contributions. Unlike previous studies that have examined
the relationship between product reviews and consumer choice at an aggregate reduced-form level, we
propose a structural individual-level choice model.
We extend the Bayesian learning framework to incorporate product reviews as a source of information that influences individual-level consumer choice.
Although aggregate-level descriptive analysis is convenient for establishing a general phenomenon (i.e.,
a product review has a significant impact on product sales), it is perhaps not appropriate for studying the microlevel mechanism under which such a
phenomenon occurs. This is where the disaggregatelevel structural analysis offers several advantages.
From a theoretical standpoint, aggregate models are
1

Recent work has also studied dynamics in online product reviews
(Moe and Trusov 2011, Moe and Schweidel 2011). Li and Hitt (2008)
and Godes and Silva (2011) find evidence of a declining trend in
posted reviews as the volume of reviews increases with time. However, these papers do not study the effect of product reviews on
choice, which is our main focus.
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inadequate to understand the relative importance of a
consumer’s learning from product reviews (i.e., learning from indirect experience) vis-à-vis the consumer’s
learning from his or her own experience with the
product (learning from direct experience). Our modeling approach yields the novel insight that consumers
learn more from the indirect experience of product
reviews about a book than from their own direct
experience of a product category. From a methodological perspective, our model predicts consumer
choice better than reduced-form models estimated
with the same data. From a managerial perspective, we demonstrate how the model can be used
to assess the economic effect of the much-discussed
phenomenon of fake product reviews and how they
might affect consumer choice. Such analysis is not
possible with aggregate-level reduced-form models.
Our second contribution pertains to the study
of the credibility of product-related communication.
Although credibility has been extensively studied in
the consumer behavior literature, and its importance
in determining the persuasiveness of communication is well established (Kelman 1961, Chaiken 1980),
it remains unstudied in the choice modeling literature.
Modeling credibility is challenging because although
product reviews and consumer choices are observed
to the researcher, the credibility of reviews is unobserved. As mentioned earlier, we model credibility
as the precision with which product reviews reflect
the consumer’s own product evaluation. The Bayesian
learning literature assumes that the precision level of
any source of product information (such as advertising) is constant. However, the perceived precision of
information from product reviews is likely to vary
over time, as she accumulates more information from
her own experience to validate product reviews. We
contribute to the Bayesian learning literature not just
by incorporating product reviews as an additional
information source but also by modeling the credibility of product reviews, how it varies over time, and
how it affects individual-level consumer choice. With
the exception of Zhang (2010), the Bayesian learning
literature has focused on learning from consumers’
own experiences and marketing instruments, ignoring
the process of learning from others.
Zhang (2010) empirically models observational
learning (learning based on actions taken by others)
using a Bayesian updating framework. She studies
the U.S. kidney market, where patients on a waiting list sequentially decide whether to accept a kidney offer. Patients draw negative quality inferences
based on earlier refusals in the queue. Our study is
different from this work as follows. We model learning from information sharing (learning from information shared by others). Indeed, observational learning
and information sharing are distinct forms of social
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learning. In addition, we simultaneously model and
compare learning from one’s own and others’ experience. Own experience with a product is not relevant
in the specific institutional setting of Zhang (2010),
but it is likely to occur for most choice decisions
because repeat purchase behavior is quite common in
most product categories, including durables. Finally,
we model the consumer’s perception of the credibility
of product reviews and how this credibility evolves
over time.

3.

The Data

The data for this study were collected from a U.S.
company. The full sample includes consumers who
participate in a marketing program to evaluate each of
their purchases in the book category. In other words,
the data provide information on which book was
bought by a consumer at a purchase occasion and
the consumer’s reviews on each of her purchases.
The company regularly emails participants, urging
them to post reviews, and it runs other marketing
programs to ensure that all purchases are reviewed.
However, like other marketing data (such as scanner
panel data), there could be some missing observations, which we are unable to detect or trace.
A product review typically consists of the following: a review title, a review body, pros and cons
of the product, and a rating of the product on a
five-point scale. The five-point scale reads as follows.
1 = avoid it, 2 = below average, 3 = average, 4 =
above average, and 5 = excellent. In this research, we
focus our attention to studying learning behavior in
the purchases of books. Books are experience goods
and are frequently reviewed by consumers. Also, the
prevalence of advertising is expected to be much less
in books than in other frequently reviewed experience goods such as movies, so it is quite unlikely that
consumers in our data learn about product quality
from advertising. Finally, it has been established that
at an aggregate level, book reviews affect book sales
(Chevalier and Mayzlin 2006).
Next we discuss our sampling plan. Out of all books
purchased at least once in the 30-month period starting July 1999, we randomly selected 1,000 books. We
then classified each book into one of the following categories: romance (“romance”), science fiction/fantasy
(“science fiction”), mystery and crime (“mystery”),
and horror and thriller (“horror”). For the purpose
of model calibration, we followed the practice in the
learning literature of sampling heavy buyers (Erdem
and Keane 1996) and restricted ourselves to those consumers who made at least four purchases from these
1,000 books in the data period. For consumers with
fewer purchases, it is rather difficult to identify the
key pattern from noise. We model the purchase of
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the top 150 books (by the number of purchase observations) and classify the remaining 850 books into
four category-specific “other” goods. This leads to a
data set of 1,919 purchases made by 243 consumers,
including 798 purchases of the “other” goods. For the
1,919 purchase observations, the distribution of consumer ratings is as follows: 969 purchases were rated
5, 524 were rated 4, 257 were rated 3, 111 were rated
2, and 58 were rated 1. As is typical of online product
reviews, a majority of product evaluations are quite
positive. Next, we sampled all the product reviews
posted on the company’s website in the data period
for all these books and the date when each review
was posted. We finally collected data on the month
and year in which each book was released, as well as
its price. Table 1 reports the summary statistics.
Among the four genres of books, science fiction
has the largest share, followed by the genres mystery, romance, and horror. The science fiction genre
has the highest average consumer rating, followed by
the genres romance, mystery, and horror. Book rating data are important in our study for both substantive and methodological reasons. First, book ratings
measure consumer satisfaction or experience of a specific book. Following Chintagunta et al. (2009), we
employ these data in our learning model as experience signals that are used to update consumers’ quality beliefs. Because experience signals are observed
in our case, they do not need to be simulated as in
typical empirical applications where experience signals are often unobserved. This significantly reduces
the computational burden of model estimation. Second, the review information allows us to observe the
similarity between the consumer’s rating of a product
Table 1

Summary Statistics of the Data

Variables
Choice share
Buyers’ ratings of
purchased book
Mean
SD
Mean of reviewers’ ratings of
purchased books
Mean
SD
Number of reviews
Mean
SD
Time since publication
(in days)
Mean
SD
Price (in $)
Mean
SD

Science
fiction

Mystery

Horror

0.13

0053

0023

0011

4.11
1.08

4030
0095

4002
1012

3098
1016

4.18
0.33

4040
0042

4007
0060

4007
0049

16.41
21.56

18007
21065

17028
24091

17035
17031

732.99 11248041
686.97 11154045

514052
611064

758000
612043

17003
8033

15046
7082

Romance

12.33
4.30

20085
15047

and reviewers’ ratings. Such similarity enables us to
empirically study consumer learning of the credibility
of reviews. In our data, the mean of the absolute difference between the consumers’ ratings and the mean
of reviewers’ ratings on commonly reviewed books
is 0.09 (statistically insignificant), and the variance
is 1.21.

4.

The Model

In this section, we develop a structural model that
captures consumer learning about the subjective
product quality and reviewer credibility, based on
both their own and others’ usage experiences. The
general modeling context is that a consumer makes
choice decisions about which item (such as a book
title) to purchase. These items can be grouped into
different categories (such as genres). The consumer
is facing uncertainty on true product quality and the
review credibility. She updates her belief on review
credibility using her own experience and the reviews.
She then integrates her own experience with reviews
to form an expectation on the true product quality. Such expectation will then drive her choice. We
describe the model in the following order: (i) modeling consumer updating of the expected quality of
a category, (ii) modeling consumer updating of the
perceived credibility of reviews, (iii) modeling consumer integration of usage information from the self
and others, and finally, (iv) modeling consumer choice
decisions.
4.1.

Modeling Consumer Updating of
Expected Quality of a Category
First, we model how consumer i updates her belief of
the quality of category j, based on items in this category that she buys and consumes. Quality in learning models refers to only that product attribute about
which consumers are uncertain (Erdem 1998) and
which is not perfectly observable. We assume that
consumer i holds prior beliefs about the quality of
each category at each time period, which are updated
when the consumer consumes an item from that category, to form posterior quality beliefs. Consider a consumer at time t − 1 who has a prior belief of the true
category quality Aij given her information set Ii1 t−2 ,
which is distributed as follows:
2
Aij  Ii1 t−2 ∼ N4Ei1 t−2 4Aij 51 vij1
t−2 51

(1)

2
where Ei1 t−2 4Aij 5 is the mean and vij1
t−2 captures the
uncertainty of consumer i’s belief about category j at
time t − 2. The subscript  is a notation to differentiate
the perception variance from other variance parameters in the model. For example, a consumer might
have a generally positive quality perception of horror books but might be highly uncertain of this perception. As we discuss later, this uncertainty reduces
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over time as the consumer consumes items in the category j. So the more horror books the consumer reads,
the lesser this uncertainty becomes for the horror category. Next we assume that the consumer purchases
item kj at time t − 1. Her evaluation (or experience
signal) of this item after consumption is AEikj 1 t−1 . Consistent with the literature, we assume that this evaluation is normally distributed around the consumer’s
belief of the quality of category j (Aij 5 as follows
(Erdem and Keane 1996):
AEikj 1 t−1 ∼ N4Aij 1  2 50

(2a)

This is reasonable, because the consumer’s utility
for an item (and hence her choice of that item) is
affected not just by her quality beliefs but also by her
preferences for attributes for which there is no uncertainty (such as price). So consumers could purchase
books of lower quality than the category mean. The
variance  2 is referred to as experience variability.
Unlike typical learning models where consumer experience signals are unobserved, we observe evaluations
of books purchased by the consumer (measured by
a five-point discrete scale rating). We assume the following relationship between the latent experience signal AEikj 1 t−1 and the observed evaluation/rating of the
purchased book REikj 1 t−1 :
AEikj 1 t−1 ∈ 4−1 1057

if REikj 1 t−1 = 11

AEikj 1 t−1 ∈ 41051 2057

if REikj 1 t−1 = 21

AEikj 1 t−1 ∈ 42051 3057

if REikj 1 t−1 = 31

AEikj 1 t−1 ∈ 43051 4057

if REikj 1 t−1 = 41

(2b)

AEikj 1 t−1 ∈ 44051 +7 if REikj 1 t−1 = 50
The consumer uses her experience with item kj to
update her quality belief about category j. Specifically,
following Bayes’ rule, her posterior belief about the
category quality after consuming product item kj in
this category at time t − 1 is as follows:
2
Aij  Ii1 t−1 ∼ N4Ei1 t−1 4Aij 51 vij1
t−1 51

(3)

where
Ei1 t−1 4Aij 5 = Ei1 t−2 4Aij 5 + Dikj 1 t−1 Bij1 t−1
· 4AEikj 1 t−1 − Ei1 t−2 4Aij 551
1
2
vij1
t−1

=

Dikj 1 t−1

Bij1 t−1 =

2

+

1
2
vij1
t−2

2
vij1
t−2
2
2
vij1
t−2 + 

0

1

(4a)
(4b)
(4c)

Dikj 1 t−1 is a dummy variable indicating whether the
item kj is consumed by consumer i at time t − 1. Note

that if the experience signal AEikj 1 t−1 resulting from the
consumption of item kj is the same as the expected
value of category quality in time t − 2, then this
expected value remains unchanged in time t − 1. Also,
Bij1 t−1 , which denotes the relative weight of the expe2
rience signal, is greater for greater values of vij1
t−2 . In
other words, the more uncertain a consumer is about
her prior quality belief about the category, the more
she learns from consuming an item in that category.
We allow the true category qualities to be different across consumers. Specifically, we allow Aij ∼
N4Aj 1 A2 5. We assume the initial prior belief of the
true category quality to be normally distributed; i.e.,
2
Aij  Ii1 ∼ N4Ei0 4Aij 51 vij0
5. By using the assumption
of rational expectation, we have Ei0 4Aij 5 = Aj and
2
vij0
= A2 . In other words, we assume that whereas
consumer i does not know the value of her true
quality Aij in the first period, she knows that it is
normally distributed across the consumer population
as Aij ∼ N4Aj 1 A2 5. So she rationally forms her initial
prior beliefs to be the same as the population-level
distribution.
4.2.

Modeling Updating of Perceived Credibility
of Average Review by Consumers
In this section, we present a model for the credibility of information that the consumer receives from
product reviews. For any product, the consumer is
exposed to product reviews that provide information
about the quality of the product. The credibility of
this information for the consumer is unobserved to
the researcher. We model the review credibility as the
precision with which product reviews reflect the consumer’s own product evaluation. The higher the precision, the more credible is the information obtained
from product reviews for the consumer.
Specifically, let MRkj be the population mean of
the evaluations of all reviewers for the item kj . MRkj
nonsystemically deviates from consumer i’s evaluation of item kj , with the deviation following a normal
distribution:
MRkj − AEikj 1 t−1 ∼ N401 R2 50

(5)

The consumer cannot observe the product evaluations
of all reviewers but is exposed to reviews posted at
or before time t − 1. Let Ri0 kj 1 t−1 be the numerical
evaluation of a specific review of product kj posted
by reviewer i0 at or prior to time t − 1. Furthermore, R̄kj 1 t−1 and nkj 1 t−1 respectively denote the sample mean and number of reviews of product kj at
or prior to time t − 1. We assume each review to be
an unbiased signal of the population distribution of
evaluations:
Ri0 kj 1 t−1 − MRkj ∼ N401 ˜ R2 51

(6)
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where ˜ R2 is the variance of the deviation between
the evaluation of a specific review that consumer i
is exposed to and the population mean. When this
variance is large, it suggests that the review is not a
good representation of the population mean. Because
an individual can be both a consumer and a reviewer,
we assume ˜ R2 = R2 to be consistent.2
Based on Equations (5) and (6), the distribution of
the difference between the evaluation of consumer i
and the average of the evaluations of all reviews that
a consumer is exposed to is the following:
 
 
1
R̄kj 1 t−1 − AEikj 1 t−1 ∼ N 01 1 +
 2 0 (7)
nkj 1t−1 R
We earlier defined the credibility of reviews as the
precision with which product reviews reflect the consumer’s own product evaluation. It follows from
Equation (7) that the variance parameter R2 measures
the degree to which reviews are deviated from a consumer’s own experience with the same book. Consequently, 1/R2 measures the precision with which
the reviewers’ mean evaluation captures consumer i’s
own product evaluation, reflecting the similarity in
taste between the reviewers and the consumer. The
more deviated reviewers’ mean evaluation is from
consumer i’s evaluation, the less credible reviews are
to consumer i. Our modeling framework is general
enough to allow for the perceived review credibility
to be different across consumers and over time.
Next we describe how we model the evolution of
the credibility of reviews for consumer i over time.
We assume that consumer i has a prior belief of R2 at
time t − 1, which is gamma distributed:
1
I
∼ â 4i1 t−2 1 i1 t−2 50
R2 i1 t−2

(8)

i1 t−2 is the shape parameter, and i1 t−2 is the inverse
scale parameter. Both take positive values only. After
the consumer receives nkj 1 t−1 evaluations for item kj
at time t − 1 (with the mean evaluation signal being
R̄kj 1 t−1 5 and consumes the item kj to form her own
evaluation AEikj 1 t−1 , her posterior distribution of the
credibility of reviews (based on Bayes’ rule) is
1
I
∼ â 4i1 t−1 1 i1 t−1 51
R2 i1 t−1

(9)

where
i1 t−1 = i1 t−2 +
i1 t−1 = i1 t−2 +
2

We thank an
specification.

Dikj 1 t−1
2

1

and

Dikj 1 t−1 4R̄kj 1 t−1 − AEikj 1 t−1 52
241 + 1/nkj 1 t−1 5

anonymous

reviewer

for

(10a)
0

(10b)

suggesting

this

The extent of updating of the scale parameter of consumer i is proportional to the deviation between the
reviewers’ mean evaluation and consumer i’s own
evaluation of the item. Also, the greater the number
of reviews that consumer i is exposed to, the greater
the level of updating will be.
4.3.

Modeling Integration of the Consumer’s Own
Experience and Reviews
So far, we have discussed how consumers update
their perception of the quality of a category when
they consume a product from that category. We have
also presented a general model of the credibility of
product reviews for the consumer. Next, we describe
how the consumer uses the two sources of information (own experience and product reviews) to choose
an item to buy. Suppose the consumer is making a
purchase decision on an item kj∗ at time t. One source
of relevant information is her belief of the quality of
category j at time t − 1. From Equation (2a), we know
that the evaluation of item kj∗ for consumer i is normally distributed around the category quality belief
Aij as follows:
AEikj∗ t ∼ N4Aij 1  2 50

(11a)

We also know from Equation (1) that the prior category quality belief at time t − 1 is distributed as
follows:
2
Aij  Ii1 t−1 ∼ N4Ei1 t−1 4Aij 51 vij1
t−1 50

(11b)

Equations (11a) and (11b) together imply that
AEikj∗ t ∼ N4Ei1 t−1 4Aij 51  2 + vij1 t−1 50

(11c)

The other source of information is the evaluation
of item kj∗ by reviewers. We assume that consumer i
forms an expectation of the credibility of reviews
(captured by the variance parameter R2 5. We also
know from Equation (8) that 1/R2 ∼ â 4i1 t−1 1 i1 t−1 5.
Based on this, consumer i forms the following expectation of credibility at time t − 1:
Ei1 t−1 4R2 5 =

i1 t−1
0
i1 t−1 − 1

(12a)

This expectation combined with Equation (7)
clearly implies that the mean evaluation of item kj∗ by
reviewers is distributed as follows:




i1 t−1
1
R̄kj∗ t ∼ N AEikj∗ t 1 1 +
0
(12b)
nkj∗ 1 t−1 i1 t−1 − 1
Then based on the Bayes rule, Equations (11c)
and (12b), the expected quality of item kj∗ t for consumer i at time t, is normally distributed with the
following mean and variance:
Eit 4AEikj∗ t 5 = Wikj∗ 1 t−1 Ei1 t−1 4Aij 5+41−Wikj∗ 1 t−1 5R̄kj∗ t , (13a)
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Varit 4AEikj∗ t 51
=

1
2
1/4 2 +vij1t−1
5+44i1t−1 −15/i1t−1 5/41+1/nkj∗ 1t−1 5

1

prior to purchase, we assume that she decides based
on the following expected utility:
Eit 4Vikj∗ t 5 = − Eit 6exp4−rˆi i AEikj∗ t 57

(13b)

· exp6−rˆi 4Xikj∗ t i + ikj∗ t 570

WEikj∗ 1 t−1 1
=

2
5
1/4 2 +vij1t−1

0

2
5+44i1t−1 −15/i1t−1 5/41+1/nkj∗ 1t−1 5
1/4 2 +vij1t−1
(13c)

The expected quality of the item depends on the consumer’s perception of the expected quality of the category to which the item belongs and the reviews
posted for that item. The mean and variance of the
distribution of expected item quality both affect the
consumer’s expected utility for the item. She then
decides on which item to buy based on her expected
utilities across items in various categories.
We now present the specification for initial parameters 4i0 1 i0 5 related to consumer learning from
reviews. Following Equation (12a), we have i0 =
4i0 − 15Ei0 4R2 5; i0 indicates the magnitude of richness of consumer i’s initial experience. Intuitively,
an inexperienced consumer should have lower i0
compared with an experienced customer. Ei0 4R2 5 represents consumer i’s initial uncertainty of reviews.
To obtain stable and theoretically meaningful estimates, we estimate 4i0 1 Ei0 4R2 55 instead of 4i0 1 i0 5.
Moreover, since i0 and Ei0 4R2 5 are both positive,
2
we assume log4i0 5 ∼ N4M0 1 V0
5 and log4Ei0 4R2 55 ∼
2
N4MR0 1 VR0 5. We allow for heterogeneity across consumers in their initial credibility of reviews. Next
we present our model for the consumer’s decisionmaking process of what item to purchase.
4.4. Modeling Consumer Choice Decisions
We discuss our utility-maximization-based approach
of modeling how a consumer chooses to buy an item
in the presence of information from her own experience with the category the item belongs to, and information from product reviews. Following Chintagunta
et al. (2009), we assume that consumer i’s utility for
item kj∗ can be written as3


Vikj∗ t = − exp −rˆi 4i AEikj∗ t + Xikj∗ t i + ikj∗ t 5
(14)
where rˆi is the risk aversion parameter and i is the
quality weight (both are greater than 0), Xikj∗ t is a vector of covariates such as price, and i is the vector
of coefficients of Xikj∗ t ; ikj∗ t is the extreme value error.
Because the consumer cannot observe product quality

(15)

Based on the theory of moment-generating function for normal distribution, this expression for the
expected utility simplifies to the following:
Eit 4Vikj∗ t 5


=−exp −rˆi i 6Eit 4AEikj∗ t 57+ 21 4rˆi i 52 6Varit 4AEikj∗ t 57


·exp −rˆi 4Xikj∗ t i +ikj∗ t 5

=−exp −rˆi 86i Eit 4AEikj∗ t 57− 21 rˆi 4i 52 6Varit 4AEikj∗ t 57
+Xikj∗ t i +ikj∗ t 9 0

(16)

The details of how Eit 4AEikj∗ t 5 and Varit 4AEikj∗ t 5 depend
on the consumer’s own experience with category j,
and with reviews posted for the item kj∗ , were presented in Equation (13). The consumer maximizes the
expected utility, which is equivalent to maximizing
the following:
Uikj∗ t = Ûikj∗ t + ikj∗ t = i 6Eit 4AEikj∗ t 57
− ri 6Varit 4AEikj∗ t 57 + Xikj∗ t i + ikj∗ t 1

(17)

where ri = 41/25rˆi 4i 52 .
It is important to account for unobserved heterogeneity in consumer preferences, especially in
models of learning (Shin et al. 2011). Accordingly,
we model unobserved heterogeneity of the model
parameters across consumers as follows: log4i 5 ∼
¯ r2 5, Aij ∼ N4Aj 1 A2 5, and i ∼
N41
¯ 2 5, log4ri 5 ∼ N4r1
¯ è5, where è is a diagonal variance matrix.
MVN41
Finally, the utility of the “other” good oj in category
j is specified as
Uioj t = Oj + ioj t 1

(18)

where Oj is the category-specific intercept for the
“other” good.
It is plausible that the utilities of items within a
category are correlated because of unobserved variables. To account for this possible correlation within
a category, we adopt a nested logit specification. If 
is a measurement of this correlation (within nests
or categories), we can write the probability of consumer purchasing product kj∗ , conditional on the consumer purchasing category j as follows (Berry 1994,
Train 2003):

3

We also tested the utility function specification following Erdem
and Keane (1996). However, the exponential specification leads to
a better model performance, and hence we decided to adopt this
specification.

exp4Ûikj∗ t /41 − 55
0
P 4Dikj∗ t = 1  Dijt = 15 = P
0
k0 exp4Ûik t /41 − 55
j

(19)
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Furthermore, the unconditional probability of the consumer purchasing from category j is given by
P
6 k0 exp4Ûik0 t /41 − 5571−
j
0
(20)
P 4Dijt = 15 = P P
1−
0
j 0 6 k0 exp4Ûik 0 t /41 − 557
j

The unconditional probability of buying item kj∗ is
obtained by simply multiplying the two probabilities
above. This completes the description of the model.
We include two covariates in the model: the price
of the book and the time elapsed since publication
(in days) for each book. The average price of a book in
the science fiction genre is the greatest among the four
genres, followed by mystery, horror, and romance.
We predict that demand may be negatively correlated
with the time since publication because publishers
often invest more resources in marketing a book when
it is launched. Among the four genres, mystery books
are the latest releases, followed by books in the horror,
romance, and science fiction genres. It is plausible that
temporal variations in the reviews of a book might
lead the online retailer and/or the publisher to change
prices. However, we are unable to find any evidence
of this on the website from which we obtained data.
4.5.

Model Identification, Estimation,
and Comparison
We first discuss specific features of our data that
enable model identification. Our data set is different from other data used in the learning literature
(e.g., scanner data and physician prescription data)
in that we observe two separate pieces of information, one being the consumer’s own experience signal (unbiased predictor of consumer preference), i.e.,
her rating of a book after consumption; and the other
being reviewers’ ratings of the same book. The two
pieces of information allow us to separately identify
consumer learning from the self and from reviewers.
Also, because we observe consumers’ postconsumption evaluations (i.e., book ratings), we are able to
separately identify J intercepts, i.e., an intercept for
each genre. In a standard choice model with J choice
options, we can only identify J − 1 intercepts without any additional information. Our approach directly
follows Chintagunta et al. (2009). In their paper, the
authors integrate customer satisfaction data into a
learning model and use satisfaction data to infer quality perceptions.
In our empirical context, we observe the buyer’s
book rating, which is a good indicator of the perceived quality AEijt . It is well known that the variance of utility weight, experience variability, and
variance of risk reversion cannot be jointly identified
because of the “invariance scale” problem in classical learning models (Erdem 1998). The common solution for this problem is to fix the variance of utility
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weight to 1. However, because we have indirect information on the consumer’s perceived quality in our
context, we can identify these three variances without
any additional constraint.
We next explain the intuition on the identification
of quality weight and risk aversion coefficients from
the prior quality belief. Quality weight and risk aversion coefficients do not vary over time, and therefore their effect on choice is persistent. However, the
effect of prior quality belief on choice (based on the
Bayesian updating theory) is decreasing over time.
In other words, the effect of prior is more significant
in the first few observations but minimal in the long
term. These different patterns allow us to achieve the
identification. Separate identification of these three
parameters has been widely adopted in the learning
literature. Because we can identify the quality weight
parameter and the risk aversion parameter at the individual consumer level given the panel data, we can
then identify the unobserved heterogeneity in these
parameters across consumers. We ran some simple
regressions and found some evidence on the effect
of average review ratings and number of reviews on
consumer choices.
The rationale for identifying the risk aversion coefficient from quality weight is as follows. The risk aversion coefficient measures the consumer’s sensitivity to
her uncertainty on product or quality, and this uncertainty mainly depends on number of previous purchases in the same category and number of reviews
for the product or book (please refer to Equations (4b)
and (13b)). However, quality weight measures the
consumer’s sensitivity to her evaluation on the product quality, and this evaluation mainly depends on
her ratings on her previously purchased books in the
same category and reviewers’ ratings on the book
(please refer to Equations (4a) and (13a)). Namely, the
risk aversion coefficient and quality weight measure
effects on two completely different variables, so we
can separately identify them.
Finally, quality weights are separately identified
from the true mean qualities in standard learning
models, through the functional form of the distribution and by fixing the variance of the quality weight
across consumers to be 1 (Erdem 1998). In addition,
in our case, we observe consumer experience signals,
i.e., the product ratings, which help us make inference on true mean quality. Thus, the true mean quality and the observed choices data jointly identify the
quality weight.
We used the simulated maximum likelihood
method to estimate the model because the discrete
choice probabilities needed to construct the likelihood
functions involve high-order integrals over the random variables (e.g., Keane 1993, Hajivassiliou and
Ruud 1994). We used the quasi-Newton method to
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Model Simulation Results

Parameter

Table 3
True
value

Mean
estimate (SE)

True mean quality
Aj=1 (romance)
Aj=2 (science fiction)
Aj=3 (mystery)
Aj=4 (horror)

200
205
300
305

10893
20476
20976
30528

(0.061)
(0.044)
(0.034)
(0.029)

Intercept (“Other” goods)
Oj=1 (romance)
Oj=2 (science fiction)
Oj=3 (mystery)
Oj=4 (horror)

300
300
300
300

30068
20991
30121
20980

(0.197)
(0.192)
(0.196)
(0.202)

100
−005
−005
005

00980
−00624
−00467
00575

(0.038)
(0.245)
(0.030)
(0.047)

005
005
005
005
005
100
000
203
007

00502
00489
00354
00493
00536
00871
−00039
20186
00567

(0.018)
(0.027)
(0.101)
(0.030)
(0.034)
(0.093)
(0.109)
(0.221)
(0.279)

Utility parameters
¯ (utility weight)
r¯ (measure of risk aversion)
¯1 (coefficient of price)
¯2 (coefficient of “time since publication”)
Other parameters
A (SD in true category quality)
 (SD in true utility weights)
r (SD in true risk aversion)
1 (SD in price coefficient)
2 (SD in coefficient of time since publication)
j (SD of experience variability)
logit() (correlation among category utilities)
log40 5 (credibility parameter)
log40 5 (credibility parameter)

In-Sample Model Fit Comparison

maximize the log-likelihood function. The BHHH
algorithm (Berndt et al. 1974) is employed to approximate the Hessian. To demonstrate that the proposed
model is completely identified and that the estimation procedure is valid, we conducted a simulation
study. We drew a set of covariates from a standard
normal distribution and assigned “true” values for all
model parameters. On estimating the model, based
on the method described above, we find that we are
able to statistically recover the true values for all
parameters. Table 2 reports the true values and the
estimates of all parameters. The 95% confidence intervals of all estimates contain the corresponding true
parameter values, suggesting that our model is identified and the proposed estimation procedure is valid.
We repeated the simulation exercise with several different sets of parameter values and find consistently
unbiased estimates.
We estimated three models (the proposed model
and two nested versions of the proposed model).
Model 1 is the baseline model where we include
the two covariates but do not incorporate learning.
Model 2 incorporates learning from consumers’ own
experiences with each genre of books. Model 3 is our
proposed model where we account for both learning from the self and learning from others. Table 3
reports the in-sample fit statistics of the three models.
Models 2 and 3 both perform better than model 1.
So incorporating learning from the self and others,

Learn from
self

Learn from
others

AIC

BIC

N
Y
Y

N
N
Y

291332082
291313044
291139042

291427033
291419007
291267029

Model 1
Model 2
Model 3 (proposed)

both improve model performance. Furthermore, irrespective of the fit statistic (log likelihood, Akaike
information criterion (AIC), or Bayesian information
criterion (BIC)), there is a greater improvement in
model performance from model 2 to model 3, than
from model 1 to model 2. This suggests greater learning from product reviews than learning from own
experience, which is to be expected. It may be recalled
that we model consumer learning from own experience with respect to each book genre and model consumer learning from others with respect to the focal
book title. Compared with the uncertainty about a
genre, a consumer is likely to be much more uncertain about the match of his or her own taste with a
specific book.
Next we compare the out-of-sample predictive ability of the three models (see Table 4). For this purpose,
we draw a random holdout sample of 368 purchase
observations (10% of our data), estimate the model on
the remaining data, and compute fit statistics based
on the holdout sample. We employ two measures: “hit
rate (book)” is defined as the proportion of book purchases which are correctly predicted by the model,
and “hit rate (category)” is defined as the proportion of purchases for which the model correctly predicts the category from which this book is purchased.
Across both metrics, models 2 and 3 perform better
than model 1. The improvement in hit rate is greater
between models 3 and 2, than between models 2
and 1. So although modeling learning both from oneself and from others is important for the predictive
performance of the model, gains in predictive performance are much greater from modeling learning from
others. This provides converging evidence that in our
data, there is greater learning from others than from
the consumer’s own past experience.
Table 4

Out-of-Sample Model Fit Comparison

Model 1
Model 2
Model 3
(proposed)

Hit rate
(book) (%)

Relative
increase
(book) (%)

Hit rate
(category) (%)

Relative
increase
(category) (%)

4040
4075
4097

NA
7095
12095

35004
35020
37004

NA
0046
5071

Notes. Note that the hit rate at the book level based on the random choice
rule is 0.65% (=1/154), and the hit rate at the category level based on the
random choice rule is 25% (=1/4). Compared to these benchmarks, all of
our presented models perform reasonably well.
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To demonstrate the value of our structural approach, we compare our proposed model to a reducedform model that incorporates the same set of information. This is an expanded version of model 1 with the
following covariates: genre-specific intercept, average
rating of the book prior to the purchase, number of
reviews posted prior to the purchase, average rating of the books in the category the book belongs
to prior to the purchase, genre-specific state dependence effect, price, and time since publication. We
find that our proposed model provides higher hit
rates (4.97% at the book level and 37.04% at the category level) than the reduced-form model (4.77% at
the book level and 35.88% at the category level).
This clearly demonstrates the importance of modeling
the underlying learning mechanism to gain a deeper
understanding about the impact of product reviews.

5.

proposed model (model 3) and its two nested versions (models 1 and 2). The relative magnitudes of
the estimated true mean quality levels are generally
consistent with the market shares of the four genres
of books. The mean quality of the genre with greatest
market share (science fiction) is estimated to be the
greatest. Overall, the mean quality estimates for the
four genres across the three models are not very different. This is because the genre-specific mean quality is inferred from the consumer book review data,
which are the same across three models. One difference is that the inference on genre-specific mean quality in models 2 and 3 also utilizes consumer book
choice data through the initial prior specification.
The intercept estimates for the “other” goods have
some noticeable changes. This is due to the different
estimates of the utility weight and risk aversion coefficient across models. For example, the intercept estimates are much smaller in model 3 than in model 1.
This is mainly due to the significant risk coefficient
we found. In model 1, the risk coefficient is fixed to
be 0 since we did not model any learning or uncertainty there, whereas in model 3, the risk coefficient
estimate is significant. In model 3, the risk aversion

Results and Managerial
Implications

5.1. Results
Next we discuss the parameter estimates and associated insights. Table 5 reports the estimates from our
Table 5

Parameter Estimates (Mean and Standard Error)

Parameter

Model 1

Model 2

Model 3

True mean quality
Aj=1 (romance)
Aj=2 (science fiction)
Aj=3 (mystery)
Aj=4 (horror)

40248
40514
40198
40207

(0.106)
(0.072)
(0.096)
(0.112)

40406
40845
40359
40308

(0.131)
(0.087)
(0.108)
(0.134)

40478
40746
40270
40218

(0.111)
(0.064)
(0.093)
(0.111)

Intercept (“other” goods)
Oj=1 (romance)
Oj=2 (science fiction)
Oj=3 (mystery)
Oj=4 (horror)

40067
50009
40099
30458

(0.363)
(0.352)
(0.377)
(0.369)

10716
20616
10837
10150

(0.531)
(0.526)
(0.521)
(0.530)

−130277
−120372
−130196
−130887

(0.498)
(0.495)
(0.498)
(0.503)

−00591 (0.147)
—
00076 (0.900)
−00665 (0.075)

−20208
−00198
00042
−00626

(0.621)
(0.313)
(0.528)
(0.072)

−20199
20350
00014
−00768

(0.685)
(0.062)
(0.534)
(0.084)

00752 (0.062)
00343 (0.081)
—
00031 (1.808)
00811 (0.087)
10260 (0.025)
00013 (0.079)

00871
10526
00367
00032
00753
10241
00005

(0.064)
(0.532)
(0.120)
(0.304)
(0.076)
(0.034)
(0.060)

00502
00495
00060
00004
10032
10329
00012

(0.026)
(0.229)
(0.025)
(0.367)
(0.091)
(0.033)
(0.055)

60125
10379
10886
00398

(0.929)
(0.596)
(0.118)
(0.052)

Utility parameters
¯ (utility weight)
r¯ (log(risk aversion))
¯1 (coefficient of price)
¯2 (coefficient of
time since publication)
STD and correlation parameters
A (SD in true category quality)
 (SD in true utility weights)
r (SD in true risk aversion)
1 (SD in ¯1 5
2 (SD in ¯2 5
 (experience variability)
 (correlation in crosscategory utilities)
Parameters related to learning on reviews
M0 (mean of initial log455
V0 (SD of initial log455
MR0 (mean of initial log4E4R2 555
VR0 (SD of initial log4E4R2 555

—
—
—
—

Note. Statistically significant estimates (p < 0005) appear in bold.

—
—
—
—
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suggested that the expected utility of each of the four
genres of the books will incur a negative component
(i.e., risk coefficient times the expected variance, and
there is a negative sign in front of the risk coefficient
in our model specification). This negative component will drive down their expected utility, given that
the expected mean quality is mainly inferred from
the observed review ratings (i.e., they will not offset the negative component). For the simulated choice
shares to be consistent with what is observed from
the data, the intercept estimates of the four “other”
goods in model 3 are smaller.
The three models yield very different estimates of
the mean utility weight parameter .
¯ Specifically, we
find that the parameter estimates from the model
that ignores learning from both the self and others (model 1) are biased upwards. The risk aver¯ is found to be significant in both
sion parameter, r,
model 2 (= exp4−001985) and model 3 (= exp4203505).
Also, we find that irrespective of model specification,
consumers are heterogeneous in their risk aversion
(r is significant for both models 2 and 3). Similarly,
model 2 overestimates the initial consumer uncertainty of true quality (vij1 t=0 5. However, the magnitude of such uncertainty is not substantial. This is
consistent with our finding of limited consumer learning from their own experience of books of the same
genre. This implies that most of quality uncertainty is
with respect to the subjective quality of the specific
book title, which is what incentivizes an individual
consumer to learn from product reviews. Furthermore, all models produce a significant estimate of
experience variability (), suggesting that consumer
experience only provides a noisy signal of the true
product quality. Finally, the correlation parameter in
the nested-logit specification is insignificant in all
three models.
We now report the effects of the two covariates we
incorporate in our application: price and time since
publication. To capture the nonlinearity effect of time
since publication, we include the log-transformed
time since publication. Across all three models, we
find that the price coefficient is insignificant, suggesting low sensitivity to prices in book choices.
This could perhaps be driven by low variance in
prices across books (see Table 1). As predicted, books
that have been published more recently are preferred.
Both nested models overestimate this coefficient, providing further evidence of the importance of accounting for learning from reviews in choice models.
A unique feature of our model is that it accounts
for the credibility of reviews and allows it to vary
across consumers. Credibility is measured by 1/R2
(i.e., precision), where R2 is a measure of uncertainty
about reviews posted by reviewers. The initial credibility coefficient is modeled as 1/Ei0 4R2 5. Our estimates of mean and standard deviation for log4Ei0 4R2 55
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are 1.886 (SD = 00118) and 0.398 (SD = 00052), respectively. The large and significant standard deviation
for log4Ei0 4R2 55 suggests that review credibility is substantially heterogeneous. The mean of log4i0 5, magnitude of richness of experience, is 6.125 (SD = 00929),
which indicates that most consumers have experience
buying books. However, high and significant standard deviation of log4i0 5 suggests our data might
include some novices as well.
In summary, the following are the unique findings
of this research: (a) there is a significant amount of
consumer learning from online reviews of book titles,
much more than that from consumers’ own experience with other books in the same genre; (b) based on
the similarity between reviews for a book and their
own evaluation of that book, consumers update their
beliefs about the credibility of product reviews over
time; and (c) not accounting for consumer learning
from others leads to biased inferences of the effects of
some covariates on choice.
5.2. Counterfactual Simulations
A key benefit of adopting a structural modeling
approach to understand the effect of product reviews
is that we are able to estimate the effects of firms’
marketing policies and reviewer behavior on consumer choice and market share. To illustrate the managerial relevance of this research, we present two
simulations.
Simulation 1. The objective of this counterfactual
experiment is to illustrate how our modeling framework can help firms evaluate the profitability of
offering product review incentives. Our managerial
context is that of a firm that manages word-of-mouth
activity (Godes and Mayzlin 2009) by incentivizing
consumers to post online product reviews. In many
industries such as retail and lodging, consumers are
incentivized to write a review to share their experiences. Firms such as Amazon, Apple, Macy’s, and
Walmart are known to regularly request their consumers to post product reviews. Consider a book
retailer (or publisher) whose gross margin of selling
a book is x% of the selling price (P ), and the average
cost of incentivizing a consumer to post one product review is y% of the selling price. As is typical
of word-of-mouth marketing campaigns, we assume
that the firm cannot control the content of the review
posted by the reviewer but can incentivize consumers
to post more reviews. If the market size is M units,
it follows that the profit increase as a result of v
additional reviews is given by 4ãM5xP − vyP , where
ãM is the increase in demand as a result of v product reviews. So the former term in the expression
for profit increase denotes increase in revenue, and
the latter term denotes the marketing expenditure
incurred by the publisher.
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Based on this setup, we estimate the profit impact
of increased customer reviews for a representative
book (with all attributes set at mean levels in our
data). We assume the marketing expenditure associated with an additional product review, y = 10%,
and a conservative market size M of 10,000 units.
We then conduct policy simulations by estimating
changes in market share, and consequent changes
in profits, at varying levels of product margins (we
vary x = 10%, 12%, and 14%, based on book industry
norms) and varying numbers of additional reviews
(we vary v = 10, 201 0 0 0 1 100). The market share of
a representative book with the number of reviews
equaling the mean number of reviews per book in our
data is estimated to be 1.13%.
Results of policy simulations appear in Table 6, and
there are three key findings. First, as expected, there
are diminishing returns to increasing the number of
reviewers. Increasing the number of reviewers from 0
to 10 has a much greater profit impact than increasing the number of reviewers from 90 to 100. Second,
although increasing reviewers always leads to greater
market share, it might lead to lower profits. For example, the policy of spending 10% of the book price
on incentivizing an additional review leads to lower
profits if the number of reviews increases by 70 and
if the profit margin is 10%. Third, there is an optimum number of product reviews that the firm should
spend on to maximize profits. For example, if the
profit margin is 14%, the optimal number of reviews
is 40. These results are consistent with the mechanism
of Bayesian learning, as uncertainty is greater initially
and reduces over time as the consumer gains more
experience with the genre and is exposed to more
numerous reviews. From a managerial perspective,
this suggests that although all product reviews have
a positive effect on market share, reviews that are
posted earlier have a greater effect than those posted
Table 6
Increase in
the number
of reviews
00
10
20
30
40
50
60
70
80
90
100

Effect of Increasing Product Reviews on Profits
Market
share
(in %)
1013
1026
1036
1041
1045
1045
1045
1046
1046
1046
1047

Profit increase
as % of baseline profit
Margin = 10%
0000
7008
11068
11050
10062
6019
1077
−1077
−6019
−10062
−14016

Margin = 12%

Margin = 14%

0000
7082
13016
13072
13057
9088
6019
3039
−0029
−3098
−6078

0000
8034
14021
15030
15068
12052
9036
7008
3092
0076
−1052

Note. Baseline profit is the profit when the number of reviewers is the same
as the sample mean.

later. Firms spending marketing dollars for incentivizing people to post reviews might wish to consider this
dynamic effect of reviews on market share. It would
be rational for firms to pay more for eliciting earlier
reviews than for later reviews.
Simulation 2. Fake reviews are receiving an increasing amount of attention by practitioners (Streitfeld
2011, Helft 2010). Some firms hire consumers to write
fake reviews to spread more positive marketing communication. Our model provides a tool to understand
the impact of this practice. Because fake reviews are
more positive than authentic reviews, there should
be a greater discrepancy between fake reviews of a
product and the consumer’s own experience of that
product, which will increase consumer uncertainty.
Intuitively, such increased consumer uncertainty may
reduce the effect of reviews because of the lowered
credibility of reviews.
Consider four online retailing platforms selling the
same books. One has only authentic product reviews
(termed “authentic”), and the other three have a 25%,
50%, or 75% chance of getting fake reviews (termed
“fake”), respectively. For authentic reviews across the
four platforms, we set the mean quality of each book
as 4. Fake reviews are assumed to have a rating of 5,
because they are always very positive. The experience
signals of a new consumer who buys from these platforms are drawn from the distribution N441  2 5. For
each platform, we consider two subconditions: one
involves customers with less prior experience (0 = 5)
and the other involves customers with more prior
experience (0 = 50). For each platform and under
each of the two conditions, we simulate the path of
the degree of uncertainty (Eit 4R2 5) perceived by the
consumer as she purchases more books. Some patterns suggest the following. In the fully authentic
platform (the dark lines in Figures 1–3), the uncertainty first decreases (as a result of learning from
one’s own experience) and then levels off. In the fake
platforms, the consumer is exposed to a combination of fake and authentic reviews. We find that her
uncertainty increases significantly as she purchases
more books. This analysis demonstrates that fake
reviews increase consumer uncertainty.4 Furthermore,
the effect of fake reviews on consumer uncertainty
becomes larger as the likelihood of getting a fake
review increases and/or the consumer prior experience decreases.
Next we illustrate how the effect of reviews differs across the four platforms. We first examine the
effect of increased review ratings of a book when the
consumer makes her 21st purchase on each platform
(Figures 1–3). We know that this consumer perceives
4

We set all model parameters at their mean level.
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Figure 1

The Effect of Fake Reviews on Consumer Uncertainty
(25% Fake Reviews)

Figure 2

The Effect of Fake Reviews on Consumer Uncertainty
(50% Fake Reviews)
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(b) 0 = 50
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all reviews on the fake platforms to be less credible than those on the authentic platform. We compute the relative change in the choice probability5
of a book when its product ratings are increased by
one standard deviation (but everything else is held
constant). The consumer is exposed to only authentic reviews for this book on all four platforms. We
repeat this exercise for each of the 150 books in our
data and then calculate the average. As shown in
Table 7, exposure to fake reviews reduces the effect
of subsequent reviews, even when the subsequent
reviews are authentic. This is because the consumer
perceives all reviews on the fake platforms to be
less credible, irrespective of whether they are fake or
authentic.
We also examine the effect of increased number of
reviews of a book on its choice probability on each
platform. We perform the same analysis as before,
5

9

Purchase occasion

(b) 0 = 50

6.0

7

The choice probability change is calculated as (choice probability
under the increased rating − choice probability under the current
rating)/(choice probability under the current rating).

7

9

11

13

15

17

19

21

Purchase occasion

with the exception that instead of increasing the ratings of the book, we increase the number of its reviews
by one standard deviation. Our findings suggest that
fake reviews tend to reduce the effect of more numerous reviews, even when the additional reviews are
authentic.
In summary, we find that the marginal effect of
more positive ratings on choice probability is lower
on platforms where fake reviews are common. The
marginal effect of increased number of reviews is also
reduced as a result of prior exposure to fake reviews.
This illustrates the detrimental effect of the practice
of untruthful user-generated content.

6.

Conclusion

Marketing researchers have studied how consumers
learn about product quality from several stimuli.
Structural models of learning have been employed
in the context of consumers’ usage experience
(Roberts and Urban 1988), advertising exposure
(Erdem and Keane 1996, Ackerberg 2003, Byzalov and
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Figure 3

The Effect of Fake Reviews on Consumer Uncertainty
(75% Fake Reviews)
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(b) 0 = 50
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Shachar 2004), umbrella branding (Erdem 1998),
physician detailing in the pharmaceutical industry
(Narayanan et al. 2005), and learning from observing
choices made by other consumers (Zhang 2010). In
this research, we propose a structural model of learning from a source of product-related information that
is becoming increasingly ubiquitous—online product
reviews.
The context of our research is consumer choice
of experiential products such as books, music, and
movies. A unique characteristic about this phenomenon is that it entails numerous sources of
Table 7

Average Market Share Change as a Result of Increased
Ratings and Increased Numbers of Reviews (in %)

Increased rating
of reviews
Increased number
of reviews

Fake review
(0%
probability)

Fake review
(25%
probability)

Fake review
(50%
probability)

Fake review
(75%
probability)

8010

5075

4037

3079

23011

22033

19094

18046
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product information. In other words, a consumer is
typically exposed to reviews posted by other consumers. It is plausible that the credibility of the
reviews evolves over time as the consumer gains more
direct experience and has more opportunities to evaluate how well reviews predict her own preference.
We propose a very generalized specification of modeling review credibility such that the credibility of product reviews is allowed to vary over time for the same
consumer (as she gains more direct experience) and
across different consumers. Another feature of experiential goods purchases is limited repeated purchase
of the same product item but significant experience
with other products of the same type. Accordingly, we
model consumer learning from their own experience
with other products of the same type.
Our analysis leads to several unique findings. Consumers learn more from reviews of a given product
than they do from their own past experience of similar products. Consumers update their beliefs of the
credibility of reviews based on their own experiences
and ratings from reviews on the same books, so that
learning from reviews varies across consumers and
also over time. We demonstrate how our model can be
used for decisions pertaining to word-of-mouth marketing. Specifically, we compute the profit impact of
increasing the number of reviews when firms need
to spend marketing resources in incentivizing consumers to post reviews. We find strong evidence of
diminishing effects of product reviews on profits;
a firm could even incur losses when investing in a
sufficiently large number of product reviews for lowmargin products. In another policy simulation, we
examine the issue of fake reviews. We consider two
types of online retailing platforms, one of which has
only authentic product reviews (termed authentic),
and the other has a possibility of getting fake reviews
(termed fake). We find that fake reviews increase
consumer uncertainty. The effects of more positive
reviews and more numerous reviews on consumer
choice are lower on online retailing platforms that
have fake product reviews.
This research marks the first attempt to incorporate
a novel source of product information into structural
models of consumer learning. As such, our findings
are neither without limitations nor comprehensive.
There are several limitations in this study, suggesting future research opportunities. First, we study
a single-attribute learning context (based on genre).
However, our model is sufficiently general and can
be readily extended to capture learning on multiple
attributes (based on genre, author, etc.). Second, we
model the difference between the consumer experience signal and the average review rating to be 0.
This assumption can be relaxed to specifically model
consumer-perceived review bias. Third, our data are
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not commonly available because they include consumers who evaluate all of their purchases. In the
case when only a fraction of consumer purchases are
evaluated, we can treat consumer experience signals
on those unevaluated products as latent variables and
integrate them out in model inference as in a standard
learning model. Fourth, despite the associated computational burdens, it might be interesting to study
whether consumers adopt forward-looking behavior
in the context of the purchase of experiential products.
Finally, although we model learning from consumer
reviews posted on a major website that hosts such
information, the presence of alternative sources of
learning, such as advertising, off-line word of mouth,
and product reviews from other websites, cannot be
ruled out. This issue of incomprehensive data sets is
perhaps generic to all research on consumer learning.
We hope that this study will stimulate further interest in this challenging, interesting, and increasingly
important research area.
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