UC Riverside
UC Riverside Previously Published Works

Title
The Economic Value of Online Reviews

Permalink
https://escholarship.org/uc/item/5970d4cd

Journal
Marketing Science, 34(5)

ISSN
0732-2399

Authors

Wu, Chunhua
Che, Hai
Chan, TatyY

Publication Date
2015-09-01

DOI
10.1287/mksc.2015.0926

Peer reviewed

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/5970d4cq
https://escholarship.org/uc/item/5970d4cq#author
https://escholarship.org
http://www.cdlib.org/

This article was downloaded by: [140.182.74.220] On: 24 September 2015, At: 17:00
Publisher: Institute for Operations Research and the Management Sciences (INFORMS)
INFORMS is located in Maryland, USA

A

VEARKIZTIN
&}Iﬂll\:l[\t{ll i Publication details, including instructions for authors and subscription information:
LALELL VLAL http://pubsonline.informs.org

Marketing Science

The Economic Value of Online Reviews

Chunhua Wu, Hai Che, Tat Y. Chan, Xianghua Lu

To cite this article:
Chunhua Wu, Hai Che, Tat Y. Chan, Xianghua Lu (2015) The Economic Value of Online Reviews. Marketing Science
34(5):739-754. http://dx.doi.org/10.1287/mksc.2015.0926

Full terms and conditions of use: http://pubsonline.informs.org/page/terms-and-conditions

This article may be used only for the purposes of research, teaching, and/or private study. Commercial use
or systematic downloading (by robots or other automatic processes) is prohibited without explicit Publisher
approval, unless otherwise noted. For more information, contact permissions@informs.org.

The Publisher does not warrant or guarantee the article’s accuracy, completeness, merchantability, fitness
for a particular purpose, or non-infringement. Descriptions of, or references to, products or publications, or
inclusion of an advertisement in this article, neither constitutes nor implies a guarantee, endorsement, or
support of claims made of that product, publication, or service.

Copyright © 2015, INFORMS

Please scroll down for article—it is on subsequent pages

inf

INFORMS is the largest professional society in the world for professionals in the fields of operations research, management
science, and analytics.
For more information on INFORMS, its publications, membership, or meetings visit http://www.informs.org

RIGHTS LI N '-"l}


http://pubsonline.informs.org
http://dx.doi.org/10.1287/mksc.2015.0926
http://pubsonline.informs.org/page/terms-and-conditions
http://www.informs.org

MARKETING SCIENCE

Vol. 34, No. 5, September—October 2015, pp. 739-754
ISSN 0732-2399 (print) | ISSN 1526-548X (online)

1 liorms |

http://dx.doi.org/10.1287 /mksc.2015.0926
©2015 INFORMS

The Economic Value of Online Reviews

Chunhua Wu

Sauder School of Business, University of British Columbia, Vancouver, British Columbia V6T 172, Canada,
chunhua.wu@sauder.ubc.ca

Hai Che
Kelley School of Business, Indiana University, Bloomington, Indiana 47405, haiche@indiana.edu
Tat Y. Chan

Olin Business School, Washington University in St. Louis, St. Louis, Missouri 63130, chan@wustl.edu

Xianghua Lu
School of Management, Fudan University, 200433 Shanghai, China, Ixhua@fudan.edu.cn

his paper investigates the economic value of online reviews for consumers and restaurants. We use a data set

from Dianping.com, a leading Chinese website providing user-generated reviews, to study how consumers
learn, from reading online reviews, the quality and cost of restaurant dining. We propose a learning model with
three novel features: (1) different reviews offer different informational value to different types of consumers;
(2) consumers learn their own preferences, and not the distribution of preferences among the entire population,
for multiple product attributes; and (3) consumers update not only the expectation but also the variance of
their preferences. Based on estimation results, we conduct a series of counterfactual experiments and find that
the value from Dianping is about 7 CNY for each user, and about 8.6 CNY from each user for the reviewed
restaurants in this study. The majority of the value comes from reviews on restaurant quality, and contextual

Downloaded from informs.org by [140.182.74.220] on 24 September 2015, at 17:00 . For personal use only, all rights reserved.

comments are more valuable than numerical ratings in reviews.
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1. Introduction
With the prevalence of Internet use, online reviews
have become an important source of word-of-mouth.
A survey by AC Nielsen found that consumers trust
opinions from friends the most. Online consumer
reviews are second.! Companies such as Yelp and
Angie’s List, specializing in online reviews of restau-
rants, doctors, and other local businesses, provide
millions of reviews on their websites and attract
millions of visits every day? The success of these
companies is built on their competency in providing
consumers with valuable information and attracting
website visits, which is the key to generating revenue.
Our primary goal here is to measure the eco-
nomic value of online reviews for consumers and

T http://blog.nielsen.com/nielsenwire/media entertainment/consumer
-trust-in-online-social-and-mobile-advertising-grows/, accessed
April 15, 2012.

2 For example, in 2011 Yelp featured more than 22 million reviews of
local businesses and claimed to have more than 61 million unique
visitors per month in the latest quarter. Its current market cap is
$1.2 billion.
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firms. Furthermore, we investigate how review web-
sites can improve the economic value of reviews.
Review websites typically supplement each review
with additional information. In addition to giving
ratings based on a predetermined scale, reviewers
are often requested to provide detailed comments on
their experience. Further information related to indi-
vidual reviewers (e.g., a reviewer’s status based on
past contribution) and reviews (e.g., how many users
find this review useful) are also provided. This study
helps to address two managerial questions: (1) How
does the information on reviewer and review char-
acteristics enhance the economic value of reviews?
Answering this question is important for review
websites to provide better features that are useful
for consumers; (2) How do online reviews affect
consumers’ restaurant choice and thus restaurants’
revenue? Answering this question helps restaurant
owners to understand the impact of online reviews on
their business, which can affect their advertising and
promotion decisions at review websites.

To achieve these goals, we use data from Dianping
.com, a leading Chinese consumer review website,
to examine how a consumer learns about multiple
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attributes, such as the quality and cost of restaurant
dining, by reading online reviews, and how this learn-
ing impacts her restaurant choice. With these results,
we conduct counterfactual experiments to study how
the consumer’s choice would change under differ-
ent scenarios of information provision from reviews.
Based on the outcomes we then measure the value of
online reviews.

We propose a new consumer learning model that is
embedded in the consumer restaurant choice model.
The learning model has several novel features. First,
standard Bayesian learning models widely adopted in
the marketing literature (e.g., Roberts and Urban 1988,
Erdem and Keane 1996) implicitly assume that every
review is equally informative. Thus, they do not allow
for some reviews to be more informative than oth-
ers. In our proposed model, we allow a consumer to
differentiate reviews in terms of informational value,
depending on how these reviews are perceived to cor-
relate with her own taste. Second, with such a corre-
lation, online reviews can help the consumer to infer
her own preference for the reviewed business. Con-
sequently, online reviews can be more valuable to
consumers than is implied by standard learning mod-
els. Whereas extant learning models do not differenti-
ate between the information value of reviews written
by different reviewers (we call this “undifferenti-
ated learning”), we propose “differentiated learning”
where consumers do differentiate between reviewers
and learn based on perceived taste correlations with
the reviewers. Third, there can be a large diversity in
reviews even for the same product or service. Con-
sumers may perceive it as a risk when reviews are
diverse. Standard learning models typically assume
that the only target of learning is the average evalua-
tion in the consumer population. Our proposed model
allows consumers to also learn and update the vari-
ance in online reviews, enabling us to more correctly
infer how the diversity of reviews drives the restau-
rant choice.

Additionally, online reviews provide consumers
information on multiple product or service attributes,
the measurements of which may be different in
nature. The cost of dining in a restaurant, for exam-
ple, can be objectively measured in terms of dollar
amount; the quality of the restaurant, on the other
hand, is subjectively evaluated by reviewers. Further-
more, from a consumer’s viewpoint, the correlation of
her and reviewers’ quality preferences may be differ-
ent from the correlation of her and reviewers’ spend-
ing in a restaurant. To use the information effectively,
consumers may adopt different learning strategies for
different attributes when reading online reviews. We
test whether these differences exist when applying
our proposed learning model to data.
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Identification of the learning mechanisms proposed
in this research relies on the detailed nature of our
data. The key advantage of using the data from Dian-
ping is that we observe consumers’ dining choices
after reading reviews. This is critical for identification
of the impact of user reviews on consumer choices. In
addition, we observe for each review not only the rat-
ings but also the comments written by the reviewer.
This information component is critical for identifica-
tion of the learning of variance in review evaluations.
We also collect detailed information displayed in each
review about the review and reviewer characteristics.
When combined with restaurant choice data, we can
infer how reviews from different reviewers influence
the choices of different types of consumers in different
ways. By assuming that reviews are unbiased and
consumers can rationally infer their taste correlation
with reviewers, we can use model estimation results
to conduct counterfactual experiments and measure
the economic value of online reviews.

Our estimation results show that when reading
reviews consumers simultaneously adopt two learn-
ing mechanisms: For quality, reviews are given dif-
ferent weights in the learning process. Based on that,
consumers learn their own preferences (“differenti-
ated” learning). For cost, reviews carry the same
weight in learning, and consumers only learn the
overall distribution of evaluations (“undifferentiated”
learning). When learning about quality, the informa-
tion on the status of a reviewer, the length of the
reviewer’s comment(s), and the number of helpful
votes the review receives all significantly impact a
consumer’s perception of how the review is corre-
lated with her own taste. Consumers also perceive
reviewers’ comments as more informative than rat-
ings. Finally, we find that the learning of variance in
quality evaluations significantly impacts consumers’
restaurant choices.

Based on the estimation results, we conduct coun-
terfactual experiments to quantify the economic value
of online reviews for consumers and restaurants. The
economic value of reviews for consumers is based on
the increment in utility from making a better choice
after reading the reviews. We convert the increment
to the dollar value by calculating how much of a cost
decrease the increment in utility corresponds to. The
economic value of reviews for firms is the incremen-
tal profit from visitors who have been attracted by the
reviews. We construct our measurement based on the
difference between the decisions consumers would
make under different scenarios of information pro-
vision. Overall, reviews from Dianping increase the
value for a consumer by 6.7 CNY (Chinese yuan).
The majority of the value comes from information on
restaurant quality. We also find that reviewers’ com-
ments are much more valuable for consumers than
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ratings. The information on reviewers’ star status is
also important in enhancing the value. For restau-
rants, online reviews increase the probability of con-
sumer visits, and thus increase their profit by 8.6 CNY
per consumer who visits Dianping. The information
on restaurant quality again contributes most to this
profit increase.

1.1. Related Literature
We contribute to the stream of literature on the effect
of word-of-mouth and consumer reviews. Chevalier
and Mayzlin (2006) show that, whereas positive re-
views will increase sales, the impact from a nega-
tive review has a larger magnitude. Moe and Trusov
(2011) study the dynamics of online product reviews
and find that future reviews are affected by cur-
rently posted reviews. Most of these studies use
macro-level or aggregate data; Zhao et al. (2012) is
an exception. The authors study the effect of online
product reviews on book purchases, and model how
consumers’ perception of the credibility of product
reviews evolves over time. Our study uses individ-
ual level data. We also allow consumers to learn
over multiple attributes (cost and quality), instead of
single-dimensional learning as in Zhao et al. (2012).
Our study is in the stream of the empirical literature
of learning (for a survey of these papers see Ching
et al. 2013). Existing learning models assume that con-
sumers learn and update the mean of information
signals in a Bayesian framework. We also model the
updating process for the variance of signals, which
is consistent with the literature of the Kalman fil-
ter (Kalman 1960) and dynamic linear models (e.g.,
Harrison and Stevens 1976). Our differentiated learn-
ing mechanism shares some similarities with Erdem
(1998), who considers a model whereby priors are cor-
related across umbrella brands, and finds evidence
that consumers learn via experiences across categories
for umbrella brands. This modeling framework was
recently applied by Szymanowski and Gijsbrechts
(2012) in the study of cross-learning in private labels.
Che et al. (2015) develop a different correlated learn-
ing model by allowing consumer experience of a par-
ticular brand size to provide quality signals for other
brand sizes. By contrast to these applications, our
model assumes that consumers learn from the corre-
lation of evaluations with individual reviewers.
Previous economics and marketing literature has
also studied the consumer learning process of multi-
ple product or service attributes. Crawford and Shum
(2005) and Chan and Hamilton (2006) model the
impact and learning of treatment effectiveness and
side effects using pharmaceutical treatment outcomes.
Chan et al. (2013) model the physician learning of
treatment effectiveness and side effects of different
drugs in the ED category. Erdem et al. (2008) model
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the quality signaling role of price in the content of
frequently purchased goods. Our paper differs from
the above studies by proposing new learning mecha-
nisms that can apply in the context of online reviews.

The rest of the paper is organized in several
parts. In §2, we describe the data and provide some
reduced-form data evidence to help motivate the pro-
posed model. In §3, we present our empirical model
that studies consumer learning about quality and
cost from online reviews. We then discuss the model
specification, selection, and identification issues, and
present the estimation results in §4. In §5, we show
the counterfactual experiment results in which we
measure the economic value of online reviews for
consumers and restaurants. We conclude the paper in
§6 and suggest directions for future research.

2. Data and Reduced-Form Analysis
Review websites such as Yelp.com and Dianping.com
typically allow users to start searching for local busi-
ness reviews at the home page based on specific crite-
ria, such as geographical location, user rating or price.
A list of search results (i.e., businesses) is then dis-
played in an ascending or descending order, based on
the filtering criterion a user chooses. General informa-
tion about reviews, such as the average rating and the
number of reviews that a business receives, will show
in the search results page. If interested in a particular
business, users can click from the search result link
into the business review pages to read more detailed
comments, ratings, pictures, etc., available in each
review provided by other users who are consumers
themselves. Reviews are typically displayed based on
posting time, but users can also sort reviews by other
criteria such as geographical distance, price or rating.
Some websites such as Amazon.com display the most
favorable and the most critical reviews side by side
on the same page, probably because users care about
the divergence of reviewers’ opinions. Reading these
reviews allows users to obtain better information on
business product or service attributes before making
their own purchase decisions.

2.1. Online Reviews at Dianping.com

Because our data is collected from Dianping.com, we
focus on discussing online reviews from that website.
Founded in 2003, Dianping has become the largest
independent consumer review website in China. The
revenue of Dianping.com® comes from three sources:

3 Dianping covers 2,000 cities in China, with more than 1 million
local businesses on its website. It has over 20 million ratings and
business reviews, attracting over 30 million active visitors every
month. In addition to restaurants, it provides reviews for other
consumer-service oriented businesses, such as hair salons, grocery
stores, and golf courses. Focusing on affluent urban, white-collar


http://Yelp.com
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(1) selling display and keyword search advertising;
(2) offering online coupons for participating restau-
rants in return for an advertising fee; and (3) offer-
ing discount card and group-buying to members and
getting a share from participating restaurants if the
discount card or group buying is used/purchased.
A larger number of visits that Dianping can attract
will increase the willingness-to-pay of restaurants for
advertising and participating in promotional activi-
ties. To attract visits, however, Dianping needs to pro-
vide users with value from reading reviews. For more
details, see an interview with Tao Zhang, the CEO of
Dianping, in Bye (2009).

When a user logs into Dianping, she can search for
a restaurant based on cuisine types or geographical
areas, or directly search by keywords (e.g., restaurant,
cuisine or dish). She will then find a list of restau-
rants. At the top of the list are three or four fea-
tured restaurants with sponsored links. The rest of the
restaurants are presented in order of overall rating.
After the user clicks on a restaurant link, reviews are
shown, by default, in the order of descending post-
ing time. A restaurant review typically reports several
ratings on a scale from 1 (worst) to 5 (best), for the
taste of food, ambience, and service. Here we use the
average of the three attribute ratings as the measure-
ment for quality rating* which is highly correlated
with each rating item, with the mean correlation coef-
ficient of 0.80. Below the posted ratings, users can
find a contextual script (content) that provides com-
ment on what the reviewer likes or dislikes about
the restaurant. Dianping restricts the length of content
to be between 50 and 1,000 Chinese characters. We
measure the sentiment of each review content, which
represents the degree of negativity or positivity from
—1 (extremely negative) to 1 (extremely positive).
To construct this measurement, we first translate the
reviews from Chinese to English using Google Trans-
late. We then use a commercial product, AlchemyAPI,
to extract keywords. The sentiment is calculated from
the extracted keywords.” A limitation of the measure-
ment is that other contexts (e.g., recommendation of
special dishes) are not taken into account.

Reviewers also provide information on the aver-
age spending per person. The spending is related to

consumers, its business is growing fast. Most of its users are
in major and fast growing cities such as Beijing, Shanghai, and
Guangzhou. Whereas Chinese Internet users skew younger, with
half under the age of 24, Dianping’s user base is older; most vis-
itors are between 20 and 35 years old. The company’s 2010 profit
was CNY 200 million (US $30.6 million).

* Our model can be extended to include learning for each attribute.
However, the high correlations of the three ratings create difficulty
in identification in model estimation.

® We also do this manually for some reviews and find our measure-
ment to be highly consistent with the above procedure.
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food prices, as well as how much a consumer uses.
There can be a large variation in the reported spend-
ing across reviewers. Reviewers can submit pictures
of restaurants and dishes. Furthermore, users can vote
“helpful” if they find the review informative and use-
ful. The number of helpful votes is shown under each
review. Finally, every website member is assigned a
“star” status by the website. This status is also dis-
played next to the reviewer’s user name. There are
eight levels, from “new” to “diamond.” These are
determined by the number of reviews a member has
contributed and the number of “helpful votes” she
has received for her reviews. A higher star indicates
that the reviewer is more experienced and more likely
to be perceived as an expert.

2.2. Sample Construction

Our data period is from December 2007 to March
2008. The data set consists of information after a user
clicks into the review pages of restaurants from the
search results page. There are two main parts: (1) user
browsing, and (2) user dining choices, of restaurants
in Shanghai, which is the largest city in China and the
birthplace of Dianping. We focus on restaurants of one
specific type of cuisine, “hot pot,”® to minimize biases
due to differences in consumer tastes among cuisines.
We merge the data sets to link consumers’ browsing
activities with restaurant choices. To capture the con-
sumer choice set, we construct browsing sessions that
include sequential visits to different restaurant pages
from the same user, if the time interval between two
sequential visits is fewer than 60 minutes.” Restau-
rants whose Web pages are visited within a brows-
ing session are considered to be in the choice set. We
then verify whether a user visits any of the restau-
rants in the next seven days. Restaurant visits are
inferred from the usage of her discount card. Dian-
ping’s discount cards can be used in 450 restaurants
in Shanghai during the sample period. The discount
is usually 10% to 30% of the dining cost, which is a
significant savings for any consumer. Also, using the
discount card helps to accumulate reward points that
can be used to redeem gifts. Therefore, the proportion
of users who visit a restaurant without taking advan-
tage of the discount should be small.

To reduce the computational burden in model esti-
mation, we identify the seven most popular “hot pot”
restaurants that participate in Dianping’s reward pro-
gram, which allow consumers to use the discount

¢ Hot pot (Chinese: 4#; pinyin: hud gud), sometimes also called the
Chinese fondue or steamboat, refers to several East Asian varieties
of stew, consisting of a simmering metal pot of stock at the center
of the dining table.

7We obtain similar Web sessions when using 30 minutes or
120 minutes for the interval.
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Table 1 Summary Statistics of the Focal Restaurants

Review rating

Average cost

Review content (100 CNY)

Review length

Helpful votes

Chain Store Number of Conversion

ID D reviews rate Mean S.d. Mean S.d. Mean S.d. Mean S.d. Mean S.d.

A 1 636 0.16 2.13 0.68 0.10 0.15 0.82 0.18 239 202 3.1 7.6
2 626 0.18 2.14 0.70 0.11 0.16 0.84 0.18 238 200 3.6 6.9
3 413 0.17 1.97 0.66 0.08 0.17 0.81 017 212 187 3.0 6.9

B 4 526 0.14 1.99 0.66 0.11 0.17 0.84 0.19 312 304 8.4 19.7
5 111 0.14 1.95 0.65 0.11 0.16 0.88 0.19 431 388 13.5 26.6

C 6 446 0.13 2.43 0.62 0.10 0.15 0.80 0.18 345 287 1.4 26.8

D 7 601 0.13 2.02 0.64 0.12 0.15 0.82 0.17 360 338 9.6 20.5

card. Among the 40 participating hot pot restaurants
in our sample period, these seven account for 41%
of clicks and 38% of revenue among Dianping mem-
bers. We select browsing sessions that visit at least
one of the Web pages from the seven restaurants for
this study. This gives us a sample of 8918 brows-
ing sessions from 5,084 unique users. Table 1 pro-
vides some summary statistics for the seven hot pot
restaurants in the sample. Restaurants 1, 2, and 3 that
belong to Chain A have more reviews and a higher
conversion rate, i.e., the probability of users dining
in the restaurant after reading reviews. Yet review-
ers tend to give shorter comments and their reviews
receive fewer “helpful votes.” The restaurants are not
too different in terms of average ratings, content, and
reported costs per person.

Table 2 summarizes browsing sessions and restau-
rant visits in data. We group all participating restau-
rants other than the seven focal restaurants as
“outside restaurants.” We also compare the statistics
for “new visitors” and “returned visitors.” A returned
visitor is defined as a user who in the previous
30 days visited one of the seven restaurants and then
read reviews for the visited restaurant in the cur-
rent browsing session. On average users read reviews
for four to five restaurants, indicating that they often
compare restaurants based on reviews. The table
shows that 15% of browsing sessions would result in
dining in one of the seven focal restaurants. The con-
version rate for all other restaurants is only 4.3%. The
majority of users, however, chose not to visit any of
the reviewed restaurants.

2.3. A Reduced-Form Regression Analysis

Because the value of online reviews will be inferred
from restaurant choices, we want to first make sure
from the data that reading online reviews has an
impact on restaurant choice. We use a Multinomial
Logit (MNL) regression to investigate the relation-
ship. We group restaurants other than the seven focal
restaurants as the option of outside restaurants, and
also allow for a “no choice” option. Every user has
an own choice set based on her browsing. The utility
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Table 2 Summary Statistics of the Web Sessions

Average Number
number of  choosing Number
Number outside one of the choosingan  Number

of restaurants seven outside choosing
sessions  viewed restaurants  restaurant  not going
Session 7,729 3.8 1,209 349 6,171
of new
visitors
Sessionof 1,189 3.2 150 32 1,007
returned
visitors

of going to one of the focal restaurants in the choice
set is u; = u; + €;, where u; is a linear function of
multiple variables constructed from the reviews that
user i reads (see Table 3). The utility of going to out-
side restaurants is defined as U, = In(}_,exp(V;)) +
€;,, Wwhere V;; = @y + @;R;; and R;; is the average rat-
ing of a restaurant, based on the reviews that the user
reads, in the set of outside restaurants.® We use this
inclusive value function construct as a proxy for the
expected maximum value of the restaurants. Finally,
the utility of not going to any of the browsed restau-
rants is u;, = €;,. We assume that all error terms follow
an ii.d. Type-I extreme value distribution.

Table 3 reports the regression results. We find a
significantly positive effect from the sentiment in
reviewers’ comments (see the coefficient for “aver-
age content”) and a negative effect from the aver-
age reported price (“average price”). Whereas the
estimate for the average rating is insignificant, the
variance of ratings significantly reduces the choice,
indicating that consumers are averse to the risk of
quality. This motivates our modeling of how con-
sumers learn the variance in reviewers’ evaluations
from online reviews, as we will discuss in §3.

8 We collect only the ratings measurement for outside restaurants.
Although there are hundreds of restaurants in this group, the
time and effort required to construct measures for other variables
(e.g., translating comments) make it infeasible for us to study their
effects.
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Table 3 Multinominal Logistic Regression on Choosing a Restaurant

Logit model

Estimate t-value

Store dummies Not reported Not reported

Average rating 0.29 0.90
Variance of rating -1.94 —2.81
Average content 1.62 219
Variance of content —4.06 —1.60
Average cost -1.37 —2.00
Variance of cost 1.18 0.89
Average reviewer star -0.17 —-1.93
Variance reviewer star -0.01 -0.27
Average helpful votes —0.02 -0.15
Variance of helpful votes 0.31 3.27
Average length of comment -0.39 —-2.18
Variance of length of comment —0.23 —1.43
Outside restaurants intercept (a,) —-3.94 —34.79
Ratings for outside restaurants (a,) 0.50 11.02
Log-likelihood —5,183.54

Note. Bold numbers represent significance at 0.05 level.

Although one may consider star reviewers as opin-
ion leaders, results show a significant negative effect
of the average of reviewers’ star status on users’
restaurant choices. Although the average number of
helpful votes does not increase the choice probabil-
ity, its variance does. The average length of review
comments has a negative effect. Finally, for outside
restaurants, the positive estimate for average ratings
indicates that more consumers will choose this option
if their ratings are high. Overall, these results suggest
that online reviews have a significant effect on con-
sumers’ restaurant choice.

3. The Model

In this section we formally introduce our proposed
model. Because we do not have data on how a user
starts searching at Dianping, the model focuses on
consumer learning and restaurant choice after the
user clicks into the restaurants review pages. Fur-
thermore, to simplify the analysis, we treat different
browsing sessions of the same user as independent,
assuming that there are no information spillovers
across browsing sessions, and that the choice set of
one session is not influenced by earlier sessions. We
acknowledge these as restrictions of this study.

For a browsing session i in our sample, the user
has a choice set S;, which includes one or more of
the seven focal restaurants and possibly other restau-
rants. The choice set is assumed to be exogenously
given. For each restaurant j € S;, there are multiple
attributes, represented by a vector variable A; (in our
context it includes the quality Q; and the reported
dining cost C;) that will influence the user’s con-
sumption utility. We assume that these are individ-
ual specific because each user may have their own
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preferences for food and services and choice of what
dishes to order. For an attribute A; (e.g., quality), the
user has a prior expectation E(A;), and a prior uncer-
tainty, which is captured by the variance Var(A4;).
At the stage of information search, the user reads
K]- reviews for every restaurant j in the choice set,
and altogether K =}’ g K; reviews. In all restaurant
review pages, reviews are sorted by posting time by
default. We assume that the reviews the user reads
follow such order.” All of these reviews provide her
the information set Iy, which is treated as exogenous
in the model. Based on I, the consumer will update
her beliefs, forming the updated expectation E[A;; | I]
and the uncertainty Var[A; | I]. The consumer will
then use these updated beliefs to form her expected
utility for dining at each of the restaurants in the
choice set, and go to the one with the highest expected
utility, if it is higher than the utility of the no choice
option.

3.1. Consumer Utility

The expected (indirect) utility function of visiting
restaurant j, one of the seven focal restaurants, in the
choice set, is specified as the following;:

E[U; | I] = a;+wP{E[Q; | L]+ ¥ E[Q5 | L)
+wiCE[C,-j | I] +€;
= o+ w{E[Qy | I+ v  (E[Q; | I])?
+yPVar[Q; | L)+ wf E[C; | I ] +e;. (1)

The utility parameters include «;, measuring the

ijr
user’s intrinsic preference for the restaurant; w® and
wf, representing the utility weights of quality and
cost; and yZ, the risk preference for quality.!! The

error term €; is the user’s preferences unknown to

researchers and is assumed to follow the standard

? Although we do not have detailed data on whether a user sorted
reviews, conversation with Dianping managers reveal that most
consumers use the default order.

10We choose such specification because it is derived from consumer
maximization from a direct utility function under linear budget
constraint, assuming discrete restaurant choice. We also test another
specification with a quadratic term for the cost. The estimated coef-
ficient for the quadratic term is statistically insignificant, and other
estimates are similar to the current specification.

1 Under this specification, the user is risk-neutral for cost, but risk-
averse for quality if r? is negative. Her absolute risk aversion
and relative risk aversion remain constant as her wealth or bud-
get changes, and are an increasing function of the expected quality.
One of the potential issues for the quadratic functional form is
that there is a satiation point, where the marginal utility of qual-
ity becomes negative when the expected quality is larger than this
level. One should not use this model to predict consumers’ choice
when quality is out of the data range.
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Type-l extreme value distribution. The probability
that she chooses restaurant j therefore is

9. — eXp(l’_Iij(IK))
T 1t exp(Uy,) + > jes, exp(Uyp (Ix)),

)

where S; is the user’s choice set that may include
multiple focal restaurants, and l:Il-j(IK) is the deter-
ministic part in Equation (1) without €;. Other than
the inside restaurants in S;, the user can also choose
an outside restaurant. This utility is captured by
U, =In[Y,exp(V;)] as a reduced-form proxy for the
expected maximum utility of visiting outside restau-
rants, as we specified in the last section; and not to
visit any of the reviewed restaurants, which utility is
captured in “1” in the denominator.

3.2. Consumer Learning from Reviews
We assume that consumers learn restaurant attributes,
including the quality and cost, from reading reviews.
Dining cost depends on what dishes are ordered,
which depends on a person’s taste and dining occa-
sions. In our data, different reviewers report different
levels of spending (cost). Rarely do they fully report
all of the prices of different dishes that they chose
in the restaurant. The user is unlikely to be fully
informed about how much she is going to spend. For
these reasons, we assume that cost is also an attribute
that the user has to learn. Uncertainty will still exist
after she reads many reviews with divergent reported
costs. After visiting the restaurant, however, the user
may no longer have uncertainty about the cost.
Assume that for an attribute A (e.g., quality Q in
Equation (1)) of the restaurant, reviewer k reports
L evaluations, Ry = {R}, ..., Rj;} (for example, rat-
ing and content).”” These evaluations reflect the re-
viewer’s consumption experience of the attribute, Ay;,
which is assumed to be

A=A+ &, 3)

where A; is the mean consumption experience across
all consumers if they dine at the restaurant, and §&; is
a stochastic component with a variance o7 ; over the
whole consumer population.

We further specify the relationship between the
review evaluations and Ay; as

Ry = Ay e, + g, 4)

where e; is an L x 1 vector with every element
being 1, and ¢ is another L x 1 vector representing

2In our empirical context, R; for quality is two-dimensional (rat-
ing and content), whereas that for cost is a scalar. Learning is sep-
arate for quality and cost.
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the deviations from the true experience. These devi-
ations may come from, for example, the categorical
quality rating (from 1 to 5) at Dianping, which does
not exactly measure the reviewer’s experience. Even a
detailed description in content may not fully capture
the total experience. These error terms are needed for
our model to explain why evaluations for the same
attribute are not perfectly aligned in the data. Rating
and content can be perceived by users to have differ-
ent accuracy in reflecting the true experience because
of the difference between using a numerical scale and
using contextual description.

In this paper, we propose and estimate two dif-
ferent learning models. We call the first model the
undifferentiated learning model. We assume that the
user learns about the overall distribution of restaurant
attributes across the entire consumer population. The
information value of every review is the same, i.e.,
each review has the same weight in the updating pro-
cess. This model is similar to the established learning
models in the marketing literature (e.g., Erdem and
Keane 1996), except that we assume that the user will
update her belief of o7 ;, the variance of consump-
tion experiences across all consumers. Therefore, the
diversity of review evaluations, Ry, will increase the
user’s posterior 0'§,]- and, through Equation (1), will
impact the restaurant choice. Because the learning
model is similar to the previous literature, we describe
the derivation of the updating process of this learn-
ing model in §§1 and 2 of the online appendix (avail-
able as supplemental material at http://dx.doi.org/
10.1287 /mksc.2015.0926). We also include a numerical
example to illustrate why the diversity of reviews can
have a significantly negative impact on the choice of
a risk-averse consumer.

We call the second model the differentiated learn-
ing model. It differs from the first model by assum-
ing that a user learns about an individual specific
consumption experience, A;;, from reviewers’ evalua-
tions, based on her perceived taste correlations with
the reviewers.

In our context, a review may be perceived as more
informative than the others and will have a larger
weight in the learning process. There may be two rea-
sons for this heterogeneity: (1) The user may consider
the reviewer’s tastes for attributes more similar to her
own; (2) The user may consider the reviewer’s evalu-
ations to have less noise reflecting the true consump-
tion experiences.

To capture the first reason that some reviews will
have a larger weight, which is the similarity between
the user’s and the reviewer’s tastes, we introduce a
correlation coefficient §;; that captures the heterogene-
ity. We assume that the prior beliefs of user i about her


http://dx.doi.org/10.1287/mksc.2015.0926
http://dx.doi.org/10.1287/mksc.2015.0926
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own consumption experience, A,-]-, and reviewer k’s
experience, Ak]-, are the following:

A; 1 4
[/ ik ). 52 .
(), %)) o

where A; is the user’s prior belief of the restau-
rant’s attribute, and 0, the perceived correlation
between her taste and the reviewer’s taste. Its value
is restricted between 0 and 1."” We specify that o7 ; =
7y ' - 07 ;, where 7, is a scalar representing the ratio
between the two variances. Given A;;, we can express

Ay; as the following:

ij’s

Al Ay =1 =8,)Ag+ 83 A; +/1—8ey;,  (6)
where ¢;; is an error term distributed as N(O, 7y L.
0} ;)- We assume that, conditional on Aj;, e;; and ey,
for any two reviewers k and k' are perceived by the
user to be independent of each other.

To model the second reason that some reviews will
have a larger weight, i.e., the noise reduction effect,
we include a parameter A; in the error term. We
assume that the random error g;; in Equation (4) fol-
lows a normal distribution,

Sk] ~ N(O, )\Izlﬂo-é,])/ (7)

where A, is a scalar. The L x L matrix Q captures the
correlations between different error components. The
top-left element Q[1, 1] is normalized to 1, so A, - 07 ;
represents the variance of the first evaluation, R,lj (e.g.
the rating); thus, A; measures the accuracy with larger
A implying that the evaluation is more accurate. The
Ith diagonal element in Q, Q[I, I], measures the ratio
of the variance of the Ith evaluation (e.g., the con-
tent) relative to the variance of the first evaluation.
An off-diagonal element [/, m] measures the corre-
lation between the /th and the mth evaluations of the
same attribute. The parameter A, captures the second
reason for the heterogeneity in reviews.
Substituting Equation (6) into (4), we have

Ryj=(1—08;) A, + 8, Aj +uy, ®)

Assuming that e;; and ¢ are uncorrelated, the
variance-covariance matrix of Ry; for reviewer k and
restaurant j is

Var(Ry;)=(((1-83)7, ") -ere) + A, Q)07 =Qy07 1. (9)

BIn a more general setting, 8, can be negative as the user may
perceive the reviewer’s taste opposite to hers. Because in this study
we only focus on quality and cost, the restriction that A; and Ay
are positively correlated seems to be a reasonable assumption.
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After reading reviews, the user may learn the mean
and variance of consumption experiences in the con-
sumer population, as in undifferentiated learning.
However, she can also use the correlation of tastes &,
to learn her own A;; projected from the reviews. Learn-
ing A;; is more informative than learning the popula-
tion mean A;, and further reduces her uncertainty.

We assume the initial distribution of 0'2 i before
the user reads any reviews about the restaurant, to
be inverse Gamma. Conditional on o7 j, the prior
belief of A;;, as implied in Equation (5), is A; | 07 ; ~
N(Ay, 75'07 ;). These are the beliefs before she reads
any reviews. Using Bayes rule, the marginal distribu-

tion of Ai]», given the information set I, is a t-dis-
tribution with mean and variance as
1 bk
E(Aij | Ix) = Ain/' Var(Aij [ Ix)==— ——. (10)

Tik @ik — 2

The derivations and the specification of all updated
parameters are in §3 of the online appendix. With the
updated variance for A;;, the expected utility function,
after reading K reviews, Equation (1) can be rewritten
as follows:

E[U; | k] = e + wiQ{Qin +y72 lZ]K + %‘Q'Var(Qij | 1)}
+ wiccin + €, (11)

where Q;;x and Cj are updated means, and Var(Q;; | Ix)
is the updated variance of Q.

A Numerical Example: Figure 1 shows the distribu-
tion of 10 evaluations of quality (one reports a rat-
ing 1, two report 2, four report 3, two report 4, and
one reports 5) of a restaurant. The average is 3 and
the variance is 1.2. The true population distribution of
ratings is the curve in the figure with mean at 3 and
variance at 0.9. Table 4 shows three scenarios with dif-
ferent correlations (6,,) with reviewers: In scenario A
the three reviewers who gave ratings 4 and 5 have the
highest correlation (0.8); in scenario B they have the
lowest correlation (0.2). In scenario C ratings and cor-
relations are independent.
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Table 4 Reviewer Rating and Consumer Perception Correlation

Scenario A Scenario B Scenario C
Correlation Correlation Correlation
Reviews Rating weight weight weight
1 1 0.2 0.8 0.5
2 2 0.2 0.8 0.2
3 2 0.2 0.8 0.8
4 3 0.5 0.5 0.2
5 3 0.5 0.5 0.5
6 3 0.5 0.5 0.5
7 3 0.5 0.5 0.8
8 4 0.8 0.2 0.8
9 4 0.8 0.2 0.2
10 5 0.8 0.2 0.5

The updated expected qualities in the three sce-
narios are 3.64, 2.36, and 3.00, and the updated vari-
ances are 0.20, 0.20, and 0.22, respectively.'* These
results suggest that, when the user is more corre-
lated with reviewers with high ratings (scenario A),
the updated expected quality level is the highest, and
vice versa if these reviewers report low ratings (sce-
nario B). Furthermore, if reviewers who are perceived
to have high correlations consistently report high (sce-
nario A) or low (scenario B) ratings, the updated
variance will become smaller (compared with sce-
nario C). The interaction between reviewers’ opinions
and how reviewers’ tastes are perceived to be corre-
lated with the user’s taste hence affects the learning
process as well as the choice. This interaction effect
is not captured in the simple reduced-form regres-
sions in Table 3. This suggests the importance of
structurally modeling consumer learning based on the
heterogeneity of reviews, reviewers, and users.

As we will provide more details in §4, we assume
and test from data how the additional information
that supplements each review, such as the reviewer’s
star status and the number of helpful votes, will
impact the heterogeneity in the taste correlation and
enable users to learn own consumption experience.
As this learning is more informative than the undif-
ferentiated learning, information on reviewers and
reviews can enhance the economic value for con-
sumers. To our knowledge, traditional learning mod-
els in the marketing literature will not generate such
an implication.

4. Estimation Results

In this section, we first discuss some details in model
estimation and how we select the model specification
that fits our data. Then we discuss the results from

4 We assume the following priors in the calculation: A; =1 for all
reviews, Ay =3, 1,=1.0, a,=3, and b, =0.45.
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the chosen specification, which are used for the coun-
terfactuals that measure the economic value of online
reviews.

4.1. Model Specification, Identification, and
Estimation

Model Specifications and Estimation. We model
users’ learning of restaurant quality based on review-
ers’ ratings (“rating”) and detailed comments (“con-
tent”) of restaurants. We rescale the rating to the range
of [-1, 1] by a linear transformation, to make the mea-
surement consistent with the range of content so that
the means and variances of both can be compared.
Because there are few comments on price, we assume
that the learning of cost relies solely on the reported
average spending per person. Furthermore, to reduce
the dimensionality of the parameter space, we restrict
parameters @, w9, w®, and y? in Equation (1) to be
homogeneous across individuals; thus, we focus on
the consumer heterogeneity in the learning process.

To model differentiated learning, we construct mul-
tiple variables associated with each review and then
classify them into two categories. The first cate-
gory, Wy, is used to model the taste correlation ;.
These variables include the star status of the user
(“ustar”) and the reviewer (“rstar”), which can indi-
cate whether they belong to the same type of con-
sumers in terms of how often they go to restaurants
(assuming there is a direct correspondence between
review contribution and restaurant visits). We also
include the number of helpful votes (“votes”) a re-
view receives and the length of the review content
(“length”), because reviews with more helpful votes
from other users and more detailed comments may
be more persuasive in affecting a user’s preference.
To further capture the rich heterogeneity in how the
user may perceive the taste correlation (e.g., only star
users share similar tastes with star reviewers'), we
also include the interaction terms of these variables.
We then model the correlation parameter as

exp(Wie®)

=~ " 7 12
exp(Wya) +1 12)

ik

The second category of variables, Z;, pertains to the
perceived accuracy of a review. We use two variables
that relate to where the review is placed: “review
page” measures the page on which the review is dis-
played, and “review position” measures the order in
which the review is displayed in a page. The accuracy
A is modeled as

A = exp(Ziat). (13)

15 “Star users” and “star reviewers” refer to the website users/
reviewers with higher star status levels (i.e., 2 or above). The terms
are used to distinguish from users/reviewers with lower star status
levels (i.e., 0 or 1).
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Table 5 Description of Model Variables

Variable Description Mean  S.d.
w
ustar The star level of the user 1.5 1.5
rstar The star level of the reviewer 1.8 1.5
ustar- rstar User star interacts with reviewer star 2.6 4.2
votes Number of helpful votes 1.2 0.9
votes - ustar Number of helpful votes interacts with 1.8 2.8
user star

votes - rstar Number of helpful votes interacts with 2.6 3.7

reviewer star

length Length of content 0.8 0.7

length - ustar Length of content interacts with 1.1 2.0
user star

length - rstar Length of content interacts with 1.6 2.3

reviewer star

V4
review page (Log of) which page the review 0.4 0.6
is displayed
review position  (Log of) the order of the review 15 0.7
in a page

We choose these two variables because, by default,
reviews are sorted by the time of posting. Reviews
that appear at the bottom of a review page or in
later pages may be perceived as more outdated; thus
their rating and content are less accurate. They will
be assigned a lower weight in the Bayesian updating
process and will have less impact on the restaurant
choice. Table 5 provides a description of the variables
in W, and Z, as well as their means and standard
deviations.

For undifferentiated learning, reviewers’ tastes are
assumed to be independent from users’ tastes, condi-
tional on the mean, and we do not have the 6; cor-
relation term. The perceived A, is also restricted to be
the same across reviews for every user.

Using differentiated learning, a user must invest
more cognitive resources since she has to process
information from W, and Z,. If the user believes
the added value from differentiated learning is low,
she will not expend the required resources; hence,
only the population mean and variance will affect her
restaurant choice. If she adopts differentiated learn-
ing, however, the population mean and variance are
no longer useful as they are less informative than her
own taste A; that has been learned. Therefore, for
each restaurant attribute, we assume that undifferen-
tiated or differentiated learning, but not both, affect
the utility function. With two attributes (quality and
cost), there are four possible combinations of learn-
ing mechanisms: (A) undifferentiated quality learning
and undifferentiated cost learning; (B) undifferenti-
ated quality learning and differentiated cost learning;
(C) differentiated quality learning and undifferen-
tiated cost learning; and (D) differentiated quality
learning and cost learning.
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Last, returned visitors have dined at reviewed
restaurants within the previous 30 days. We allow for
the possibility that the previous consumption experi-
ence may affect their prior uncertainty before reading
online reviews. We assume that the prior uncer-
tainty of returned visitors for the population mean 4;
in undifferentiated learning is (@ewm) ™" - 07 ;, and
that for individual A; in differentiated learning is
(UreturnT0) ™ - 0F - If Qg is larger than one, returned
visitors will have less prior uncertainty than new vis-
itors before reading reviews; hence, their restaurant
choice will be less influenced by reviews as implied
in our learning model.'

We estimate the model by maximizing the likeli-
hoods of users’ choices. Conditional on the parame-
ters in the learning models, we compute the updated
beliefs of quality and cost after a user reads reviews
of different restaurants in the choice set. Conditional
on the beliefs and the parameters in the expected util-
ity function, we then calculate the MNL probabilities
that the user chooses one of the seven focal restau-
rants, one of the outside restaurants or the no-choice
option. We search for model parameters in the param-
eter space until the log-likelihood function value is
maximized.

Model Identification. The learning process is iden-
tified from the data on what reviews have been read
and the data on which restaurant is chosen. Identifica-
tion of the taste correlation §;, in differentiated learn-
ing comes from how different types of users when
exposed to different reviews from different types of
reviewers will make different choices. For example,
suppose users are less likely to choose a restaurant
when they are exposed to low evaluations from star
reviewers, and vice versa when exposed to high eval-
uations from star reviewers, then this will indicate
that users perceive a large taste correlation 6, for star
reviewers. If, however, we observe that only star users
and not nonstar users are influenced by the reviews
from star reviewers, then, this will imply that 6 is
only large for the pair of star user and star reviewer.
A similar argument is applicable to how we identify
the effects of other variables in W, on §;.

How different variables in Z, influence the likeli-
hood of restaurant choice will identify the function for
A;. For example, suppose users, after reading reviews
on the top of review pages that report low ratings or
content, are less likely to visit a restaurant than those
who read similar reviews at the bottom of review
pages. This implies that the position of reviews has a
strong effect on their perceived accuracy. This exam-
ple, however, also demonstrates that it is difficult

1 We assume that own prior consumption experience does not
impact the uncertainty of the variances.
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to infer from restaurant choice whether a variable
influences the accuracy A, or the taste correlation 6y
because one can also assume that review position has
increased the perceived taste correlation. We acknowl-
edge that identification of A from & has relied on a pri-
ori assignment of the variables in Wj, and Z;."”

With the identification of §; and A, the identifi-
cation of other model parameters in undifferenti-
ated and differentiated learning models is the same.
Users who are exposed to more diverse opinions in
reviews will have a larger updated variance'® because
there is one-on-one mapping from the variance of
reviews to the variance. Different levels of variances
in reviews, as shown in the reduced-form regressions
in Table 3, will lead to different restaurant choices.
These data observations help us to infer the risk pref-
erence parameters in the utility function.

For the variance-covariance matrix of the noise
associated with rating and content, we first normalize
Q[1, 1] to be 1. Hence, A;'07 ; in Equation (7) repre-
sents the magnitude of the noise in rating. When A,
is small, the uncertainty remains large even after the
user reads many reviews, so her restaurant choice is
barely affected. If Q[2, 2] is larger than one, restaurant
choice will be less affected by content than rating, and
vice versa. For Q[1, 2], the covariance of the noise in
rating and content, the intuition of the identification
is as follows: Consider the scenario wherein two sets
of reviews have the same average rating and content.
Suppose content and rating are positively correlated
in the first and negatively correlated in the second.
If, after reading the reviews, consumers’ restaurant
choices are more affected by reviews with positive
correlation than reviews with negative correlation, we

7We need better data to identify the accuracy of reviews from
the correlation of tastes. For example, if some consumers tastes
are negatively correlated, reading a positive review may reduce
the expected quality but also simultaneously reduce the level of
uncertainty. These opposite forces may help separate A from 8.
Alternatively, one may model the consumer search process to bet-
ter identify the learning mechanism. Suppose reviews from star
reviewers are perceived as more accurate. The search process will
be shorter if a user has read reviews from star reviewers. Yet if star
reviewers only affect the user’s perception of taste correlation, their
reviews will impact the user’s restaurant choice but not necessarily
the search process.

18 Parameters for priors, including A,, 4o, by, and 7,, are calculated
from the data. We calculate the mean ratings and mean costs of the
restaurants and use them as restaurant specific A, for quality and
cost, respectively. This implies that users have rational prior beliefs;
thus, the economic value of reviews for consumers is driven by
reducing their uncertainties, not by correcting biased beliefs. For
the variance of quality, we set a, =3 and b, = 0.12, and for the
variance of cost, @, =3 and b, = 0.16, such that the prior beliefs of
the variances are consistent with the distributions of quality ratings
and reported costs in all reviews in the data. Finally, we set 7, =1,
such that the uncertainty of the prior belief of A; is the same as o7 ;.
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can infer that Q[1, 2] is positive. This is because rat-
ing and content in the first set of reviews are con-
sistent with the perceived correlation, so consumers
will have less uncertainty after reading the reviews.
Overall, the identification of ) mainly relies on how
the variations in rating and content affect restaurant
visits.

Without detailed data on reviews, estimating the
learning of quality and cost is challenging. Previous
literature on learning has used data outcomes to iden-
tify multiple-attribute learning (e.g., Crawford and
Shum 2005 and Chan et al. 2013). We do not observe
actual consumption experiences after restaurant visits
in data;" therefore, our identification is based on the
input variation, i.e., reviews on quality and price, and
their impact on consumers’ restaurant choice.

To demonstrate that our learning model is iden-
tifiable and that the estimation procedure is valid,
we conduct a simulation study. We assign “true”
values for all model parameters and simulate con-
sumer restaurant choices based on the reviews that
users read in our data. We then estimate the choice
model from the simulated data. Results show that
the true values for all parameters can be statistically
recovered.”’

Model Selection. We estimate and compare Mod-
els (A) to (D) to test the consumer learning mecha-
nism for quality and cost. Model comparison statistics
are reported in Table 6. Model (A), undifferentiated
learning for quality and cost, is the most parsimo-
nious with 17 parameters. Model (D), differentiated
learning for quality and cost, has the largest num-
ber (41) of parameters and also the highest log-
likelihood value. Based on the Akaike Information
Criterion (AIC) and Bayesian Information Criterion
(BIC), Model (C), differentiated learning for quality
and undifferentiated learning for cost, is the best spec-
ification that fits with data. To test the robustness of
this model selection, we also estimate a latent-class
model by allowing four segments of users, who learn
about quality and cost using different combinations
of learning strategies as in Models (A) through (D).
We find that the segment size of users who use dif-
ferentiated learning for quality and undifferentiated
learning for cost (88.0% with a t-value of 2.02) domi-
nates the sizes of other segments. Again, this supports
the selection of Model (C).

A potential explanation as to why differentiated
learning is adopted for quality is that it is a subjective
measure that is perceived by individuals differently.

YWe find that only six users visited a restaurant, then returned
and provided reviews for those restaurants. It is hard to make any
meaningful inference based on the small number of observations.

2 Results from the simulation study are available from the authors
on request.
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Table 6 Model Fit Comparisons

Table 7 Estimates of the Proposed Learning Model

Quality learning

Parameters Estimate t-value

Undifferentiated Differentiated
learning learning
Cost learning
Undifferentiated learning
Log-likelihood -5,197.7 -5,117.3
Number of parameters 17 29
AIC 10,429.5 10,292.5
BIC 10,550.1 10,498.3
Differentiated learning
Log-likelihood 5,178.0 —5,108.0
Number of parameters 29 4
AIC 10,4141 10,298.1
BIC 10,619.9 10,589.0

Note. Number of observations = 8,918.

Thus, learning the average opinions among reviews
is not very useful for decision making. Differentiated
learning provides more informational value to a user
through learning her own preference. The value may
dominate the price of the cognitive resource she must
use. Cost, on the other hand, is more objective; hence,
each reported cost is equally reliable. Consequently,
the useful information for cost is the overall distri-
bution of how much people spend in the restaurant,
which is the target of undifferentiated learning.

4.2. Parameter Estimates

Estimation results of Model (C), with differentiated
learning for quality and undifferentiated learning for
cost, are reported in Table 7. The significant estimates
for the utility weight and risk for quality indicate
that consumers prefer high quality and low risk. The
utility weight for cost (in 100 CNY) is negative and
significant as well, consistent with the reduced-form
regression results. The large magnitude of the esti-
mated quality weight suggests that quality is more
important than cost in consumers’ choices.

For the perceived taste correlation in differentiated
learning, the negative estimate for “ustar” (—1.07)
shows that users with high star status believe that
their tastes are less correlated with reviewers. The
negative estimate for “rstar” (—1.38) also suggests
that an average user believes that the taste of nonstar
reviewers is more correlated with theirs. The positive
interaction term between “ustar” and “rstar” (0.36),
however, implies that a star user associates herself
more with star reviewers. These results suggest that
users perceive how their tastes match with reviewers’
tastes based on the similarity in star status. Online
review websites may match users with reviews writ-
ten by users with similar star status because users can
learn more from these reviews.

For other parameters, the effect of helpful votes
(“votes”) is not significant, but the negative estimate
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Utility parameters

Store dummies Not reported Not reported

Quality weight (W9) 4.32 4.43
Risk parameter for quality (y?) —3.45 —9.53
Cost weight (W°) -1.44 -2.10
Intercept for outside restaurants -3.94 —34.76
Ratings for outside restaurants 0.50 10.99
Taste correlation &
intercept 435 212
ustar -1.07 —2.05
rstar -1.38 -1.97
ustar- rstar 0.36 1.73
votes -1.21 -1.23
votes - ustar 0.57 1.93
votes - rstar -0.97 —2.43
length -2.02 —-1.91
length - ustar 0.13 0.46
length - rstar 0.51 1.11
Accuracy for quality A2
intercept -0.20 —0.50
review page —4.00 —2.04
review position —0.28 —1.96
Correlation matrix
Correlation coefficient (Q[1, 2]) 0.65 9.28
between rating and content
Ratio of content variance to 0.70 12.04

rating variance (Q[2, 2])
Inverse of the prior uncertainty
for repeat visitors

quality 0.43 2.56
cost 7.77 0.30
Log likelihood -5,117.3

Note. Significant codes: Bold: 0.05 significant; bold and italic: 0.1 significant.

for the interaction effect “votes - rstar” (—0.97) sug-
gests that helpful votes can increase the perceived
preference correlation with nonstar reviewers (rela-
tive to star reviewers) for a user. Star users are more
likely to use the information (i.e., the estimate of
“votes - ustar” is 0.57) perhaps because they are more
knowledgeable. Furthermore, the estimate of “length”
(—2.02) shows that users are less likely to associate
their tastes with reviews with lengthy comments. We
find from Dianping that long comments usually dis-
cuss topics irrelevant to the quality of restaurants.
Users might be distracted by such loaded information
and skim through lengthy comments.

As to the reviews, the negative estimates for
“review page” (—4.00) and “review position” (—0.28)
imply that old reviews are perceived as less infor-
mative. In the correlation matrix (), the significantly
positive estimate for the correlation coefficient Q[1, 2]
(0.65) indicates that rating and content are perceived
to be consistent. The ratio of content variance to rating
variance, Q[2, 2] (0.70), is significantly smaller than 1,
indicating that users perceive content to have less
noise than rating. In the learning process, therefore,
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content has a stronger impact than rating on con-
sumers’ learning. This result suggests that, to enhance
the informational value of reviews, it is important to
incentivize reviewers to provide contextual descrip-
tions for their consumption experiences.

Finally, we test whether returned visitors already
learned the quality and cost of restaurants from
their own consumption experience and thus have
less uncertainty. The estimate of the inverse of the
prior uncertainty for quality (0.43), however, is signif-
icantly smaller than one, suggesting that the previous
consumption experience does not resolve the uncer-
tainty. We believe that the reason for this surprising
result is that consumers self-select to search for infor-
mation. Those who check for reviews after visiting
the restaurant are likely to be more uncertain about
the restaurant quality probably because they found
their consumption experience inconsistent with their
expectations. For this group of consumers, the infor-
mation from online reviews is still important after
restaurant visits. The estimate for the prior uncer-
tainty of price (7.77), though insignificant, is much
larger than one, suggesting that users will have a
good knowledge of the cost after one restaurant visit.
Reviews will no longer provide useful information.

5. The Economic Value of

Online Reviews

We use a series of “what-if” scenarios to study the
economic value of online reviews at Dianping. We
first assume that there is no Dianping.com, and that
users can only make decisions based on their pri-
ors for quality and cost. Next, to understand which
restaurant attribute reviews bring the most value to
users, we assume that Dianping provides no infor-
mation on quality or cost, so that users can only
make decisions based on prior belief about quality or
cost. We further study the economic value of differ-
ent information components associated with reviews.
We take away, one at a time, the information of rat-
ing, content, star status, and helpful votes. When star
status or helpful votes is removed, we assume that
consumers treat all reviews as having equal star sta-
tus and the same number of votes (we use the aver-
ages in data). Because these information components
do not independently impact consumer learning, the
results represent the marginal effect of each piece of
information on the consumer value, when other com-
ponents remain unchanged. The last scenario studies
the effect of a possible restriction on the length of
reviewer comments. We reduce the maximum length
of content from 1,000 to 300 characters and truncate
all lengthy reviews to this new maximum.

To measure the economic value, we make sev-
eral key assumptions: First, we assume that review-
ers represent the consumer population in terms of
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the consumption experiences, and that their rating
and content are unbiased (as already assumed in
our model). Second, we assume that users can cor-
rectly infer the taste correlation 8’s, in differentiated
learning for quality, based on the information about
reviews and reviewers provided on Dianping. Con-
sequently, for the majority of consumers, the more
information provided in each review the less likely
they are to make wrong decisions. Without these two
assumptions, we cannot tell whether consumers are
making the right decisions; thus, the value of reviews
cannot be measured. Finally, we also assume that
consumers do not have other information sources
to substitute for Dianping. When Dianping.com is
removed in one of the “what-if” exercises, for exam-
ple, users are assumed to make choices based on
their priors instead of switching to learn from other
sources. Without this assumption we cannot predict
what choices will be made; thus, again, the value of
reviews cannot be measured. Our results probably
better reflect the value for less resourceful consumers
because of this assumption.

5.1. The Value of Information for Consumers

The value of information for consumers comes from
the fact that consumers are more likely to make the
right choice given more information. We simulate
consumer choices in each “what-if” scenario. Suppose
user i reads K reviews for a set of S; restaurants. With
the information set I, we first compute the updated
beliefs for quality under differentiated learning and
for cost under undifferentiated learning. We then sim-
ulate the stochastic term €; to obtain the expected
utility E[U;; | Ix]. We also simulate the expected util-
ity E[U;,] for outside restaurants and E[U,,] for the
no-choice option.

The consumer chooses one of the restaurant options
(inside, outside, and no-choice option) based on
whichever option generates the highest expected util-
ity. We then remove an information component X
in each of the “what-if” scenarios. Denote the lim-
ited information set as I, \X.*! We then calculate the
new expected utilities E[U;; | [x\X] using the same
procedure, with the same set of simulated stochas-
tic terms €; and calculate the new optimal choice
I(I\X). If the consumer makes the exact same choice
under these two conditions, then the value of infor-
mation component X is zero; otherwise, the con-
sumers would obtain different consumption utilities
under these two choices. For example, if the con-
sumer chooses restaurant option j under information
set Iy, but restaurant j/ under information I;\X, we
can simulate the real consumption utility under these

Z'In the extreme scenario where Dianping is entirely removed,
X=1I.
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Table 8 Economic Value of Information for Consumers

Economic value (CNY)

Information component New visitor Repeat visitor Overall
Dianping total 6.11 10.41 6.68
Quality information 6.06 10.40 6.64
Cost information 0.04 0.02 0.04
Rating 0.51 0.77 0.56
Content 1.58 2.06 1.64
Star status 0.60 1.10 0.67
Helpful votes 0.11 0.23 0.14
Length of content 0.02 0.03 0.02

Note. Because there are interaction effects between the information compo-
nents in the value function, the total information value is not equal to the sum
of each component.

two choice scenarios and compute the difference of
AU;(X) = U;; — Uy To compute the consumption util-
ity, we simulate the ex-post quality experience, if the
user eats at the restaurant, from her updated poste-
rior distribution under information I;.>> We also sim-
ulate the actual cost of dining based on the posterior
distribution. We repeat the procedure 100 times, and
calculate the average of the differences across simula-
tions to obtain the expected utility change, AEU;(X).
The difference AU;(X) under each draw can be posi-
tive or negative. However, since we assume that the
information is unbiased, the average of the differences
across all simulations, AEU;(X), will be positive.

We then calculate the gain or loss in terms of mon-
etary value by making the utility change equal the
utility change when she pays an amount V;(X). From
the utility function in Equation (1), this can be calcu-
lated as: V;(X) = —AEU;(X)/w’. Finally, we calculate
the average of V;(X) across all users observed in data
as the measure of the consumer value for the infor-
mation component X.

The change in consumer value per user generated
from different information components are presented
in Table 8. We also separately report the value for
new visitors and returned visitors. Because returned
visitors (in our sample) have less precise priors about
the quality, the effects of different information compo-
nents are in general higher for returned visitors. The
consumer value generated from reviews at Dianping,
reported in the first row, is 6.1 CNY for each new visi-
tor and 10.4 CNY for each returned visitor. Overall the
average value is 6.7 CNY per user. Assuming that a
user brings two friends to the restaurant, and that the
average cost per person is 85 CNY as in the data, the
value is about 3% of the total expense. As Dianping
attracts over 30 million unique visitors every month,

ZIn this way we implicitly assume that the updated belief is
unbiased. The more reviews the user reads, the smaller the
updated variance; thus, the belief is closer to the true consumption
experience.

RIGHTS L

the aggregate economic value that Dianping brought
to consumers is estimated to be 210 million CNY a
month, assuming that the users in our sample repre-
sent the population of visitors at Dianping.

The next two rows in the table break down con-
sumer value based on quality and cost information.
Quality information has the dominant share of the
total value. This is because the estimated cost weight
is small (relative to quality parameters, as shown in
Table 7), and the differences in dining cost are not too
large between restaurants (see Table 1). The value of
cost information may be higher in other settings. Fur-
thermore, in undifferentiated learning, users only use
the information to update their beliefs on the aver-
age and variance of costs across reviewers. This is
less valuable compared to using differentiated learn-
ing to learn own taste for restaurant quality. The pro-
vision of cost information therefore rarely changes
consumers’ choices.

The next five rows in the table report the mar-
ginal effects of different information components on
consumer value. Both rating and content provide
information on restaurant quality, but the effect of the
latter dominates the former because users perceive
that content is more accurate. The marginal effect of
content on consumer value is about 24% of the total
value from the quality information. This suggests that
content cannot be substituted by other information
components of reviews.

For the information components that affect the taste
correlation §; in differentiated learning, only the star
status of reviewers has a significant marginal effect,
i.e., about 10% of the total economic value. This infor-
mation helps users to learn their tastes from review-
ers of the same type. Although the marginal effect
of “helpful votes” is negligible, the real reason that
Dianping offers this feature is perhaps to motivate
reviewers to provide more feedback and thus receive
more votes. This provides an indirect contribution to
the value of reviews, which has not been measured.
Finally, limiting comments from 1,000 to 300 charac-
ters at most does not change the consumer value. This
suggests that Dianping may restrict reviewers to writ-
ing shorter (but useful) comments, so that users can
read more reviews in a single Web page.

5.2. The Value of Information for Restaurants

The economic value of online reviews for restau-
rants comes from how they affect the probability
of consumer visits. Whereas reducing uncertainty
will increase users’ expected utility, reviews might
also reduce the expected quality, depending on what
reviews users read. The expected probability for user i
to visit restaurant j is 6; as in Equation (2). Thus, the
change in the visiting probability when review feature
X is removed is

Agij(X) = Oij(IK) - aij(IK\X)'
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Table 9 Economic Value of Information for Restaurants

Economic value (CNY)

More popular Less popular

Information component restaurants restaurants Overall
Dianping total 9.56 8.37 8.63
Quality information 9.34 8.38 8.59
Cost information 0.7 -0.17 0.03
Rating —2.67 -2.38 —2.45
Content 1.18 3.09 2.67
Star status 2.03 2.55 2.44
Helpful votes 0.87 0.66 0.71
Length of content —0.18 —0.34 —0.30

Note. Because there are interaction effects between the information compo-
nents in the value function, the total information value is not equal to the sum
of each component.

Assume that the user brings two friends and that each
person pays 85 CNY. Also assume that the average
profit margin for restaurants is 30%, so the profit of a
visit is about 77 CNY for the restaurant. The economic
value of information X to restaurant j is V;(X) =
77 x A6;(X). Summing up across the seven restau-
rants, and taking the average across all observations,
we can obtain the value for the seven restaurants for
each browsing session.

Table 9 reports the results. The overall profit impact
for the seven restaurants is about 8.6 CNY per brows-
ing session. Given the 8,918 browsing sessions in the
three-month sample period, this suggest that Dian-
ping brings a 25,000 CNY profit increase for the seven
restaurants in our sample, or about 3,600 CNY per
month for each restaurant. In 2007 the average annual
revenue of a restaurant in China was about 300,000
CNY (Chen 2008). The 3,600 CNY increase represents
a significant contribution to the baseline profit, high-
lighting the importance of review websites for the
business. We also classify the three restaurants in
chain A as more popular since they have a higher con-
version rate. We classify the rest as less popular. The
value is much higher for popular restaurants, indi-
cating that with lower uncertainty about quality and
cost, users are more likely to choose popular restau-
rants. Similar to the results for the consumer value,
the majority of the restaurant profit increase comes
from information on the quality of restaurants. With
ratings available, the marginal effect of content is 2.7
CNY, about 31% of the total value for restaurants.
With content available, however, the marginal effect
of ratings will reduce the restaurant profit by 2.5 CNY
because the large diversity in ratings even for the
same restaurant will increase users” updated variance
of restaurant quality. Finally, the impact of other infor-
mation components is negligible.

6. Conclusion
This paper proposes a new learning mechanism to
study how reviews impact the consumer choice of
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restaurants. Calibrating our models on a unique data
set provided by Dianping.com, we find that, for the
learning of quality, consumers use the information
provided from the website to distinguish the infor-
mational value of different reviews and learn own
preferences. For the learning of cost, consumers focus
only on the overall distribution summarized by the
mean and the variance across consumer population.
Based on estimation results, we conduct counterfac-
tual experiments to study how consumers’ choices
would change under different information provision
scenarios, and use the outcomes to measure the value
of online reviews. We find that online reviews from
Dianping generate value for consumers as well as
restaurants because they reduce the uncertainty asso-
ciated with consumption decisions.

There are several possible directions for future re-
search. It will be interesting to further explore the
underlying behavioral process for the effects of user
and reviewer characteristics on consumer learning.
Controlled experiments are desirable for this pur-
pose. We acknowledge that the major limitations in
this study are that we treat the choice set and the
reviews that a consumer reads as exogenous. If con-
sumers also use information from Dianping to form
the choice set prior to reading reviews, the total eco-
nomic value we calculated for consumers and restau-
rants may be biased downward. Furthermore, users
can read more reviews if their uncertainties are not
resolved; the optional value of reading more reviews
has not been captured in the calculation of the eco-
nomic value. To endogenize these decisions in the
study, however, requires additional data on what
information the consumer is exposed to prior to read-
ing reviews. A structural information search model,
together with the current consumer learning model,
will vastly increase model complexity. Finally, this
study ignores potential information spillovers from
multiple browsing sessions of the same users. We
hope this topic will be explored in future research.
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