This article was downloaded by: [68.239.31.14] On: 04 March 2022, At: 13:05
Publisher: Institute for Operations Research and the Management Sciences (INFORMS)
INFORMS is located in Maryland, USA

Information Systems Research
Publication details, including instructions for authors and subscription information:
http://pubsonline.informs.org

Your Hometown Matters: Popularity-Difference Bias in
Online Reputation Platforms
Marios Kokkodis, Theodoros Lappas

To cite this article:
Marios Kokkodis, Theodoros Lappas (2020) Your Hometown Matters: Popularity-Difference Bias in Online Reputation Platforms.
Information Systems Research 31(2):412-430. https://doi.org/10.1287/isre.2019.0895
Full terms and conditions of use: https://pubsonline.informs.org/Publications/Librarians-Portal/PubsOnLine-Terms-andConditions
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 © 2020, INFORMS
Please scroll down for article—it is on subsequent pages

With 12,500 members from nearly 90 countries, INFORMS is the largest international association of operations research (O.R.)
and analytics professionals and students. INFORMS provides unique networking and learning opportunities for individual
professionals, and organizations of all types and sizes, to better understand and use O.R. and analytics tools and methods to
transform strategic visions and achieve better outcomes.
For more information on INFORMS, its publications, membership, or meetings visit http://www.informs.org

INFORMATION SYSTEMS RESEARCH
Vol. 31, No. 2, June 2020, pp. 412–430
ISSN 1047-7047 (print), ISSN 1526-5536 (online)

http://pubsonline.informs.org/journal/isre

Your Hometown Matters: Popularity-Difference Bias in Online
Reputation Platforms
Marios Kokkodis,a Theodoros Lappasb
a
Carroll School of Management, Boston College, Chestnut Hill, Massachusetts 02467; b School of Business, Stevens Institute of Technology,
Hoboken, New Jersey 07030
Contact: kokkodis@bc.edu,
https://orcid.org/0000-0002-5037-6060 (MK); tlappas@stevens.edu,
https://orcid.org/0000-0002-4669-4170 (TL)

Received: August 31, 2017
Revised: August 3, 2018; May 8, 2019;
August 9, 2019
Accepted: September 10, 2019
Published Online in Articles in Advance:
May 8, 2020
https://doi.org/10.1287/isre.2019.0895
Copyright: © 2020 INFORMS

Abstract. We study a new source of bias in online review platforms that originates from

the popularity difference between the traveling reviewer’s hometown and destination
(popularity-difference bias). In particular, we model popularity-difference bias as a
function of two opposing forces: (1) the travelers’ evaluation of performance and (2) the
travelers’ expectations. The net result of these two forces leads to two competing views
regarding the nature of popularity-difference bias: the ﬁrst view is performance-dominant,
whereas the second one is expectation-dominant. Through analyzing a large set of restaurant reviews from a major online reputation platform, we ﬁnd empirical evidence
in support of the performance-dominant view. Speciﬁcally, we ﬁnd that popularitydifference bias affects both the assigned rating and the text-encoded sentiment of a review. When reviewers travel to a less popular location than their hometown, popularitydifference bias is negative. To the contrary, when reviewers travel to a more popular
location than their hometown, popularity-difference bias is positive. Popularity-difference
bias affects the average rating of restaurants up to 11%. As a result, a restaurant’s ratings
skew lower if the restaurant tends to attract guests from more popular locations, whereas
they skew higher if the restaurant tends to attract guests from less popular locations. This
effect on ratings alters the probability that an average customer will consider a restaurant by up to 16%. Finally, awareness of popularity-difference bias allows managers
to improve the design of their ranking systems: we show that such improvements can
lead to up to 12% higher reviewer satisfaction, and up to 24% more diversiﬁed toprestaurant recommendations.
History: Saby Mitra, Senior Editor; Prasanna Tambe, Associate Editor.
Supplemental Material: The e-companion is available at https://doi.org/10.1287/isre.2019.0895.
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that affect the review-authoring process, such as selfselection (Li and Hitt 2008, Koh et al. 2010, Hu et al.
2017), reviewer popularity (Goes et al. 2014), and
social identity (Li et al. 2017, Wang et al. 2018). Recently, location-based characteristics and their effects on the review-authoring process have attracted
interest from both academia (Huang et al. 2016,
Neumann et al. 2017, Gao et al. 2018, Park et al. 2019)
and industry (Soups 2015, Bialik 2017). Speciﬁcally,
these works show that the spatial distance traveled by
the reviewer has a positive effect on review ratings in
the restaurant domain (Huang et al. 2016, Neumann
et al. 2017) and an inverted U-shaped effect on the
service ratings in the hotel domain (Park et al. 2019).
But how do differences between locations affect the reviewauthoring process?
To investigate, we focus on the popularity difference between a reviewer’s hometown and visiting
destination. A destination’s popularity is shaped by

1. Introduction
Online reputation platforms such as TripAdvisor and
Yelp are a rich and ubiquitous source of information
for potential customers (Chevalier and Mayzlin 2006,
Zhu and Zhang 2010, Luca 2018). Consumers can visit
such platforms, read reviews on competitive products
and services, identify advantages and disadvantages,
and ultimately, make an informed purchase decision.
As a result, product reviews and ratings have a strong
impact on consumer consideration (Duan et al. 2008a,
Vermeulen and Seegers 2009) and sales (Forman et al.
2008) across a wide range of domains, including movies
(Duan et al. 2008a), books (Chevalier and Mayzlin
2006), electronics (Ghose and Ipeirotis 2011, Cui et al.
2012), hotels (Ye et al. 2009), and local businesses
(Zhang et al. 2010, Lu et al. 2013, Luca 2018).
The well-documented impact of online review platforms on product sales has motivated researchers to
consider endogenous and exogenous characteristics
412
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various characteristics, including attractions, indoor and
outdoor activities, museums, and theater (Silberberg
1995, Bennett 2005, Suh and West 2010, GonzálezRivera 2018). As a result, it affects the satisfaction
surplus (or deﬁcit) that travelers receive during a
visit. Prior work (Teas 1993) suggests that a travelers’
satisfaction is captured by two components: (1) the
travelers’ perceived performance of the reviewed venue
and (2) the travelers’ venue expectations. We argue
that popularity difference affects both of these components. In particular, a destination with a higher
popularity than the reviewer’s hometown increases
both the reviewer’s perceived performance of the
venue and the reviewer’s expectations from the
venue (positive popularity difference spills over to
both performance and expectations). To the contrary,
a destination with a lower popularity than the reviewer’s hometown decreases the reviewer’s perceived performance of the venue and the reviewer’s
expectations from the venue (negative popularity
difference spills over to performance and expectations). The net result of the two competing forces
(spillovers to performance versus spillovers to expectations) leads to two competing hypotheses regarding the nature of popularity-difference bias: the
ﬁrst view is performance-dominant (spillovers to performance are larger than spillovers to expectations),
whereas the second one is expectation-dominant (spillovers on expectations are larger than spillovers on
performance).
We test the proposed theoretical framework by
collecting and analyzing a set of 763,658 restaurant reviews from 1,484 cities in the continental
United States. We operationalize a location’s popularity through the location’s total number of hotel
reviews. To isolate the hypothesized effect, we control
for a set of time-varying observed and static unobserved characteristics. Text analysis of the reviews
shows additional evidence of popularity-difference
spillovers to travelers’ satisfaction. Robustness checks
and secondary analyses (subsampling analysis on
restaurant chains and matched restaurants, propensity score matching, population segmentation and
undersampling, alternative modeling choices, alternative measures of popularity difference) increase the
conﬁdence in the observed results.
The empirical analysis supports the performancedominant view and provides the following novel
ﬁndings:
• Popularity-difference spillovers on reviewers’ performance evaluations are stronger than on reviewers’
expectations. As a result, the popularity difference
between the traveling reviewer’s hometown and destination biases the review-authoring process.
• The direction of popularity-difference bias depends on whether the destination is less or more

popular than the reviewer’s hometown. In the former
scenario (i.e., traveling to a more popular location),
popularity-difference bias is positive. In the latter
scenario (i.e., traveling to a less popular location),
popularity-difference bias is negative.
• Popularity-difference bias manifests in both the
rating and the text-encoded sentiment of a traveler’s
review.
Our work extends research on biases in online
reviews by revealing, explaining, and measuring
popularity-difference bias in online review platforms.
It empirically shows that reviewer expectations and
performance evaluations are shaped, in part, by the
reviewers’ hometown. This existence of popularitydifference bias has an economic impact on the participating businesses. Restaurants that are prone to
travelers from more popular locations experience a
negative bias that decreases their average ratings by
up to 11%. On the other hand, restaurants that are
prone to travelers from less popular locations experience a positive bias that increases their average
ratings by up to 4%. Popularity-difference bias affects
98% of the restaurants in our data set. Review-based
rankings that reputation platforms use to organize
and present competing businesses are also subject
to popularity-difference bias, which alters the probability that a potential customer will consider a restaurant by up to 16%. A reduction (unbiased-tobiased) of 16% in consideration probability means
that an affected restaurant never has the opportunity
to convert 16 out of every 100 travelers that it would
have access to in a bias-free setting. These ﬁndings guide design actions that platforms can take to
either alleviate or exploit popularity-difference bias:
through personalized rankings that leverage popularity difference, we show that platforms can increase
reviewer satisfaction by up to 12% while diversifying
their top-recommended restaurants by up to 22%.

2. Research Context and
Hypotheses Development
Online reputation systems that rely on reviews and
ratings resolve various information asymmetries in
online marketplaces (Dellarocas 2003, 2006; Bolton
et al. 2004; Bakos and Dellarocas 2011; Kokkodis and
Ipeirotis 2013, 2016; Lappas 2012). As a result, these
systems have a strong economic impact (Chevalier
and Mayzlin 2006; Duan et al. 2008a, 2009; Forman
et al. 2008; Archak et al. 2011; Gu et al. 2012; Kokkodis
2012; Sun 2012; Lu et al. 2013; Jabr and Zheng 2014;
Kwark et al. 2014; Jiang and Guo 2015; Kokkodis and
Lappas 2016). This well-documented effect of reviews
and ratings on product sales has motivated a stream
of research that studies the characteristics and drivers
of the review-authoring process.

414
2.1. Biases in Online Review Platforms
Both endogenous and exogenous characteristics can
bias the review-authoring process. Self-selection bias,
which is often driven by disconﬁrmation (Ho et al.
2017), results in a J-shaped online rating distribution
(Hu et al. 2017, Kokkodis 2019) and decreases consumer surplus (Li and Hitt 2008). Positive rating
environments increase posting incidence, whereas
negative rating environments discourage it (Moe and
Schweidel 2012). Social identity (Li et al. 2017, Wang
et al. 2018), social norm (Burtch et al. 2017), monetary
incentives (Khern-am nuai et al. 2018), prior ratings
(Moe and Trusov 2011, Lee et al. 2015), the reviewer
and product popularity (Goes et al. 2014, Lee et al.
2015), market competition (Gutt et al. 2019), and
demographics (Bakhshi et al. 2014) further introduce
biases to the assigned ratings (Dai et al. 2018).
Location-based effects can also affect the reviewauthoring process (Huang et al. 2016, Neumann et al.
2017, Gao et al. 2018, Park et al. 2019). Travelers
from countries with high societal inequality (high
power distance) rate with a negative predisposition
(Gao et al. 2018). Traveled geographical distance
between the reviewer’s domicile and the location of
the reviewed business has a positive effect on restaurant ratings (Huang et al. 2016, Neumann et al.
2017) and an inverted U-shaped effect on hotels’
service ratings (Park et al. 2019). This study extends
this line of work by investigating how differences
between the reviewer’s hometown and destination
environments affect both the ratings and the sentiment expressed in the review text.
2.2. The Emergence of Popularity-Difference Bias
Compared with unpopular destinations that are not
frequently visited by travelers, popular destinations
(such as New York, Chicago, and Las Vegas) have an
abundance of characteristics that can elevate a traveler’s experience (Silberberg 1995, Bennett 2005, Suh
and West 2010, González-Rivera 2018). Examples of
such destination characteristics include attractions,
indoor and outdoor activities, retail shops, museums,
theater, hotels, and restaurants. The availability and
quality of such characteristics shape the destination’s
popularity, which is reﬂected by the number of visitors
that the destination receives (Silberberg 1995, Grass
2017, González-Rivera 2018).
Prior research suggests that a destination’s characteristics and popularity can create a satisfaction
surplus (or deﬁcit) that travelers will receive during a
visit to the destination (Chon 1990, Echtner et al. 1991,
Silberberg 1995, Pike 2002, Tasci et al. 2007, Chi and
Qu 2008, Stepchenkova and Mills 2010, RamseookMunhurrun et al. 2015, Grass 2017, González-Rivera
2018). This popularity effect on traveler satisfaction manifests as the difference of two fundamental
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components (Teas 1993): perceived performance and
expectations. In particular, for a traveler i who visits a
venue j, satisfaction Sij is:
Sij  Pij − Eij + uij ,

(1)

where Pij is the perceived performance of traveler i
for venue j, Eij are the expectations of traveler i for
venue j, and uij captures both exogenous (e.g., distance traveled, population, or income differences
between hometown and visiting locations) and endogenous (e.g., unobserved quality of the venue)
characteristics that could affect satisfaction.
Pij and Eij in Equation (1) are traveler-speciﬁc, as not
all travelers are created equal. In this work, we argue
that one of the dimensions that affect both Pij and Eij
is the difference in popularity between a traveler ’s
hometown and visiting location. Consider for instance a traveler planning to visit a destination that
is signiﬁcantly more popular than the traveler ’s
hometown. Due to the positive popularity difference
between destination and hometown, travelers’ expectations will likely increase more than they would
have if the popularity difference between the two
locations were insigniﬁcant. Similarly, when the
traveler actually visits the destination and experiences the reasons that drive the difference in popularity (e.g., through more options, better services,
amenities, attractions), then the traveler’s perceived
performance of the destination’s services will increase according to the experienced difference between
the two locations.1
Based on this discussion, we argue that Pij and Eij
include components that represent both the venue (r)
and the popularity difference (δ) between the traveler’s hometown and destination. The venue component captures the traveler’s perceived performance
of the venue (Prij ) and prior venue expectations (Erij ).
The popularity difference component accounts for
potential spillover effects that popularity difference
has on both the traveler’s perceived performance
of the venue (Pδij ) and the traveler’s expectations from
the venue (Eδij ). By formalizing these components,
Equation (1) becomes:
(
)
(2)
Sij  Prij + Pδij − Erij + Eδij + uij .
As we discuss next, the design of the Pδij and Eδij
constructs relies on the susceptibility of expectations
and perceived performance to spillover effects.
2.2.1. Popularity-Difference Spillover Effects on Performance Evaluation (Pijδ ). Subjective performance eval-

uations are sensitive to spillover effects from peripheral factors (Bol and Smith 2011). Prior performance
information (Murphy et al. 1985, Huber et al. 1987,
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Kravitz and Balzer 1992), information from different
sources (Blakely 1993, Murphy and Cleveland 1995,
Bono and Colbert 2005) and other external dimensions (Bol and Smith 2011, Ramseook-Munhurrun
et al. 2015) can bias performance evaluation in ways
that cannot be controlled by the evaluated entity.
In our context, the popularity difference between
the traveler’s hometown and the visiting location is a peripheral uncontrollable factor that spills
over to the traveler’s perceived performance of the
venue (i.e., the traveler’s performance evaluation of
the venue).
2.2.2. Popularity-Difference Spillover Effects on Expectations (Eijδ ). Similarly, the impact of spillover effects

on traveler expectations has been documented in
multiple domains, including (1) national brand identity, where a nation’s reputation shapes traveler expectations (Agarwal and Sikri 1996, Fan 2006, Roshan
et al. 2017), (2) e-commerce platforms, where the platform’s trust extents to the platform’s sellers (Verhagen
et al. 2006, Chen et al. 2015), and (3) brand extension,
where consumers shape positive expectations on
new products because of the products’ brands (Bhat
and Reddy 2001, Shen 2014). In our context, these
studies suggest that popularity difference will spill
over to travelers’ expectations of the visited venue.
It is important to highlight that popularity difference spillovers to performance evaluations and expectations are not directly relevant to the restaurant’s
quality (Litvin et al. 2008, Kim and Stepchenkova
2015, Abubakar and Ilkan 2016). For instance, due
to popularity difference spillovers, a traveler that
arrives in a signiﬁcantly more popular touristic city is
likely to have increased expectations from the city’s
restaurants (Phelps 1986, Grönroos 1990, Font 1997,
Bigne et al. 2001, Litvin et al. 2008, Wang et al. 2009,

Wang and Pizam 2011, Prayag and Ryan 2012, Kim
and Stepchenkova 2015, Abubakar and Ilkan 2016). If
these high expectations are not met during dining,
the traveler will be disappointed. Similarly, compared
with the traveler’s hometown offerings, the many
higher-quality offerings of a popular city (Silberberg
1995, Bennett 2005, Suh and West 2010, GonzálezRivera 2018) will have a positive spillover effect on
the way a visitor perceives the performance of a local
restaurant, independent of the restaurant’s actual
quality (Pike 2002, Tasci et al. 2007, Chi and Qu 2008,
Stepchenkova and Mills 2010, Ramseook-Munhurrun
et al. 2015).
As a result, and based on this discussion, we expect
(i) positive (or zero) spillover effects on both expectations and performance when travelers visit more
popular destinations than their hometowns, and (ii)
negative (or zero) spillover effects when travelers
visit less popular destinations than their hometowns.
According to Equation (2), performance spillovers
(Pδij ) and expectation spillovers (Eδij ) are at odds
(performance-expectation tension): higher perceived
performance has a positive effect on satisfaction,
whereas higher expectations have a negative effect.
As a result, the net popularity-difference bias (bδ ) in a
traveler’s satisfaction is as follows:
Popularity-difference bias : bδ  Pδij − Eδij .

(3)

Figure 1 schematically describes the discussed hypothesized mechanism that shapes popularity-difference
bias.
Equation (3) assumes that the size of the bias is
the same regardless of whether the traveler visits a
location with a higher (δ > 0) or a lower popularity
(δ < 0) compared with the traveler’s hometown. To
allow for direction-speciﬁc magnitudes for both the

Figure 1. (Color online) The Generation Process of Popularity-Difference Bias

Notes. The ﬁgure summarizes how the popularity difference between a traveler ’s hometown and destination spills over to performance
evaluations and expectations, thus shaping popularity-difference bias.

416
popularity-difference performance (Pδij ) and expectation (Eδij ) spillovers, we rewrite Equation (3) as
follows:
(
)
δ<0
Pδij  Pδ>0
(4)
ij 1δ>0 + Pij 1δ<0 f (δ),
(
)
δ<0
(5)
Eδij  Eδ>0
ij 1δ>0 + Eij 1δ<0 f (δ),
where 1cond is an indicator function that is true only
when the condition cond is true, and f (δ) is a normalizing function that regulates the effect of the
differences (δ) and is sign-preserving. As a result, the
function f (δ) determines the positive or negative diδ>0
δ<0
δ<0
rection of the effect, whereas Eδ<0
ij , Eij , Pij , and Pij
encode the size of their respective effects and are
thus greater or equal to zero. Combining Equations (4)
and (5), Equation (3) becomes:
[
(
)
(
)]
δ>0
δ<0
δ<0
bδ  f (δ) × 1δ>0 Pδ>0
−E
P
−
E
+
1
. (6)
δ<0
ij
ij
ij
ij
Based on Equation (6), in order for popularity-difference
bias to actually affect a traveler’s satisfaction, one of
the two components (i.e., performance spillover or expectation spillover) has to be signiﬁcantly larger than the
other. This generates two types of competing hypotheses: performance-dominant and expectation-dominant.
For the performance-dominant view, we hypothesize the following:
Hypothesis 1a (Performance-Dominant with δ > 0). If the

popularity of the traveler’s destination is higher than that
of the traveler’s hometown (δ > 0), then the popularitydifference spillovers to perceived performance will exceed
the popularity-difference spillovers to expectations (Pδ>0
>
ij
).
As
a
result,
popularity-difference
bias
will
be
positive
Eδ>0
ij
(Equation (6), bδ > 0).
Hypothesis 1b (Performance-Dominant with δ < 0). If the

popularity of the traveler’s destination is lower than that
of the traveler’s hometown (δ < 0), then the popularitydifference spillovers to perceived performance will exceed
the popularity-difference spillovers to expectations (Pδ<0
>
ij
δ<0
Eij ). As a result, popularity-difference bias will be negative
(Equation (6), bδ < 0).
Similarly, for the competing expectation-dominant
view, we hypothesize the following:
Hypothesis 2a (Expectation-Dominant with δ > 0). If the

popularity of the traveler’s destination is higher than that
of the traveler’s hometown (δ > 0), then the popularitydifference spillovers to expectations will exceed the
popularity-difference spillovers to perceived performance
(Pδ>0
< Eδ>0
ij
ij ). As a result, popularity-difference bias will be
negative (Equation (6), bδ < 0).
Hypothesis 2b (Expectation-Dominant with δ < 0). If the

popularity of the traveler’s destination is lower than that
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of the traveler’s hometown (δ < 0), then the popularitydifference spillovers to expectations will exceed the popularity< Eδ<0
difference spillovers to perceived performance (Pδ<0
ij
ij ).
As a result, popularity-difference bias will be positive
(Equation (6), bδ > 0).
Next, we discuss the empirical setting that facilitates the investigation of the performance-expectation
tension (Figure 1).

3. Research Setting
We collect and analyze a unique set of reviews
from one of the largest travel reputation platforms,
RepPlatform (pseudonym). RepPlatform is a major
online review-hosting platform that receives hundreds of millions of monthly travelers and hosts more
than half a billion online reviews. For our analysis, we
devise a data set of 763,658 reviews posted by 31,812
reviewers on 50,194 restaurants. All the reviewers
and restaurants are located in 1,484 cities and towns
of the continental United States. The reviews were
posted in a span of 14 years, between 2004 and 2018.
Table 1 presents the diversity of the data set in terms
of reviewers, restaurants, and locations.
The discussion in Section 2.2 structures the following empirical speciﬁcation for capturing a reviewer’s satisfaction:
Reviewer satisfactionijt
⎤⎥⎥
⎡⎢⎢⎢
αδ>0
αδ<0
⏞̅̅̅̅̅⏟⏟̅̅̅̅̅⏞
⏞̅̅̅̅̅⏟⏟̅̅̅̅̅⏞
⎢⎢⎢
(
)
(
)⎥⎥⎥⎥⎥
⎢⎢⎢
δ>0
δ<0 ⎥
⎥⎥⎥
 f (δ) × ⎢⎢⎣1δ>0 Pδ>0
+1δ<0 Pδ<0
ij − Eij
ij − Eij
⎦
+ βX ijt + REVi + RESTj + Tt + εijt ,

(7)

where X ijt is a vector of time-varying restaurant,
reviewer, exogenous and experience characteristics,
REVi captures reviewer i’s ﬁxed effects, RESTj restaurant j’s ﬁxed effects, and Tt captures time-ﬁxed
effects. In the next paragraphs, we discuss the operationalization of reviewer satisfaction and popularity
difference (δ), and we describe the set of control
variables that form vector X ijt .
3.1. Operationalization of Reviewer Satisfaction
We utilize two different manifestations of reviewer
satisfaction: (1) the review’s star rating (1–5), and (2)
the review’s text-encoded sentiment. Although these
two measures are typically correlated (Ganu et al.
2009), their alignment is not perfect (Garcia and
Schweitzer 2011, Terzi et al. 2011, Mudambi et al.
2014). Studying both dimensions is particularly important because they both affect recommender
systems (Xiang et al. 2015, Guo et al. 2017), sales
(Hu et al. 2014), and review helpfulness (Tsang and
Prendergast 2009, Hong et al. 2016).
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Table 1. Data Overview

Reviewer reviews as local
Reviewer reviews as traveler
Reviews per reviewer
Restaurant reviews
Restaurant price range ($–$$$$)
Restaurant mean rate
Location restaurants
Location population
Location income
Location restaurant reviews
Location hotel reviews (ξ, location
popularity)

Mean

Median

Min

Max

Standard Deviation

8
16
24
15
2.14
4.01
34
83,239
50,241
518
10,671

4
9
15
9
2
4
13
35,255
48,138
180
2,958

1
1
3
3
1
1.43
1
576
21,883
4
1

359
639
661
1,187
4
5
1,744
8,537,673
106,143
15,785
918,387

13
22
29
21
0.77
0.43
92
289,351
12,413
1,261
42,212

Notes. The data set includes 763,658 reviews posted by 31,812 reviewers on 50,194 restaurants. All the reviewers
and restaurants are located in 1,484 cities in the continental United States. The reviews span 14 years (2004–2018). In
the data set, 340,562 reviews were posted from reviewers who traveled to more popular locations (δ > 0), 168,506
from reviewers who traveled to less popular locations (δ < 0), and 254,577 reviews from reviewers who did not
travel (δ  0).

The star rating of each review is readily available in
our data set. To evaluate the valence encoded in the
review text, we utilize the Linguistic Inquiry and
Word Count (LIWC) text analysis software (LIWC
2018). LIWC adopts a dictionary-based approach and
has recently been successfully used to estimate sentiment and emotionality in online reviews (Sridhar
and Srinivasan 2012, Goes et al. 2014, Yin et al. 2014,
Hong et al. 2016). In our own context, we use the
number of positive and the number of negative words
(as reported by LIWC) to encode the positive and
negative sentiment in each review. We then estimate
P+1
the ratio of positive to negative terms (N+1
) as a measure
of the review’s sentiment (Doshi et al. 2010, Maynard
and Funk 2011, Dehkharghani et al. 2012). This ratio
allows us to combine the two counts in a variable that
has a similar behavior as the review’s rating: a lower
ratio value represents negative sentiment, whereas a
higher ratio value represents positive sentiment.
3.2. Operationalization of Popularity Difference
We operationalize popularity via the total number of
hotel reviews posted in that location (ξ). Our approach is grounded on the need for (1) a measure that
is applicable across hundreds of distinct locations,
and (2) our focus on online review systems. Hence, we
deﬁne popularity difference δ to be the difference in
hotel reviews between the baseline (hometown, ξh )
and destination (ξd ) of the traveler. Table 1 shows that
ξ has a long tail. As a result, we log-transform it and
deﬁne popularity difference δ as follows:2

Popularity difference : δ  log(ξd ) − log(ξh )
( )
ξd
 log
.
ξh

(8)

We assume that popularity difference will have diminishing effects: the marginal increase of Δδ has
a different meaning when δ is small than when it
is large. For instance, traveling from a small town
with one hotel and 10 hotel reviews to New York
(∼ 918, 000 reviews) is not much different than traveling from the same town to Los Angeles (∼ 185, 000
reviews), even though New York has almost ﬁve
times more RepPlatform hotel reviews than Los
Angeles. Figure 2 visualizes such diminishing effects
of popularity difference under the two competing sets
of hypotheses and reveals that, to encode this intuition, function f (δ) must regulate δ into a sigmoid.
To ﬁnd an appropriate function that is signpreserving and has a sigmoid shape, we draw on
the extensive literature on neural networks (Haykin
1994). Four activation functions are natural options
for our scenario: tanh, arctan, softsign, and the inverse square root unit (Haykin 1994). Table D13 in
Appendix D.4 compares the performance of these
functions (along with a linear and a quadratic transformation). The results show that the arctan transformation yields the highest ﬁt for our data. Hence,
we choose the following:
f (δ)  arctan(δ).

(9)

3.3. Control Variables
Our goal is to identify any manifestation of popularitydifference bias on customer reviews. To reiterate, various endogenous and exogenous characteristics
affect the review-authoring process, including selfselection (Ho et al. 2017, Hu et al. 2017), social identity (Li et al. 2017, Wang et al. 2018), social norm
(Burtch et al. 2017), monetary incentives (Khern-am
nuai et al. 2018), prior ratings (Moe and Trusov 2011,
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Figure 2. (Color online) Diminishing Effects of Popularity Difference

Note. Shape and sign of popularity-difference bias according to the two competing hypotheses.

Lee et al. 2015), the reviewer and product popularity
(Goes et al. 2014, Lee et al. 2015), market competition (Gutt et al. 2019), and demographics (Bakhshi
et al. 2014). To control for many of these factors, we
create a set of observed, time-varying variables:
3.3.1. Time-Varying Exogenous Characteristics. Equa-

tion (2) includes terms that capture how exogenous
factors affect satisfaction. In our speciﬁcations, we
control for the distance traveled (“distance traveled,”
Huang et al. 2016), for monetary (“income difference”), and for population-speciﬁc (“population ratio”) differences between the reviewer’s hometown
and the visiting location.
3.3.2. Time-Varying Reviewer Characteristics. Over

time, reviewers evolve and adjust their preferences
both in terms of places that they visit and dine in, as well
as in terms of the way they evaluate their experience.
To capture this evolution, we control for a number of
time-varying characteristics. Speciﬁcally, we measure
(1) the familiarity of the reviewer (“destination familiarity”) with the visited location through the number
of repeated visits, (2) the reviewer’s current rating
trend (“reviewer current baseline”) through the average rating of the previously posted reviews, (3) the
reviewer’s local-to-visitor ratio of reviewed restaurants (“reviewer local-to-traveler ratio”), which controls for reviewers who review either more or less as
travelers than as locals, (4) the experience (“reviewer
number of reviews”) of a reviewer in reviewing restaurants, (5) the average ratings (“reviewer type
(rate)”), and price-range (“reviewer type (price range)”)
of previously visited restaurants.
3.3.3. Time-Varying Restaurant Characteristics. Simi-

lar to reviewers, restaurants evolve over time. They
change menus, hire different chefs, and renovate
their interiors. To capture any potential effects of
such time-varying characteristics of restaurants on
the review-authoring process, we control for (1) the

percentile position of the restaurant in its city (“restaurant position”), which captures how a restaurant
ranks among its local competitors, (2) the current
average rating of the restaurant (“restaurant rate”),
(3) the current ratio of local-to-visitor guests of the
restaurant (“restaurant local-to-traveler ratio”), which
captures the afﬁnity of the restaurant to tourists and
locals, and (4) the current popularity of the restaurant through its number of total reviews (“restaurant
number of reviews”).
3.3.4. Experience-Speciﬁc Characteristics. The time-

varying observed controls capture a generic observable state of the environment, reviewer, and restaurant. However, they do not fully describe hidden
features that could have affected the dining experience. At the same time, reviewers sometimes reveal
some of these hidden experience-speciﬁc characteristics in their review text. To extract these characteristics from the review text, we use a Distributed Memory Model (DMM; Le and Mikolov 2014),
which maps each review into a vector of real numbers. The primary parameter of this process is the
dimensionality of the embedding space. We set this
value to 30 because higher values did not improve
the ﬁt of our models. As a result, we get 30 additional variables that control for experience-speciﬁc
information the reviewers mention in the review
text (e.g., trip purpose and visit-speciﬁc events). We
name these variables as “deep learning attributes.”
Finally, we also control for the review length (“review
length (log)”), which is known to be correlated with
the assigned ratings (Kokkodis and Lappas 2016,
Kokkodis et al. 2019).
Table 2 summarizes the descriptive statistics for
the dependent, focal, and control variables. (We show
the descriptive statistics of the 30 deep learning attributes in Appendix H, Table H17.) All time-varying
controls are estimated at the time of each posted review by using complete snapshots of reviewer and
restaurant histories.
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Table 2. Descriptive Statistics of the Dependent, Focal, and Control Variables
Mean
Dependent variables
Rating
Text-encoded sentiment
Focal variable
Popularity difference (δ)
Time-varying exogenous characteristics
Distance traveled
Population ratio
Income difference (in thousands $)
Time-varying reviewer characteristics
Destination familiarity
Reviewer current baseline
Reviewer local-to-traveler ratio
Reviewer type (rate)
Reviewer number of reviews
Reviewer type (price range)
Time-varying restaurant characteristics
Restaurant position
Restaurant rate
Restaurant local-to-traveler ratio
Restaurant number of reviews

Median

Min

4.07
3.85

4
3

1
0.06

0.71

0

Max

Standard Deviation

5
43

0.94
2.67

−13.73

13.73

2.2

415
9.31
−0.25

78.59
1
0

0
0
−68.95

3,980
9,260
72.31

622
70.09
11.64

1.58
4.08
0.43
4.12
2.16
1.92

1.39
4.08
0.38
4.12
1.39
1.91

0
1
0
1.5
0.69
1

5.46
5
1
5
6.84
3

0.9
0.43
0.38
0.13
1.55
0.2

0.49
4.05
0.41
2.66

0.45
4.09
0.4
2.48

0
1
0
0.69

1
5
1
7.4

0.23
0.44
0.32
1.16

4. Results
The speciﬁcation of Equation (7) controls for observed
and unobserved characteristics that could endogenize our analysis. In particular, the control variables
capture the observed time-varying heterogeneity
across the population of different restaurants, reviewers, locations, and experiences. The ﬁxed effects
control for time-invariant unobserved heterogeneity
that originates from the reviewers, the restaurants,
the locations, and the timing of the review. Furthermore, restaurant ﬁxed effects control for any unobserved time-invariant effects of the destination city
because the location of the restaurant does not change
over time. Similarly, reviewer ﬁxed effects control for
the unobserved static effect of the reviewer’s hometown. Finally, our data set allows us to mitigate part
of the selection bias that originates from the heterogeneity in the reviewers’ choice to review: because
we compare reviews of the same reviewer both as a
traveler and as a local (i.e., all the reviewers we
consider post reviews both as locals and as travelers),
the reviews of any given reviewer are a result of
the same basic underlying review-authoring process
(static part of self-selection to review).
4.1. Main Empirical Analysis
Table 3 shows the results of a series of different
speciﬁcations. For the rating, we start from very
simple models (A1) that do not control for many of
the possible confounding factors, and then increase
the level of conservatism as we move to column (A5),
which represents the complete speciﬁcation of Equation (7). For the text-encoded sentiment, column (B1)

of Table 3 presents the complete speciﬁcation of
Equation (7). (Appendix B shows fewer conservative
estimates.) In all speciﬁcations, the coefﬁcients of interest
are positive and statistically signiﬁcant (p−value< 0.01).
This provides support for the performance-dominant
Hypotheses 1a and 1b: the popularity-difference effect on perceived performance is larger than the
popularity-difference effect on expectations.
Table 3 further shows that the coefﬁcient αδ<0 is
consistently greater than the coefﬁcient αδ>0 , in all
speciﬁcations (p−value < 0.001). In fact, in the most
conservative speciﬁcation for the rating (A5), αδ<0
is almost three times larger than αδ>0 . Potentially,
this asymmetry is an artifact of the inﬂated data
distribution: given that the average rating is 4.07,
there is more room for reviewers to deviate from
this in the negative than in the positive direction. This observation further explains why there
is less asymmetry in the text-encoded sentiment
(column B1).
To ﬁnd additional empirical evidence in support of
the hypothesized mechanism (Section 2), we look into
the raw review text, and we perform a topic modeling
analysis (Blei et al. 2003). One of the recovered topics
stands out as “destination characteristics.” It includes
words such as:
{culture, painting, outdoor patio, beach, water, river,
boat, bay, ocean, lake, pier, harbor, hill, area, picnic}.
Figure 3 shows that as popularity difference increases (in both directions), the prevalence of the
focal topic also increases (p <0.001). This suggests
that, as predicted by our theoretical framework, the
higher the popularity difference the stronger are the
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Table 3. Popularity-Difference Effects on Rating and Text-Encoded Sentiment

DV: rating

DV: text-encoded
sentiment

(A1)

(A2)

(A3)

(A4)

(A5)

(B1)

Popularity difference δ > 0

0.06***
(0.003)

0.05***
(0.002)

0.05***
(0.003)

0.04***
(0.003)

0.03***
(0.005)

0.03*
(0.015)

Popularity difference δ < 0

0.11***
(0.003)

0.09***
(0.003)

0.08***
(0.003)

0.09***
(0.003)

0.07***
(0.004)

0.06***
(0.014)

Distance traveled (log)

0.01***
(0.001)

0.01***
(0.001)

0.01***
(0.001)

0.01***
(0.001)

0.01***
(0.001)

0.01***
(0.002)

Destination familiarity

−0.02***
(0.001)

−0.01***
(0.001)

−0.03***
(0.001)

−0.02***
(0.001)

−0.03***
(0.002)

−0.03***
(0.005)

Restaurant position

−0.14***
(0.009)

−0.10***
(0.009)

−0.09***
(0.010)

−0.33***
(0.013)

−0.32***
(0.014)

−0.26***
(0.041)

Restaurant rate

0.75***
(0.005)

0.63***
(0.005)

0.62***
(0.005)

0.79***
(0.006)

0.78***
(0.007)

0.51***
(0.019)

Restaurant local-to-traveler ratio

0.06***
(0.004)

0.05***
(0.003)

0.05***
(0.004)

0.05***
(0.007)

0.05***
(0.008)

0.05
(0.026)

Restaurant number of reviews

0.01***
(0.001)

0.00**
(0.001)

0.00
(0.001)

−0.03***
(0.003)

−0.03***
(0.003)

−0.06***
(0.010)

Reviewer current baseline

0.82***
(0.002)

0.69***
(0.002)

0.86***
(0.006)

0.69***
(0.003)

0.85***
(0.006)

0.45***
(0.016)

Reviewer local-to-traveler ratio

0.00
(0.003)

0.00
(0.003)

−0.02***
(0.004)

0.01*
(0.003)

−0.01**
(0.004)

−0.01
(0.013)

Reviewer type (rate)

−0.55***
(0.007)

−0.55***
(0.007)

−0.52***
(0.013)

−0.60***
(0.008)

−0.55***
(0.014)

−0.34***
(0.045)

Reviewer number of reviews

0.00***
(0.001)

−0.01***
(0.001)

0.00
(0.002)

−0.01***
(0.001)

0.00*
(0.002)

0.02**
(0.007)

Population ratio (log)

0.00***
(0.001)

0.00***
(0.001)

0.01***
(0.001)

0.01***
(0.001)

0.00
(0.009)

−0.00
(0.027)

Income difference

0.00**
(0.000)
−0.06***
(0.005)

0.00*
(0.000)
−0.12***
(0.005)

0.00
(0.000)
−0.03**
(0.010)

0.00***
(0.000)
−0.16***
(0.005)

−0.00
(0.001)
−0.09***
(0.011)

0.00
(0.004)
−0.04
(0.035)

−0.76***
(0.009)
No
Yes
No
No
763,658
0.339

−0.44***
(0.011)
Yes
Yes
No
No
763,658
0.434

−0.60***
(0.017)
Yes
Yes
Yes
No
763,658
0.478

−0.47***
(0.012)
Yes
Yes
No
Yes
763,658
0.483

−0.68***
(0.018)
Yes
Yes
Yes
Yes
763,658
0.525

3.05***
(0.059)
Yes
Yes
Yes
Yes
763,658
0.316

Reviewer type (price range)
Review length (log)
Deep learning attributes
Time FE
User FE
Restaurant FE
N
R2

Notes. Standard errors in parentheses, robust for (A1) and (A2) and clustered for (A3) to (A5). DV, dependent variable.
***p < 0.001; **p < 0.01; *p < 0.05.

destination characteristics spillovers in the reviewer
satisfaction, which is captured by the review text.
4.2. Alternative Empirical Analyses
The main analysis relies on observational data, which
limits our ability to establish a causal link between the
focal variables and the assigned rating. However,
additional robustness checks and sensitivity analyses
can increase our conﬁdence in the main results. We
test the robustness of the observed results in the
following scenarios:
• Bias due to differences in reviewers’ dining patterns as travelers and as locals.

• Population imbalance between locals and travelers.
• Simulations of time-varying unobserved selection bias.
• Alternative models.
• Sensitivity to outliers.
• Sensitivity to trip purpose.
Table 4 summarizes the results of these robustness
checks that provide additional support to the main
ﬁndings. Appendix C presents the details of these
analyses.
Furthermore, to provide additional support for the
underlying mechanisms discussed in Section 2, on top
of the presented topic models analysis in Section 4, we
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Figure 3. (Color online) Destination Spillovers in Text

Notes. As the popularity difference increases (both in positive and in a negative direction), so does the prevalence of destination spillovers in the
review text.

use regular expressions and ﬁnd empirical evidence
that mentions of a destination’s name are positively
associated with popularity difference. Finally, we test
and eliminate alternative comparison levels (instead
of a reviewer’s hometown), and we showcase the
appropriation of the proposed operationalization of
destination popularity. Table 5 summarizes these

results. Appendix D provides the details of these
analyses.

5. Economic Impact and Implications of
Popularity-Difference Bias
What is the economic impact of popularity-difference
bias? To investigate this question, we estimate the

Table 4. Robustness Analysis Summary

DV: rating
Methodology

H1A

H1B

DV: textencoded
sentiment
H1A

Bias due to differences in reviewers’ dining patterns as travelers and as locals
Reviewer × chain FE, on reviewers who visit
3
3
!
restaurants of the same chain as locals and as
travelers
Reviewer × matched-restaurants FE (matching local
3
3
3
with visiting restaurants through nearest neighbor)
Selection bias (imbalance between locals and travelers)
Propensity score matching
3
3
3
Rosenbaum sensitivity
1.29
1.31
1.15
Time-varying unobserved selection bias
Undersampling of populations who travel more/less to > 15% > 25% > 20%
destinations with lower/higher popularity, are more
positive/negative, and review more/less
Alternative models
Ordered logit, “blow-up and cluster” ordered logit, and 3
3
NA
generalized ordered logit
Outlier sensitivity
Removing reviewers from the top three locations (New 3
3
3
York, Las Vegas, Atlanta)
Removing restaurants from the top three locations
3
3
3
(New York, Las Vegas, Chicago)
Sensitivity to trip purpose
Empirical evidence that the deep learning attributes
NA
NA
NA
capture trip purpose

H1B

Appendix

!

C.1

3

C.1

3
1.12

C.2
C.2

> 25% C.3

NA

C.4

3

C.5

3

C.5

NA

C.6

Notes. 3, hypothesis supported; !, hypothesis not supported at p < 0.05; NA, not applicable. For the
undersampling analysis, > prc% shows the maximum percentage prc of the two most adversarial regions
of selection biases for which our results remain unchanged (Figures C2–C4).
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Table 5. Support for the Theoretical Framework and the

Popularity Operationalization
Methodology
Textual evidence in support of underlying mechanisms
Regular expression analysis shows that travelers’
mentions of the visited city are positively
associated with popularity difference
Empirical elimination of alternative comparison levels
Average prior locations
Most frequent location
Appropriation of the popularity measure (ξ)
Comparison with various published destination
rankings
Alternative popularity difference functions
Alternative transformations of δ

Appendix
D.1

D.2
D.2
D.3

D.4

effect of popularity-difference bias on (1) the average rating and revenue of a venue, and (2) on the
venue’s consideration probability. In addition, we
examine the heterogeneity of popularity-difference
bias across different types of restaurants in the same
location, and we conclude this section by showcasing design-science examples of how platforms can
mitigate or exploit the existence of popularitydifference bias.
5.1. Effect on Restaurant Ratings and Revenue
Previous studies have repeatedly shown the strong
effect of online ratings on sales (Duan et al. 2008b, Zhu
and Zhang 2010, Sun 2012). To showcase the effect
of popularity-difference bias on venue ratings, we
estimate the component of the average rating of a
restaurant that is attributed to popularity-difference
bias through the estimated coefﬁcients of the most
conservative speciﬁcation of Table 3 (αδ>0  0.03 and

αδ<0  0.07). For each restaurant j with a total number
of reviews Mj in our data set, the respective popularitydifference bias (bδj ) is as follows (Equation (6)):
( )
1 ∑ 1
bδj  ⃒⃒ ⃒⃒
arctan δmj
Mj m∈Mj R mj
[
]
× (0.031δmj >0 + 0.071δmj <0 ,

(10)

where R mj is the predicted rating of restaurant j of
review m through the coefﬁcients and ﬁxed effects of
the complete speciﬁcation of Equation (7). This bias
estimate captures the actual effect on the average
restaurant rating according to the location–speciﬁc
distribution of the restaurant reviewers. For comparison, we also estimate the resulting bias from the
traveled distance (d):
Distance-traveled bias on restaurant j ratings :
( )
1 ∑ 1
⃒ ⃒
0.01× log dmj .
(11)

⃒Mj ⃒
R
mj
m∈Mj
Figure 4 shows the results. The average per-restaurant
popularity-difference bias ranges from −11% in some
cases to almost 3% in others. It further affects 98% of
the restaurants (in other words, only 2% of the restaurants in our data set have reviews only from local reviewers). In comparison, the positive effect of
distance traveled ranges from 0% to 3%. Figure 5A
further shows that popularity difference effects are
stronger on restaurants that rank in the lower
percentiles.
To get an estimate of the effect of popularity difference on restaurant revenue, we rely on previous
work and assume that a one-star rating increase is

Figure 4. (Color online) Popularity-Difference Bias and Distance-Traveled Bias Distributions

Notes. Popularity-difference bias varies from −11% to 3%. For comparison, distance-traveled bias varies from 0% to 3%.

Kokkodis and Lappas: Popularity-Difference Bias in Online Reviews

423

Information Systems Research, 2020, vol. 31, no. 2, pp. 412–430, © 2020 INFORMS

Figure 5. (Color online) Popularity-Difference Effect on Average Rating and Revenue by Percentile

Note. Lower-ranked restaurants experience a stronger (positive or negative) bias effect on their average ratings and revenue.

associated with a 7% revenue increase (Luca 2018).
Then, the average revenue effect for a restaurant j is
Popularity-difference bias effect on revenue
: bδj ∗ R̄j × 0.07,

(12)

where R̄j is the average predicted rating of restaurant
j through the coefﬁcients and ﬁxed effects of the
complete speciﬁcation of Equation (7). Figure 5B
shows the revenue effects for each percentile, which
range between 2% and −2%.
5.2. Effect on Rankings and
Consideration Probability
Next, we explore the effects of popularity-difference
bias on the consideration probability of each restaurant. The consideration probability is the likelihood that customers will shortlist an item to the set of
items that they will ultimately choose from (Andrews
and Srinivasan 1995). During a standard session on a
review-based reputation platform, the user begins
searching for a restaurant by specifying a city and
(possibly) a set of other criteria (e.g., price range). The
platform then returns a ranking of all the matching
restaurants within the city. A signiﬁcant body of work
has veriﬁed the importance of such rankings on the
ultimate choice (Ghose et al. 2012, 2014; Pan 2015).
Although the exact process that users follow when
considering a ranking can vary, the consensus is that
users follow the ranked list in a top-down fashion and
the probability of considering (clicking) a business
declines as the user moves down the list (Pan et al.
2007). Having veriﬁed the existence of popularitydifference bias in the review ratings, we examine

whether the effect of this bias perturbs the reviewbased rankings and changes the consideration probability of each restaurant.
In order to perform this analysis, we need to estimate (i) the ranking-function that RepPlatform employs, and (ii) the consideration model that users
follow when processing a ranking. For the ﬁrst estimation task, we follow previous relevant work
(Lappas et al. 2016) and formulate the problem as a
constrained optimization task that we then solve by a
linear Support Vector Machine (SVM; Joachims 2002).
We describe the process in detail in Appendix E. For
the second task, rather than assuming a single consideration model, we consider ﬁve different models
that capture alternative behavioral proﬁles (Lappas
et al. 2016). We visualize the models in Figure 6. The xaxis represents positions in the ranking, whereas the
y-axis represents the probability that an item will
be considered according to its rank. The linear model
represents users whose consideration probability
decays linearly for lower positions in the ranking. The
exponential model represents users who focus only
on a small set of top-ranked items and exhibit a sharp
drop in consideration after that. It is based on the
exponential distribution and can thus be tuned via a
parameter λ. Finally, the stretched exponential model
is based on the Weibull distribution and adopts the
shape parameter k. It stretches user consideration
across a larger set of top-ranked items and thus offers
a medium between the ﬁrst two models.
For each of the ﬁve consideration models, we use
the reviews with and without popularity-difference
bias (Equation (10)) to compute the restaurant ranking
for each of the cities in our data set. We then compute
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Figure 6. (Color online) Various Expressions of Consideration Probabilities

Notes. Exponential consideration probabilities drop rapidly with a rank increase. Stretched exponential consideration probabilities smooth
this drop.

the absolute difference in the consideration probability
of each restaurant in the two scenarios. Figure 7 reports
the mean and the 95% conﬁdence intervals of the
difference in consideration probability for each position in the (original biased) ranking. We observe
that, for all ﬁve models, the difference in consideration probability due to popularity-difference bias
can be as high as 11%–16%. The size of the effect varies
according to the position in the ranking and the
consideration model. In steep consideration models,
the effect is very large in the top positions and then
fades quickly as the consideration probability decreases drastically. On the other hand, for the linear
model, the effect slowly rises for lower positions in the
ranking and converges at around 11%.
Given that a restaurant has to be considered before it is ultimately chosen by the user, this analysis
reveals that popularity-difference bias significantly
affects a restaurant’s market segment and revenue. For instance, consider a restaurant that has (on

average) a 15% probability of being chosen after the
user considers it. If the platform gets 10,000 monthly
visitors for the restaurant’s city, then a popularitydifference bias of 16% is responsible for 240 (more or
fewer) customers every month.
5.3. Within-Location Heterogeneous Effects of
Popularity-Difference Bias
Finally, it is interesting to identify examples of different types of restaurants that experience heterogeneous effects of popularity-difference bias even
within the same location. We start by clustering
restaurants into different types according to their
cuisine and targeted audience (e.g., families, romance, business meetings, etc.). For each cluster,
we estimate the within-location average effect of
popularity-difference bias. Figures H7 and H8 in
Appendix H show the detailed results for eight different locations. These examples show that, even
within the same location, some types of restaurants

Figure 7. (Color online) Popularity-Difference Effect on Consideration Probabilities

Note. Depending on the expression that describes the association of the consideration probability with the ranking position of the restaurant,
popularity-difference bias alters consideration probabilities by up to 16%.
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experience negative popularity-difference bias, whereas
others experience positive popularity-difference bias.
For instance, Greek restaurants in Long Beach, California are hurt the most by popularity-difference
bias, whereas cafes in the same location beneﬁt the
most (Figure H7A). To the contrary, cafes in San Jose,
California are hurt the most, whereas San Jose delis
experience strong positive popularity-difference
bias (Figure H7C). In Detroit, Michigan, restaurants
that focus on business meetings experience a strong
negative popularity-difference bias, whereas romantic
restaurants experience a positive popularity-difference
bias (Figure H8A). To the contrary, romantic restaurants in Temecula, California experience a negative
popularity-difference bias, whereas restaurants in the
same location with scenic views experience a positive
popularity-difference bias (Figure H8C). These examples show how popularity-difference bias might disproportionately hurt or beneﬁt restaurants that are
located close by and compete with each other for a
better position in the same consideration set.
5.4. Design Implications for Platforms
Given that Popularity-Difference Bias Has a Signiﬁcant
Effect on Restaurant Ratings, Revenue, and Rankings,
What Can Platforms Do to Improve Their Ranking Mechanisms Design?
Reputation platforms have long acknowledged the
importance of mechanisms that help users quickly
eliminate or focus on speciﬁc types of reviews that
could provide alternative perspectives on the reviewed
businesses (Youngblade 2012, Furner and Zinko 2017).
For instance, platforms currently provide multiple
ranking ﬁlters such as “Recommended,” “Highest
rated,” and “Most reviewed.” As a result, adding an
additional ﬁlter would incur a very small marginal
cost. Our ﬁndings suggest that a meaningful action
for platforms would be to generate unbiased rankings
and include those in their ﬁltering mechanisms. One
way to do so is by considering all the reviews and
adjusting for popularity-difference bias according to
Equation (10). A second way would be to statistically
ignore biased reviews. In particular, platforms can
compute whether two locations have signiﬁcantly
different popularity levels. For instance, they can
cluster all available locations according to their popularity. Locations in the same cluster would then be
considered as not being signiﬁcantly different. The
clustering step can be completed by appropriate methods
for one-dimensional clustering, such as Jenks natural
breaks optimization (Jenks 1967) or Kernel Density
Estimation (Rosenblatt 1956). Alternatively, platforms could utilize percentiles rather than clusters
and group locations if the difference between their
respective popularity percentiles is smaller than a
tolerance parameter.

Platforms can also exploit the existence of popularitydifference bias to generate personalized rankings.
Speciﬁcally, platforms can generate popularity-speciﬁc
rankings according to whether people are visiting a
local (δ  0), a more popular (δ > 0), or a less popular
destination (δ < 0). These rankings will only consider reviews from similar travelers: when a traveler i
visits a more popular destination, only reviews from
travelers for which the focal destination was also
more popular would contribute to the personalized
ranking for i. Similarly, when a traveler i visits a less
popular destination, only reviews from travelers
for which the focal destination was also less popular would contribute to the personalized ranking
for i. Hence, platforms can generate three types of
rankings: one for locals that only consider local reviewers (δ  0), one for travelers to more popular
locations (δ > 0), and one for travelers to less popular
locations (δ < 0).
To showcase whether such an approach would
yield better results, we generate the three personalized rankings and compare them with the current
ranking that considers all available reviews. For each
of the three personalized rankings c ∈ {δ  0, δ < 0,
δ > 0, we deﬁne the average satisfaction improvement as follows:
( )
AVG Rcp
(
),
Satisfaction improvement(%) 
AVG Rc∈current
p
(13)
Rcp

where AVG stands for average,
are the ratings for
restaurants in the pth percentile according to the
c-personalized ranking, and Rc∈current
are the ratings
p
of c-type reviewers for restaurants in the pth percentile according to the current ranking. In other
words, satisfaction improvement measures how
much higher (or lower) the ratings of c-reviewers are
for restaurants in the pth percentile of the c ranking
compared with restaurants in the pth percentile of
the current ranking that considers all available
reviews.
An ideal ranking would clearly separate the highquality restaurants from the low-quality ones.
Compared with the current ranking, which our study
reveals to be biased, personalized rankings should
generate higher satisfaction in the top-ranked percentiles and lower satisfaction in the bottom-ranked
ones. Figure 8 shows this pattern for four different
cities in our data: New York, New York, which has the
highest number of hotel reviews (918,387) and as a
result there are no personalized rankings for travelers
with δ < 0, Boston, Massachusetts, which is a big
urban center (166,416 hotel reviews), Portland, Oregon, which is a smaller urban center (84,019 hotel
reviews), and ﬁnally Aiken, South Carolina, which is
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Figure 8. (Color online) Personalized Rankings Yield Higher Customer Satisfaction

Note. In all four cities, personalized rankings promote restaurants that yield high satisfaction (top 50th percentile), and discourage customers
from visiting restaurants that yield low satisfaction (bottom 50th percentile).

a very small town with only 3,346 hotel reviews
and has very few travelers visiting from less popular
locations. In all cities, personalized rankings yield
signiﬁcantly higher satisfaction (up to 12%) in restaurants that rank in the top 40th percentile. At the
same time, for restaurants ranked in the bottom 40th
percentile, personalized rankings generate up to 22%
lower satisfaction than the current rankings. These
observations suggest that the personalized rankings are more appropriate than current rankings in
separating high-satisfaction from low-satisfaction
restaurants.
Personalized rankings have an additional beneﬁt:
because they consider characteristics of different
populations, they end up recommending a diversiﬁed
set of restaurants. Figure 9 shows the improvement in
terms of the number of different restaurants that each
ranking mechanisms recommends at each percentile. Through the proposed personalized ranking
system, there is an increase in diversity of up to 24% in

the top 10% recommended restaurants. Simply put,
consumers get up to 24% more top-tier restaurants,
customized to their expected biases.

6. Discussion and Managerial Implications
This work showed that both the perceived performance of a venue and expectations of reviewers
are affected by the popularity difference between a
visiting destination and the reviewer’s hometown.
When reviewers travel to a less popular location
than their hometown, popularity-difference spillovers result in a negative bias both in the text and
rating of the review. To the contrary, when reviewers
travel to a more popular location than their hometown,
popularity-difference spillovers positively biases the
review-authoring process. Therefore, a restaurant’s
ratings will skew lower if the restaurant tends to
attract guests from more popular locations, and
higher if the restaurant tends to attract guests from
less popular locations.

Figure 9. (Color online) Personalized Rankings Yield More Diversiﬁed Sets of Recommended Restaurants
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6.1. Research Contributions
A long line of research in information systems has
focused on studying biases in the review-authoring
process—from early-buyer biases (Li and Hitt 2008),
to popularity effects (Goes et al. 2014), to social effects
through friends (Wang et al. 2018), to disconﬁrmation
effects (Ho et al. 2017), to acquisition effects (Hu et al.
2017) and distance-traveled effects (Huang et al.
2016). Our work extends this line of research by revealing and explaining a new bias in online reviews
that depends on the popularity difference between
the reviewer’s hometown and the location of the
visited business. Speciﬁcally, our ﬁndings suggest
that popularity-difference spillovers on reviewers’
performance evaluations are stronger than on reviewers’ expectations. This results into a positive bias
when travelers visit destinations that are more popular than their hometown, and into a negative bias
when they visit less popular destinations. These
biases manifest in assigned product ratings, as well as
in the review text. Our work is the ﬁrst to study this
type of bias and measure its effects. Our results
show that this bias can have signiﬁcant effects and
greatly distort the online reputation, leading to misrepresented businesses and misinformed users.
Furthermore, our work provides a new theoretical
and methodological framework for modeling and
evaluating inﬂuential effects that are driven by semantic (rather than geographical) differences between locations. Although our focus is on popularity,
future efforts can explore alternative semantic dimensions, such as a location’s sociopolitical or cultural aspects.
Finally, even though the empirical evaluation focused on restaurants, our theoretical framework and
methodology are applicable to any type of venue.
This is critical, as we expect popularity-difference
spillovers to be present in performance evaluations
and expectations relevant to different types of services and visitor activities.
6.2. Managerial Implications
Our study informs platform managers about the existence, nature, and effects of popularity-difference
bias: a new type of bias that has not been explored by
extant research. Popularity-difference bias affects key
functionalities of online review platforms, such as
business rankings and average ratings. These functionalities are a critical part of a platform’s design,
as they allow users to summarize and navigate
and beneﬁt from the thousands of reviews that are
available for competitive businesses. Our results
demonstrate that popularity-difference bias can signiﬁcantly distort both rankings and average ratings,
and even perturb the actual text of the reviews. Our
work thus identiﬁes an inﬂuential ﬂaw in current
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platform design. In Section 5, we discussed alternative designs that can eliminate the effects of popularitydifference bias, as well as designs that leverage this
type of bias to deliver personalized rankings and
ratings for users according to their respective
baselines.
A signiﬁcant portion of businesses in highly popular, touristic destinations choose to capitalize on the
city’s popularity by catering more to speciﬁc types of
visitors. This choice can be reﬂected on the menu,
decoration, ambiance, and other characteristics. On
the other hand, other businesses in the same city
target all types of customers, rather than focusing on
visitors. Such differences can also emerge organically (e.g., some restaurants might build a reputation
among speciﬁc types of travelers). Regardless of the
cause, the end result is that competing business are
often likely to attract populations with a variable
sensitivity to popularity-difference bias. For instance,
consider a restaurant in New York that tends to attract
tourists from far less popular locations in the United
States, whereas another competing restaurant might
be popular among visitors from other large and
popular cities who come to New York for business
purposes. In such settings, the popularity-difference
bias will disproportionately boost the ratings and
consideration probabilities of the ﬁrst restaurant,
leading to unfair competition between business and
inﬂated evaluations by potential customers.
Furthermore, and in addition to the design science
approaches we showcased in Section 5.4, platform
managers can consider the discovery of popularitydifference bias as an opportunity to improve other
platform functions. First, the knowledge that travelers are more likely to be satisﬁed when they travel
to destinations with a higher popularity than their
baseline can be taken into account when personalizing the results of the platform’s recommendation
and search engines. Second, this knowledge can be
incorporated into the review-authoring interface that
the platform presents to aspiring reviewers. For instance, on TripAdvisor, the interface includes questions on the purpose of the visit and allows the user to
assign ratings to speciﬁc aspects of the business (e.g.,
service or value). By extending this interface with
questions related to their expectations and impressions from the destination, the platform could motivate reviewers to comment on such factors and provide valuable context for their reviews. Finally, by
tracking business reputation across these population segments, the platform can enhance its analytics services to businesses. Analytics services have
emerged as additional source of revenue, with multiple platforms offering paid subscription plans
for different levels of reputation-based insight
(TripAdvisor 2018).
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Endnotes
1

The introduction of the traveler’s hometown as a comparison level is
consistent with Comparison Level Theory (CLT). CLT suggests that
a consumer’s satisfaction with the outcome of a purchase is determined by the discrepancy between the outcome and a standard
of comparison known as the comparison level (LaTour and Peat 1979,
Thibaut 2017). Outcomes above the comparison level satisfy, whereas
those below the comparison level dissatisfy. We chose a traveler’s
hometown as a comparison level because hometowns (1) encode
characteristics that travelers are accustomed to and (2) shape travelers’ characters, norms, expectations, and experiences (Park and
Peterson 2010, Naik et al. 2015, Chen et al. 2018, Perry 2018). We
investigate and empirically eliminate alternative comparison levels
in Appendix D.2.

2

We also considered alternative destination popularity proxies before
choosing the number of hotel reviews. In particular, the number of
hotels could also work for large cities that boast both many and
popular hotels. However, this measure would collapse as we advance
to the middle and tail of the distribution, where the number of hotels
might not align with their quality or the number of travelers. Similarly, the number of restaurants (or reviews thereof) would be
misleading: a city with a large population is likely to have a large
number of restaurants and restaurant reviews, regardless of its
popularity and whether it is an attractive destination for travelers.
Finally, Appendix D.3 provides further support for the appropriateness of our operationalization: destination rankings based on the
number of hotel reviews ξ perfectly align with a series of publicly
available “top destination” lists.
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