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Daily deals are nowadays very popular. As a new form ofmarketing, they allow local small businesses to sell vouchers at substantial
price discounts for a very limited period of time. However, it is unclear whether and to what extent a seller’s online reputation
affects the outcomes of its daily deal promotions. (is paper presents an analysis of 4060 daily deals scraped from Groupon. (e
empirical results suggest that (1) business reputation, measured by displayed average rating, is positively associated with the sales
of vouchers; (2) business reputation has no significant relationship with voucher discount depth; (3) business reputation is
positively associated with the increase of customer traffic following a daily deal promotion; and (4) ratings displayed on daily deal
sites are more influential than ratings displayed on third-party review sites.(ese findings extend our understanding of daily deals
and provide concrete guidance to merchants regarding how to attract more purchases and traffic through online deals as well as to
platform owners by pointing out the value of reputation in moderating consumers’ and merchants’ behaviors.

1. Introduction

(e daily deal model for e-commerce, which has exploded in
popularity over the last few years, is a combination of re-
tailing and marketing. Daily deals are online discount
vouchers which are typically offered by local small busi-
nesses and advertised through deal sites. Common business
categories include restaurants, beauty salons, movie theaters,
and health workshops. Coupons are usually available for sale
for 24 hours. Consumers may purchase these vouchers via
computers or mobile apps and then normally have 120 to
360 days to redeem them at the businesses. After their deals
are redeemed, consumers can return to deal sites to rate the
businesses.

With the widespread use of computers and mobile apps,
daily deal markets have been growing exponentially.
According to IBISWorld (https://www.ibisworld.com/
united-states/market-research-reports/daily-deals-sites-
industry/, last accessed: February 28, 2020), the market size
of daily deals in the US is anticipated to reach $6 billion in
2019, at an annualized growth rate of 12.5% from 2014. As
the top deal site, Groupon is reported to have 43.6 million

unique active customers and over 1millionmerchants by the
fourth quarter of 2019 (https://www.statista.com/statistics/
273245/cumulative-active-customers-of-groupon/, last
accessed: February 28, 2020).

Daily deals can benefit merchants by bringing in a lot of
customers who might otherwise be unaware of a business’s
existence. In fact, the deals are usually sold at substantial
price discounts, at or above 45%. With such deep discounts,
most merchants may consider offering daily deals as a
marketing activity rather than a direct means of generating
revenue. Hence, the marketing effectiveness of a daily deal
should be a key concern of the merchants.

It has been well noted that the effectiveness of daily deal
promotions is determined by many factors, such as deal
price, discount depth, and deal features including time
constraint (examples include Dholakia [1], Coulter and
Roggeveen [2], Zhang et al. [3], Eisenbeiss et al. [4]). (e
online reputation of the business, which is reflected by
previous consumers’ ratings and displayed prominently on a
deal’s webpage, should be an important factor as well.

(is paper aims to examine whether and how business
reputation influences the outcomes of daily deal promotions.
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For this purpose, a spider program is used to scrape daily
deals from Groupon between January 1st and January 30th
of 2018, which is then matched with a dataset obtained from
Yelp. Several regressions are used to analyze the impacts of
business reputation on different outcome variables. Spe-
cifically, the following hypotheses are formulated and tested:

H1: Online reputation is positively associated with the
sales of daily deal vouchers.
H2: Online reputation is negatively associated with
voucher discount depth.
H3: Online reputation is positively associated with the
rise of customer traffic after daily deal promotions.

(e rest of the paper is organized as follows: Section 2
reviews related literature. Section 3 briefly introduces the
background knowledge of Groupon and Yelp. Section 4
outlines the data and the regression models. Section 5 de-
scribes the main results. Section 6 concludes the paper.

2. Literature Review

E-commerce, as many authors have pointed out (Kollock
[5], Yamagishi and Matsuda [6], Resnick et al. [7], and
Brown and Morgan [8], among others), is plagued by in-
formation asymmetries. Various reputational mechanisms
have been introduced to remedy these problems, with review
ratings being the most widely used tool. Consumers’ reviews
and ratings could provide information about the quality of
the sellers as well as their products and services and hence
could help potential consumers to update their beliefs and
make purchase decisions.

However, while the role of consumer ratings in over-
coming adverse selection problems is known (e.g., Hao
et al. [9], Chen et al. [10], and Sahoo et al. [11]), the
empirical validation of this claim generates mixed findings.
While a considerable number of studies state that a higher
average rating could increase product sales (Chevalier and
Mayzlin [12], Chintagunta et al. [13], and Saeedi [14]), it
has been admitted that the average rating may not nec-
essarily influence consumers’ purchasing behaviors due to
at least two reasons. First, consumers may realize that
online reviews could be biased and unreliable (Li and Hitt
[15] and Dellarocas [16]). Second, ratings could be helpless
if they reveal a J-shaped distribution with mostly 5-star
ratings, some 1-star ratings, and hardly any ratings in
between (Hu et al. [17]). It is thus not surprising that Liu
[18] and Duan et al. [19] find that user reviews have little
persuasive effect on consumer purchase decisions. (ere-
fore, to date, whether a higher business reputation en-
hances product sales on e-commerce platforms is still an
open empirical question.

Similarly, whether a higher business reputation could
reduce discount rates in online transactions is an unad-
dressed question as well. While a few studies have pointed
out the positive correlation between the final price of an item
and the feedback that a seller has received (Melnik and Alm
[20], Houser et al. [21], and Reiley et al. [22]), Yin [23] shows
that the price and discount of an object are largely

determined by the dispersion in the perceived value of the
object instead of ratings and reviews.

In the context of daily deals, the empirical validation of
whether business reputation could alleviate information
asymmetries remains almost unexplored. Existing research
on daily deals focuses on deal features such as time to ex-
piration, coupon face value, previous buyer number, dis-
count level, purchase limit, and product category (e.g.,
Dholakia [1], Coulter and Roggeveen [2], Zhang et al. [3],
and Eisenbeiss et al. [4]). To the best of my knowledge, the
only two works that tried to discuss online business repu-
tation are Li [24] and Li [25]. While Li [24] confirms the
impact of online ratings on social media endorsements, Li
[25] suggests that businesses with a relatively low prior
rating and a relatively small number of reviews may improve
their online ratings by promoting on Groupon. (is study
differs from those two works by investigating the impacts of
ratings from different aspects. Specifically, the author ex-
amines how ratings may affect voucher sales and discount
rates, as well as customer flows, which are not explored in
those two works. Besides, while Li [24] and Li [25] only used
third-party ratings, the author includes both Groupon
ratings and third-party ratings in this paper and attempt to
compare the possibly different impacts of them.

In short, this study contributes to the literature by
providing new empirical evidence regarding the role of
reputation in e-commerce. As a relatively new form of
e-commerce, daily deals are rarely discussed from the
viewpoint of reputation and information asymmetries. (is
paper fills the gap. (e findings provide useful insights to
business managers regarding how to attract more purchases
and traffic when offering deals and to platform owners by
pointing out the value of reputation in moderating con-
sumers’ and merchants’ behaviors.

3. Background

3.1. About Groupon. Groupon is the biggest daily deal
website nowadays. Founded in 2008, Groupon provides
deals covering a wide range from theater tickets and city
passes to restaurant meals and Yoga classes. In this study, the
author focuses on daily deals in the restaurant category,
which is one of the most popular categories on Groupon.

Groupon provides a very good environment for re-
searchers to study the effects of reputation on voucher sales
and prices. From its webpages, the author can accurately
collect the needed variables (e.g., voucher sales, average
customer ratings, and discount depth), so that the effects
could be quantified precisely. Figure 1 shows several
screenshots of typical restaurant deals from Groupon. When
consumers browse the webpages, they can easily see the
characteristics of the deal, the restaurant name, face value of
the voucher, discounted price, and the Groupon rating of the
restaurant, which may potentially influence their decisions
to buy the deal.

In addition, to identify the effect of displayed Groupon
ratings, it is required that consumers be prevented from
“interfering” in displayed ratings so that the possible reverse
causality is avoided. Based on my inspection, the average
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ratings displayed on Groupon deal pages are mostly fixed
during the deal promotion. Furthermore, since most res-
taurant deals are only sold for several days (typically three to
four days) and the vouchers are often valid for redemption
within a few months, consumers who buy vouchers are less
likely to redeem them immediately and post review ratings
online when the deal is still on sale. (erefore, displayed
average ratings in this setting are largely predetermined and
can be considered as exogenous.

3.2. About Yelp. Yelp is a third-party review platform which
allows users to read and write reviews about local businesses.
It is perhaps the most well-known and popular third-party
site providing ratings and reviews about restaurants.

In general, Yelp ratings are not displayed on Groupon.
However, when consumers find an interesting deal on
Groupon, it is possible that they may further go to browse
the corresponding restaurant on Yelp. Hence, the ratings on
Yelp could also influence consumers’ decisions to buy the
deal. (is study includes both Groupon ratings and Yelp
ratings and makes a comparison between them.

Besides, as Yelp is very widely used, the number of reviews
on Yelpmay serve as a proxy of customer flows. By comparing
the number of reviews posted before and after the date of the
deal promotion, the author could approximately depict the
changes in customer traffic caused by the deal. Similarly, the
number of reviews on Yelp that mention the word “Groupon”
may serve as a proxy of customer flows that are brought in by
Groupon directly. Both proxies are used in this study in order
to identify the changes in customer traffic.

4. Method and Data

4.1. Multivariate OLS Regressions. Multivariate OLS allows
us to examine the effect of the variable of interest on a
dependent variable while the effects of other variables are
controlled for. In this study, multivariate OLS is the main
method used to quantify the effects of business reputation.

(e author the author drew twelve explanatory variables
from existing studies (Duan [19], Dholakia [1], Coulter and
Roggeveen [2], Zhang et al. [3], Eisenbeiss et al. [4], Li [24],

and Cao et al. [26]). Each deal is characterized by its deal
description, unit sales, actual (discounted) price, and ratings.

In particular, the key regression specification is given as

Yij � β0 + β1 ∗ ln Priceij + β2 ∗ lnDiscountij
+ β3 ∗G ratingij + β4 ∗Y ratingij + β5 ∗ lnG numreviewij

+β6 ∗ lnY numreviewij + β7 ∗Durationij + β8 ∗ Soldoutij
+β9 ∗Time to redeemij + β10 ∗Weekdayij

+ β11 ∗Multi promij + β12 ∗Designateij + ui + εij,

(1)

for i � 1, . . . , I cities and j � 1, . . . , Ji daily deals in city i.(e
variables are explained in Table 1.

Since the main goal of this paper is to study the effects of
reputation, β3 and β4 will be the key coefficients of interest
which capture the relationship between reputation and
outcome Y.

4.2. Data Collection. All data in this study are scraped from
public sources. Specifically, data about deal description, unit
sales, deal price, and Groupon ratings are extracted directly
from Groupon website by using R.

(e author samples 17 cities in the US, namely, Atlanta,
Boston, Chicago, Dallas, Detroit, Houston, Las Vegas, Los
Angeles, Miami, New Orleans, New York, Orlando, Phila-
delphia, San Diego, San Francisco, Seattle, and Washington
DC. All restaurant deals in the sample cities between January
1st and January 30th of 2018 are collected. (e author then
drops the deal observations that have fewer than 10 reviews.
(is results in a cross-sectional dataset consisting of 4060
restaurant deals.

For each restaurant deal, the author manually checks if
the restaurant has a profile on http://Yelp.com. For each
restaurant with a Yelp profile, the author uses R to extract its
Yelp ratings and reviews, and then drop the restaurants with
fewer than 10 reviews. Ultimately, the author assembles a
subsample of 2212 deals which have both Yelp ratings and
Groupon ratings. Table 2 reports the summary statistics of
the key variables in my dataset.

Figure 1: Screenshots of typical restaurant deals fromGroupon. Restaurants’ Groupon ratings are often prominently displayed, which could
potentially influence consumers to buy the deal.
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5. Results and Discussion

5.1. Reputation and Voucher Sales. Table 3 presents the OLS
estimates with ln (voucher sales) as the dependent variable.
In Column (1), the author uses the full sample. In Column
(2), the author uses the subsample which contains both Yelp
ratings and Groupon ratings. In both columns, robust
standard errors are used to alleviate heteroscedasticity.
Besides, since error terms within a city may exhibit some
degree of correlation, they are clustered for each city in order
to account for possible within-city correlations.

According to the results, the significantly positive co-
efficients of displayed Groupon rating in both columns
suggest that displayed Groupon ratings could affect voucher
sales. Economically, Column (1) suggests that an extra one-
star displayed Groupon rating increases voucher sales by
48.4%, supporting H1. When third-party ratings from Yelp
are included, as presented in Column (2), an additional star
of Groupon rating is still associated with a 42% increase in
voucher sales, while an additional star of Yelp rating is
associated with a 10.8% increase in voucher sales. (e latter
result indicates that Groupon ratings are much more in-
fluential than third-party ratings. (is is not surprising,
because Groupon ratings are prominently displayed on the
deal page and every customer could see them easily, whereas
third-party ratings are not displayed. In other words, ratings

that are easy to see when consumers browse deals are more
influential than ratings that are not easy to see.

It is worth commenting that the coefficient estimates of
number of reviews in both columns are positive and sig-
nificant, suggesting that restaurants with more reviews are
likely to receive more voucher sales. (is is consistent with
prior research (e.g., Liu [18], Duan et al. [19], and Li [24])
which shows that the volume of reviews has a significant
predictive power for product sales. Suppose that the volume
of reviews is positively associated with previous buyer
number; then, this result is also consistent with Coulter and
Roggeveen [2] who reported that that previous buyer
number could affect a consumer’s decision to purchase.

(e results also reveal that promotion duration has a
significantly positive effect, indicating that when the deal is
available for sale for more days, more coupons get sold. (e
dummies of designated meals turned out to be significantly
negative, implying that consumers prefer freely chosen
meals rather than designated meals. Moreover, the coeffi-
cient estimates of deal price are negative and estimates of
discount rate are positive, which is consistent with law of
demand and enhances our confidence about the credibility
of the dataset.

One may doubt whether including both Groupon rating
and Yelp rating in the same regression would cause mul-
ticollinearity. To test if this problem exists, the author further

Table 1: Description of the model variables.

Symbol Description
Y Outcome variable, which is either ln (voucher sales) or a proxy of customer traffic brought in by the deal
Price Deal price
Discount Percentage price discount of the deal, calculated as 1–(deal price/regular price)
G rating Average consumer rating displayed on Groupon
Y rating Average consumer rating displayed on Yelp
G numreview Number of reviews displayed on Groupon
Y numreview Number of reviews displayed on Yelp
Duration Promotion duration, which is the number of days for which the deal is available on Groupon
Soldout Dummy variable equal to 1 if the deal is sold out before the promotion ends, and 0 otherwise
Time to redeem Dummy variable equal to 1 if the voucher must be redeemed within 60 days after purchase, and 0 otherwise
Weekday Dummy variable equal to 1 if the deal promotion was on a weekday, and 0 otherwise
Multi prom Dummy variable equal to 1 if the restaurant conducts more than one deal promotions at a time, and 0 otherwise
Designate Dummy variable equal to 1 if the deal is a designated meal, and 0 otherwise
ui City fixed effects
εij Normally distributed error term

Table 2: Summary statistics of key variables.

Mean SD Min Max Median # obs.
Dependent variables:
Voucher sales 856.40 1677.36 0 5300 610 4060
Proxy of customer traffic brought in by Groupon 2.07 2.28 0 18 2 2212
Main explanatory variables:
Deal price ($) 18.52 25.33 3 380 14 4060
Discount rate (%) 50.97 9.21 15 83 45 4060
Avg. customer rating displayed on Groupon 3.31 0.64 2.2 5 3.3 4060
Avg. customer rating displayed on Yelp 3.53 0.56 1.5 5 3.5 2212
No. of reviews on Groupon 21.24 43.17 10 2898 16 4060
No. of reviews on Yelp 62.88 96.32 10 3065 33 2212
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computes the correlation coefficient between the two vari-
ables (i.e., average consumer rating displayed on Groupon
and Yelp) as well as the VIFs. (e values are reported in
Table 4. Based on the results, the correlation coefficient
between the two variables is 0.451, and the VIF for each
variable is lower than 3.5, which indicates some correlation,
but not enough to be overly concerned about (Hair et al. [27]
and Kennedy [28]). Hence, it should be safe to contain both
ratings in the same model.

5.2. Reputation and Discount Rate. As Melnik and Alm [20]
and Reiley et al. [22] noted, a seller’s reputation may reduce
information asymmetries and thereby correct the willing-
ness of buyers to pay for a good, which may further influence
the price, or say discount, in online transactions. To em-
pirically validate this claim in the daily deals market, the
author regresses ln (discount rate) on a set of predetermined
explanatory variables, with cluster-robust standard errors
being used to control for heteroscedasticity and within-city
correlations. (e results are presented in Table 5.

In Column (1), the author uses the full sample. In
Column (2), the author uses the subsample which contains
both Yelp ratings and Groupon ratings. Empirically, the
results show negative and significant correlations between
deal discount rate and number of reviews, indicating that
restaurants with more reviews (andmore historical sales) are
likely to offer smaller discounts. Deal discount rate is also
correlated with deal features such as coupon face value and
whether the coupon is a designated meal.

However, the coefficient estimates of displayed Groupon
rating in both columns are negative but insignificant, in-
dicating that the effect of displayed Groupon rating is
minimal, rejecting H2. Meanwhile, the coefficient estimate
of displayed Yelp rating in Column (2) is also insignificant,
suggesting that Yelp rating also has no effect on deal dis-
count depth. (is result is in contrast with Melnik and Alm

[20], Houser et al. [21], and Reiley et al. [22] who argued that
the final price of an item (or discount depth) should be
positively (or negatively) correlated with the rating that a
seller has received.

5.3. Reputation and Customer Flows. As a marketing ac-
tivity, whether a deal could effectively increase customer
flows should be an important aspect to consider. None-
theless, accurate data on customer flows is not available.
Hence, the author uses an alternative approach to ap-
proximately capture the changes in customer flows. Spe-
cifically, the number of reviews on Yelp is used as a proxy of
customer flows, and the number of reviews on Yelp which
mention the word “Groupon” is used as a proxy of con-
sumer traffic brought in by Groupon deals directly. By
comparing the number of reviews posted before and after
the date of the deal promotion, the author could ap-
proximately depict the changes in customer traffic caused
by the deal.

Figure 2 portrays the trend of average review volume
across all restaurants in the sample. According to the blue
curve, average review volume fluctuates in a narrow range
before Groupon deal. Once the deal is offered, the number of
reviews significantly rises. (is number remains at a rela-
tively high level until the fourth month after the deal. Since
then, the trend returns to the initial level and fluctuates
slightly again. According to the orange curve, the number of
reviews mentioning “Groupon” is close to zero before
Groupon deal, clearly increases following the deal, and
returns to initial level after four months. (e patterns of
these two curves are very similar, indicating that Groupon
deal should be the main driver behind the changes.(e four-
month period is not surprising, since most Groupon deals
must be redeemed within 60 to 120 days after purchase.
Hence, this figure is consistent with our expectation and
enhances our confidence in using number of reviews on

Table 3: Model results of reputation effect on voucher sales.

Dependent variable: ln (voucher sales)
(1) (2)

Coeff. SE Coeff. SE
ln (deal price) –1.131∗∗∗ 0.263 –1.301∗∗∗ 0.308
ln (discount rate) 2.315∗∗ 0.782 2.169∗∗ 0.803
Avg. customer rating displayed on Groupon 0.484∗∗∗ 0.131 0.420∗∗ 0.159
Avg. customer rating displayed on Yelp 0.108∗ 0.047
ln (no. of reviews on Groupon) 0.573∗∗∗ 0.106 0.501∗∗∗ 0.130
ln (no. of reviews on Yelp) 0.162∗ 0.083
Promotion duration 0.161∗∗∗ 0.037 0.206∗∗∗ 0.044
Dummy of sold out 0.102∗ 0.051 0.185 0.174
Dummy of redemption time –0.042 0.047 –0.037 0.040
Dummy of weekdays –0.156 0.139 –0.101 0.165
Dummy of multiple promotions –0.102∗ 0.056 –0.065 0.053
Dummy of designated meals –0.066∗∗∗ 0.013 –0.074∗∗∗ 0.019
City fixed effects Yes Yes
No. of observations 4060 2212
White test H0: homoscedasticity p value� 0.011 p value� 0.023
R2 0.311 0.335
Note. ∗, ∗∗, and ∗∗∗, respectively, represent the significant level of 10%, 5%, and 1%. Standard errors are heteroscedasticity-robust and are clustered by city.
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third-party website to approximately capture customer
flows.

To investigate the relationship between reputation and
customer flows brought in by the deal, the author then
applies key regression (1), where the dependent variable is
the number of reviews on Yelp which mention “Groupon”
within four months after the deal. Standard errors are
heteroscedasticity-robust and are clustered by city to

account for possible within-city correlations of the residues.
(e estimation results are summarized in Table 6.

In Column (1), the author uses OLS regression method.
In Column (2), the author uses negative binomial regression
method. In Column (3), the author uses zero-inflated
negative binomial regression method in order to resolve the
possible excess-zero problem (Hall [29] and Yau et al. [30]).
(647 out of 2212 observations (pct.� 29.2%) have the

Table 5: Model results of reputation effect on voucher discount rate.

Dependent variable: ln (discount rate)
(1) (2)

Coeff. SE Coeff. SE
ln (face value) 0.103∗∗ 0.036 0.010∗∗ 0.035
Avg. customer rating displayed on Groupon –0.185 0.148 –0.206 0.162
Avg. customer rating displayed on Yelp 0.103 0.355
ln (no. of reviews on Groupon) –0.065∗∗ 0.025 –0.062∗∗ 0.025
ln (no. of reviews on Yelp) –0.014∗ 0.008
Promotion duration –0.049 0.049 –0.078 0.068
Dummy of redemption time 0.123 0.085 0.154 0.126
Dummy of weekdays –0.052 0.133 0.032 0.193
Dummy of multiple promotions –0.068 0.055 –0.093 0.072
Dummy of designated meals 0.027∗∗ 0.012 0.024∗∗ 0.011
City fixed effects Yes Yes
No. of observations 4060 2212
White test H0: homoscedasticity p value� 0.056 p value� 0.062
R2 0.103 0.110
Note. ∗, ∗∗, and ∗∗∗, respectively, represent the significant level of 10%, 5%, and 1%. Standard errors are heteroscedasticity-robust and are clustered by city.
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Figure 2: Monthly number of reviews posted on third-party website before and after Groupon deal. (e horizontal axis represents the time
before/after the Groupon deal.(e blue curve illustrates the average monthly number of reviews on third-party website across all restaurants
in the sample. (e orange curve illustrates the average monthly number of reviews on third-party website which mention the word
“Groupon” across all restaurants in the sample.

Table 4: Test for multicollinearity.

Correlation between avg. consumer rating displayed on Groupon and avg. customer rating displayed on Yelp 0.451∗∗∗

VIF for avg. customer rating displayed on Groupon 2.51
VIF for avg. customer rating displayed on Yelp 3.48
Mean VIF 2.08
Note. ∗, ∗∗, and ∗∗∗, respectively, represent the significant level of 10%, 5%, and 1%. VIFs are calculated for the second model of Table 3.

6 Mathematical Problems in Engineering



dependent variable equal to zero.) In all columns, the
coefficient estimates of the number of reviews are positive,
which is in line with the findings in Section 5.1. (e es-
timates of promotion duration are positive, indicating that
when the deal is exposed for more days, more customers get
attracted. What is more, the coefficient estimates of dis-
played Groupon rating are positive and significant in all
columns, which suggests that reputation has a positive
impact on the rises of customer flows, supportingH3. Once
again, the estimates of displayed Groupon rating are ob-
viously greater than those of Yelp ratings, implying that
ratings from deal sites are more effective in terms of
stimulating consumer traffic than ratings from third-party
review sites.

6. Conclusions and Discussion

(is article studies whether and how a seller’s online rep-
utation affects the outcomes of its daily deal promotions.
Based on data scraped from the biggest daily deal website,
Groupon, and the most popular third-party review website,
Yelp, the author obtains a few important findings. First,
online reputation is positively associated with the sales of
vouchers. Second, online reputation has no significant re-
lationship with voucher discount depth. (ird, online
reputation is positively associated with the increase of
customer traffic following the deal. Last but not least, ratings
from deal sites are more influential than ratings from third-
party review sites.

(is paper offers three important contributions. First, to
date, whether a higher business reputation enhances product
sales and whether it depresses discount rates on e-commerce
platforms are two controversial questions. (is study pro-
vides new empirical evidence to these questions and

contributes to the literature. Second, as a relatively new
industry, daily deals are rarely discussed from the viewpoint
of reputation and information asymmetries. (is paper fills
the gap. (ird, the findings provide useful insights to
merchants about how to attract more purchases and traffic
through online deals and to platform owners by pointing out
the value of reputation in moderating consumers’ and
merchants’ behaviors.

To enable readers to interpret the results accurately, it is
necessary to recognize the limitations of this study. Due to
limitations of the data, the measurement of customer traffic
may not be accurate. Future research may need to inves-
tigate this question using other data, such as restaurant
revenue data, when available. Future research may also try
to use panel data instead of cross-sectional data to redo the
process presented here, so that the unobserved time-in-
variant heterogeneity can be controlled as Duan et al. [19]
suggest.
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Table 6: Model results of reputation effect on customer traffic rises.

Dependent variable: proxy of customer traffic rises
(1) (2) (3)

Coeff. SE Coeff. SE Coeff. SE
ln (deal price) –0.109∗ 0.052 –0.115∗ 0.069 –0.060 0.051
ln (discount rate) 0.009 0.033 0.010 0.045 0.066 0.073
Avg. customer rating displayed on Groupon 0.242∗ 0.131 0.205∗ 0.121 0.305∗ 0.170
Avg. customer rating displayed on Yelp 0.102 0.119 0.147 0.130 0.183 0.125
ln (no. of reviews on Groupon) 0.111∗ 0.059 0.072∗ 0.037 0.190∗∗ 0.074
ln (no. of reviews on Yelp) 0.024 0.020 0.025∗ 0.013 0.078 0.107
Promotion duration 0.218∗∗ 0.080 0.226∗∗ 0.079 0.285∗ 0.155
Dummy of sold out –0.055 0.341 –0.046 0.325 0.029 0.282
Dummy of redemption time 0.063 0.604 0.101 0.555 0.139 0.140
Dummy of weekdays –0.118 0.090 –0.139 0.103 0.205 0.230
Dummy of multiple promotions 0.013 0.140 0.017 0.112 0.153 0.412
Dummy of designated meals –0.200 0.180 –0.208 0.184 –0.089 0.130
City fixed effects Yes Yes Yes
No. of observations 2212 2212 2212
White test H0: homoscedasticity p value� 0.047
R2/Pseudo R2 0.137 0.124 0.105
∗, ∗∗, and ∗∗∗(e significant level of 10%, 5%, and 1%.(e number of reviews on Yelp which mention “Groupon” within four months after the deal is used as a
proxy variable to reveal rises of customer flows due to the deal. Standard errors are heteroscedasticity-robust and are clustered by city.
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