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Abstract

The growth of the Internet has led to a dramatic increase in the number of consumer
or “user” product ratings, which are posted online by individuals who have consumed
a good, and are available to other individuals as they make decisions about which
products to purchase. These ratings have the potential to substantially improve the
match between products and consumers, however the extent to which they do so likely
depends on whether the ratings reflect actual consumer experiences. This paper evalu-
ates one potential source of bias in consumer ratings: mimicry of the reviews of experts.
Using a rich dataset on consumer product ratings from the brewing industry and a
regression discontinuity empirical framework, I show that expert reviews influence
consumer ratings. Consumer ratings fall in response to negative expert reviews and
increase in response to positive expert reviews. The results are most pronounced for
strongly negative or strongly positive expert reviews. This mimicry limits the extent to
which information on product quality from actual consumer experiences diffuses to the
population. I suggest that “nudges” could be implemented to limit the extent to which
mimicry affects ratings.
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1 Introduction

The Internet has led to a massive increase in the number of consumer or “user” prod-
uct ratings. These ratings, which have sometimes been referred to as “electronic word-
of-mouth”, provide a complement or substitute to expert reviews, which have historically
been of greater significance to consumers. Expert reviews and consumer ratings are both
common, and these two types of evaluations are often presented alongside each other in web
sites. Rotten Tomatoes, the popular web site for movie reviews, presents both a "Tomatome-
ter", which is based on critic reviews, and an Audience rating, which is based on user rat-
ings. CNET, which provides ratings for electronic products, displays both an Editor’s review
and an average user rating. Edmunds.com provides both an expert review and consumer
ratings for cars. Amazon.com often provides summaries of expert book reviews from major
news outlets before presenting the average consumer rating for the book. Additionally, for
all products, Amazon presents the average rating for a product, as well as “the most helpful
reviews”, which are displayed more prominently.

The availability of a new widely accessible source of information on product quality pro-
vided through consumer product ratings holds the promise of substantially improving the
match between products and consumers. However, the value of consumer ratings likely de-
pends on whether these ratings reflect actual consumer experiences. One potential source of
bias is mimicry of the reviews of others. A substantial literature on individual behavior sug-
gests that individual decision-making is influenced by information on the actions of others,
and that certain types of individual responses can lead to negative welfare consequences.

Most notably, as developed in Banerjee (1992), mimicry of the behavior of others can lead



to socially inefficient outcomes because “herd behavior’—in which individuals are influenced
by the decisions that have previously been made by others due to its informational content—
limits the diffusion of information to the rest of the population. Ottaviani and Sgrensen
(2001) show theoretically that the presence of experts can exacerbate herding problems and
lead to worse outcomes, especially when experts do not have fully accurate information and
when the population contains heterogeneous preferences.

While mimicry and herding are most often discussed in the context of financial mar-
kets, such behavior is applicable in many settings, and recent research has focused on its
potential role in consumer product ratings. Muchnik et al. (2013) implement a field exper-
iment with a social news aggregation web site and find that a randomly assigned positive
initial rating for an item leads to large and lasting effects in the amount of positive ratings
received by the item. They conclude that mimicry can lead to “ratings bubbles” which bi-
ases the opinion of “collective intelligence.’ﬂ Moe and Trusov (2011) find similar evidence
of mimicry, using data on fragrance and beauty products to show that ratings behavior is
significantly affected by previously posted ratings. Mimicry in ratings is consistent with
the notion of conformity, in which individuals behave in patterns consistent with the social
norm in order to protect their status within the community (Bernheim 1994).

For products in which both consumer and expert ratings are available, both the previ-
ous ratings of others and the opinions of the experts serve as potential sources of mimicry.
Though the response of consumer ratings to expert reviews has not previously been exam-

ined, mimicry of expert reviews may be of relatively greater significance because individu-

ICollective intelligence is a relatively recent term within the psychology literature that refers to the
decision-making capabilities of groups (Wooley 2010).



als appear to be more responsive to the opinion of high-status individuals than low-status
individuals. For example, Kumru and Vesterlund (2010) present experimental evidence
that “low-status” individuals mimic “high-status” individuals in charitable giving. Whether
mimicry is driven by the opinions of peers or the opinions of an expert, the extent to which
it exists is likely to be socially harmful because mimicry limits the diffusion of information
regarding actual consumer experiences.

In this paper, I provide the first evaluation of whether consumers mimic the reviews of
experts. The analysis is based on data from the brewing industry, and I use a rich dataset
on expert reviews and consumer ratings from the leading site for beer evaluations, Beer
Advocate. Using a regression discontinuity empirical framework based on the timing of
expert reviews, I find clear evidence that expert reviews influence subsequent consumer
ratings. In particular, consumers mimic the reviews of experts. Positive expert reviews lead
to an increase in subsequent consumer ratings and negatives reviews lead to a decrease.
The response is most evident for strongly positive or strongly negative expert reviews. The
evidence is most consistent with users changing their ratings in response to the expert
review, as opposed to the expert review changing the selection of users who choose to rate
the beer.

In addition to relating to the literature on mimicry and herd behavior, this research
contributes to a rapidly growing literature on online product ratings which reflects their
expanding role in modern marketplaces. While economists have been aware of the impor-
tance of information in consumer decisions for some time (Akerlof, 1970; Nelson, 1970), as
well as the potential for the Internet to enhance the role of consumer ratings (Avery et al.,
1999), recent research has focused on identifying empirical relationship. Consumer ratings
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have been shown to influence demand in many settings, including menu inserts and choice
of food items (Cai et al., 2009), Yelp reviews and choice of restaurant (Anderson and Ma-
gruder, 2012; Luca 2013), online movie reviews and box office receipts (Chintagunta et al.,
2010) and Amazon.com reviews and book sales (Chevalier and Mayzlin, 2006). Other studies
have shown that the demand for an item sold through eBay depends on the ratings that the
item’s seller has received from previous buyers (Cabral and Hortacsu, 2010; Lucking-Reiley
et al., 2007; Jin and Kato, 2006; Melnik and Alm, 2002). Researchers have also examined
whether firms actively manipulate consumer ratings and have found mixed evidenceE]

As with the literature on consumer ratings, the literature on expert reviews has focused
on consumer demand as the primary outcome of interest. Reinstein and Snyder (2005)
find evidence that expert reviews influence consumer demand for moviesErI Both Higler
et al. (2011) and Friberg and Gronqvist (2012) find evidence the expert reviews influence
the demand for wine, with the former study using a field experiment and the latter study
exploiting a quasi-experiment based on the timing of reviews. Berger et al. (2010) find that
receiving a favorable book review from the New York Times is associated with increased
sales. DellaVigna and Hermle (2014) provide one of the few studies focusing on potential
bias in expert reviews, finding no evidence that expert movie reviews are biased when they
are reported in a media outlet that is owned by the same company that produced the film.

The remainder of the paper proceeds as follows. In Section [2] I describe background in-
formation on the brewing industry and Beer Advocate, as well as the features of the rating-

level dataset that provides the basis for the analysis. In Section |3, I evaluate the effect of

2Mayzlin et al. (2014) find evidence of such manipulation in Hotel ratings on TripAdvisor. Anderson and
Magruder (2012) do not find evidence of rating manipulation in restaurant reviews on Yelp.

3Eliashberg and Shugan (1997) also examine the impact of expert reviews on box office performance, but
do not find a significant relationship.



expert reviews on consumer ratings using a regression discontinuity framework. I conclude

by describing some implications of the findings in Section

2 Background and Data

I study consumer ratings in the context of the brewing industry, which is an appealing set-
ting for three primary reasons. First, the brewing industry is substantial, accounting for
$99 billion in sales and 200 million barrels of beer in the U.S. in 2012 (Brewers’ Associ-
ation, 2013). Secondly, the brewing industry involves a large number of products. Beers
vary in their ingredients, style, and brewer and each beer variety constitutes a different
product. There are currently more than 2,500 breweries in the U.S., and breweries typically
produce multiple varieties of beerE] Third, unlike many other products, beers are not typi-
cally reviewed by “experts” as soon as they are produced. The delayed review of most beers
enables the empirical framework that I employ, which is based on how ratings change im-
mediately following the expert review, and which enables plausible identification of causal
effects (Angrist and Pischke, 2010). One of the benefits of focusing on how user ratings
change following an expert review is that it leads to estimates that are free from concerns
related to reverse causality, in which user reviews influence expert reviews, as opposed to
vice versa.

I examine reviews of beers reported on Beer Advocate (beeradvocate.com). Beer Advocate

is the primary source for beer ratings, and receives more than 25 million page views and 2.5

4The number of breweries has increased dramatically in recent years due to the expansion of the craft brew
sector. Relative to large commercial breweries, craft breweries tend to have low production volumes, a focus
on local or regional markets, and an emphasis on more specialized varieties of ales (stout, porter, IPA, etc.).
The volume of craft brew produced grew at a rate of 10 percent annually between 2007 and 2012 (DeMeter,
2013).



million unique visitors per month (Beer Advocate, 2013)@ Ratings are provided by the Beer
Advocate founders, Jason and Todd Alstréom, and by site members. Member registration is
free and, as of 2012, there were over 30,000 members contributing to the reviews on Beer
Advocate. Beers receive an overall rating, as well as separate ratings for taste, appearance,
aroma, and mouthfeelﬁ The overall rating is chosen by the member, as opposed to being
generated through a formula based on the other ratings. Ratings are scored on a 1 to 5 point
scale. Over the time period in which the data was collected, Beer Advocate required that
ratings must be accompanied by reviewer comments of at least 250 characters in length.

Figure (1| presents a screen shot of a beer’s rating page on Beer Advocate. The page in-
cludes two summary scores for the beer, as well as a member review (more member reviews
could be accessed by a site visitor by scrolling down). One summary score represents mem-
ber ratings (the “BA Score") and one represents the founders (“The Bros”). In the context
of this paper, “The Bros” score represents the “expert” review. The Bros’ score is based on
the reviews of Jason or Toddm The summary scores are a function of the underlying ratings
but are scored on a 0 to 100 point scale that is structured similarly to the grades used in an
academic settingﬁ A beer appears in Beer Advocate when a member submits it through an
online form. Members must record twenty reviews before they are eligible to add beers to
the database. Members cannot enter multiple different ratings for the same beer.

I obtained data on Beer Advocate ratings from the Stanford Network Analysis Projectﬂ

5The main alternative to Beer Advocate is RateBeer.com. Google search volume for Beer Advocate is about
three times as large as search volume for Rate Beer (Google, 2013).

1n the analysis, I focus on the overall rating of a beer because ratings for taste, appearance, aroma, and
mouthfeel are not displayed prominently at beeradvocate.com.

7Jason and Todd each have their own individual account, as well as a mutual account “BeerAdvocate”.

8 According to the key on beeradvocate.com, a score below 60 is “awful”, 60 to 69 is “poor”, 70 to 79 is “okay”,
80-84 is “good”, “85-89" is “very good”, “90-94” is outstanding, “95-100” is world-class.

9The data were downloaded at http:/snap.stanford.edu/data/web-BeerAdvocate.html.



Each observation in the data refers to a beer rating and includes the rating as well as
reviewer, beer, and date identifiers. While the complete dataset includes more than 1.5
million observations recorded between the founding of Beer Advocate in 1996 and the end of
the sample in January 20 12,@1 restrict the data to the set of beers that the Bros have rated,
and to ratings that were made within 4 years of the Bros’ rating for most of the analysisE-I
The goal of dropping these observations is primarily to relax the assumptions required for
causal identiﬁcationH though they also enhance computational tractability for some of the
specifications with a large number of non-parametric controls. The final dataset consists
of 218,095 observations. Much of the analysis is based on a preferred dataset of 49,715
observations that occurred within 6 months of the expert rating.

I generate several key variables. Rated is a binary variable that equals 1 if the rating
was entered after the Bros’ rating or 0 if before. Review Order indicates the order in which
a rating was placed relative to all other ratings received by a beer. Average User Score at
Time of Rating reports the average user score for a beer at the time the rating was posted.
User Experience indicates the number of reviews previously entered by the Beer Advocate
member entering the review. Relative Days reports the day of the observation relative to
when the Bros’ review was placed. For example, a value of 7 indicates the review was placed
a week after the Bros’ rating, and a value of 0 indicates the rating was made the same day

as the Bros. If both Bros rated the beer, Relative Days is based on the time of the first

10While the Brother’s ratings appear as early as 1996, ratings from regular members do not appear in the
database until October 2000.

1T also drop any beer for which there were no member reviews either preceding or following the Bros’ rating.
Additionally, I drop the ratings of the Bros such that the data only include member ratings (though I use the
Bros’ rating to generate several variables, as I describe in the next paragraph).

1211 regression discontinuity studies, limiting the sample to observations that occur within a certain band-
width of a primary threshold is a common and recommended procedure (Imbens and Lemieux, 2008).



rating. Relative Months is generated by collapsing Relative Days into 30 day bins. Rating
Difference reports the difference between the Bros’ rating and the mean user rating made
prior to the Bros’ rating. As with the relative time variables, if both Bros rated the beer, the
Rating Difference is calculated based on the first review. Strong Negative, Weak Negative,
Weak Positive, and Strong Positive are binary variables that represent ranges of Rating
Difference. Strong Negative equals 1 if the Bros’ rating was more than 0.5 points below the
mean user rating, Weak Negative equals 1 if the Bros’ rating was between 0.5 and 0 points
below the mean user rating, Weak Positive equals 1 if the Bros’ rating was equal between 0
and 0.5 points above the mean user rating, and Strong Positive equals 1 if the Bros’ rating
was more than 0.5 points above the mean user rating.

Summary statistics are reported in Table |1l Statistics are reported for samples consist-
ing of ratings that occurred within six months of an expert review, ratings that occurred
within forty-eight months of an expert review, all ratings from beers that received an expert
review, and the full sample of all ratings@ The means of the variables are generally similar
across samples and especially similar with respect to User RatingFE] Focusing on the six-
month sample, the average user rating for a beer is 3.8. About 140 ratings have typically
already been placed for a beer at the time a rating is entered, and a user has typically en-
tered about 350 previous ratings at the time of recording their rating. The Bros are slightly
less generous than the average member, with a mean rating 0.1 points lower. A substantial

share of ratings fall in each category of Rating Difference, though a strong positive rating

131t is not possible to compute the variables that are based on the expert rating for ratings of beers that were
not rated by an expert, so for the full sample I do not report summary statistics for these variables.

14The primary difference is that the means of Review Order, Relative Months, and Relative Days are smaller
when a narrower bandwidth is used. Due to the growth of Beer Advocate, expanding the bandwidth is more
likely to lead to the inclusion of recent reviews. These reviews are likely to have occurred substantially after
the Bros’ rating because the Bros have been rating beers since the beginning of Beer Advocate.



is the least common. There are about 8,000 member profiles in the 6-month bandwidth
sample, 15,000 member profiles in the 48-month bandwidth sample, 22,000 members in the
sample of all rated beers, and 33,000 member profiles in the full sample. All samples limited
to expert-rated beers have about 1,500 beer VarietiesF_gl

To help characterize the variation of primary interest in the analysis, I present a his-
togram of Rating Difference in Figure |2l The figure shows that the difference between the
Bros’ rating and the average user rating placed prior to the Bros’ rating is approximately
normally distributed with a mean near zero. Notably, there is little evidence of a bi-modal
distribution in Rating Difference, which might be expected if the Bros’ were primarily en-
tering reviews that were meant to be “corrections” in cases when they viewed the Beer
Advocate community as erroneously rating a beer too generously or too negatively. The
takeaway from Figure [2| is that the Bros’ rankings do not appear to systematically differ
from the ratings previously entered by users and that there is meaningful variation across

beers in the relative rating received from the Bros.

3 Analysis and Results

I examine the effect of an expert review on user ratings by evaluating how the ratings
of Beer Advocate members change in the period following the Bros’ review, and how this
change relates to how the Bros rated the beer. I focus on how the Bros’ rating compares to
the average member rating that was entered prior to the Bros’ review because the analysis

focuses on changes in how members rate a beer. The Bros’ rating is only likely to influence

5For the six-month bandwidth sample, 19 beers are omitted from the sample because they were not rated
by a user within the six-month period around the expert review.
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member ratings if it differs from the way members had previously been rated the beer.

By focusing on changes in ratings that occur discontinuously at the time of the Bros’
review, I am able to limit the potential for bias in the estimates. In particular, in order for
an omitted factor to lead to bias, it must change discontinuously at the time of the expert re-
view. For example, within the empirical framework, an association between member ratings
and the Bros’ ratings cannot be explained simply by “correlated tastes,” in which the Bros’
and the typical member prefer the same beers, because this correlation in tastes should not
change exactly at the time that a beer is reviewed by an expert. Concerns about reverse
causality, in which member ratings influence expert reviews, are also not an issue because
the findings are driven by ratings that are entered after the Bros’ have already reviewed the
beer.

In addition to employing a regression discontinuity framework, I also control for certain
factors that are known to influence product ratings. Godes and Silva (2014) show that
review order, the current review average, and the time at which a review is entered influence
product ratings{r_g] I control explicitly for these factors in each regressionE] I also control for
the individual who enters the rating, and the specific beer that is being scored.

In the remainder of this section, I first present trends in user ratings relative to the time
of the Bros’ rating. I then present a series of estimates of the effect of the Bros’ rating, as
well as a set of econometric robustness checks and a discussion of selection dynamics in user

ratings. I conclude with an examination of the mechanism behind the results.

16Moe and Schweidel (2012) present evidence that infrequent posters are particularly likely to be swayed by
the average user rating at the time the rating is posted. As I describe in section 3.5, I examine whether the
influence of an expert review diminishes with user experience as well. I find little evidence that the influence
of an expert review diminishes with user experience.

17Results are very similar when these factors are omitted, primarily because they do not typically change
discontinuously at the time of an expert review.
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3.1 Trends in Means and Residuals

Figure |3| presents the average user rating across Relative Months. 1 produce separate plots
for beers that received strong negative, weak negative, weak positive, and strong positive
ratings from the Bros. The plots indicate that a strong negative rating leads to a decline in
subsequent user ratings and a strong positive rating leads to an increase in subsequent user
ratings. These patterns provide some initial visual evidence that user ratings are influenced
by the reviews of experts.

In order to isolate the variation in user ratings that cannot be explained by a number of
potentially confounding factors, I regress User Rating on individual (e.g., member), beer, and
month-of-sample fixed effects and then calculate the residuals for each observation. These
residuals represent variation in user ratings that cannot be explained by the individual
who performed the review, the beer that was reviewed, or the time of the review. I plot the
residuals by Relative Months in Figure[d] I present separate plots for each category of Rating
Difference. The results are similar to those presented in Figure [3| though the residuals are
less noisy and do not appear to be trending systematically across Relative MonthsF_gI These

results provide further evidence that expert reviews influence user ratings.

18The trends in rating means and residuals presented in this subsection are not materially affected by the
choice of bin size. I demonstrate this in Figure[A.I]in the Online Appendix, which replicates the residual plot
presented in the “Strong Negative” panel of Figureusing bin sizes of 1, 7, 30, and 365 days.
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3.2 Estimates

I use a regression discontinuity framework to more formally evaluate the effect of the expert

review. In particular, I estimate models based on specifications of the following form,

User Rating; = a; +y; + w; + f1Rated; + f2Relative Months; +
(1D
PBsRelative Months; x Rated; + ZBkXik +¢€;,
k

where i indexes ratings. The terms «;, yz, and w; represent individual, beer, and month-
of-sample fixed effects. The summation term includes linear controls for review order and
the average user rating at the time that a review was entered. The coefficient of primary
interest is f1, as it represents the change in the average user rating following the Bros’
rating. I perform regressions based on equation [1|for each category of Rating Difference. In
all regressions throughout the analysis, I cluster standard errors by member proﬁleF_gI

I also estimate models for the full sample that are of the form,

User Rating; =a; + 7y + w; + f1Rated; + foRated; x Rating Difference; +
(2)
PsRelative Months; + f4Relative Months; x Rated; + ZB 2 Xk +E;.
k

The primary coefficient of interest is f2, which indicates how a one-point increase in the
Bros’ rating affects subsequent user ratings.

Estimates are presented in Table 2l Columns 1-4 present estimates based on equation
A strong negative expert rating is associated with a statistically significant decline of

0.08 points in the average user rating. A weak negative expert rating is associated with a

19Results are robust to alternative clustering choices, such as clustering by beer variety.
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statistically significant decline of 0.05 points in the average user rating. A weak positive
expert rating is not associated with a statistically significant change in the average user
rating. A strong positive expert rating is associated with a statistically significant increase
of 0.14 points in the average user rating. Column 5 presents estimates based on equation
The coefficient on Rated x Rating Difference indicates that a 1 point increase in the
Bros’ rating is associated with a statistically significant 0.15 point increase in subsequent
consumer ratings.

The most appropriate interpretation of the coefficients is that they indicate the extent
by which a Bros’ rating of each variety causes individual reviewers to change their own
ratings. There are two other tempting alternative interpretations of the coefficients, both
of which are likely to be incorrect. First, one might explain the relationship through a
sample selection mechanism in which the Bros’ rating induces certain types of members
to subsequently rate the beer (potentially those who are more inclined to give a positive
or negative review), however this type of response would not be reflected in the estimates
because the models include individual fixed effects. I describe issues related to selection
dynamics further in subsection 3.4. A second tempting explanation for the result is that
the Bros can more accurately predict the quality of a beer, and therefore the change in
user ratings is simply driven by a trend over time of a beer’s rating toward its true quality.
However, given the small bandwidth used in the estimates, and the clear discontinuities

that are evident in Figures|3|and |4, this is also unlikely to explained the observed results.
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3.3 Robustness Checks

To investigate the robustness of the results, I examine the impact of alternate bandwidths
on the estimates, as well as the impact of modeling Relative Months using global polynomi-
als of various orders. For the robustness checks, I focus on the coefficient on Rated x Rating
Difference in the models based on the full sample, as this provides the most concise test of
the effect of the Bros’ rating. The results are presented in Table |3 Each panel presents
results from a different sample bandwidth, and each column presents results from a differ-
ent polynomial order. Across samples and specifications, the coefficient on Rated x Rating
Difference is nearly unchanged from the coefficient reported in column 5 of Table

In addition to estimating the above robustness checks, I conduct a placebo test in order
to investigate potentially overlooked sources of bias in the way the data are compiled or ana-
lyzed. In particular, I compile and analyze the data such that the member of Beer Advocate
with the most ratings is actually the Bros. When all reviewers are considered, including the
Bros and member-contributors, the most prolific reviewer is “NorthYorkSammy”, who has
5,800 beer reviews@ I report these placebo results in Table 4/in a manner that mirrors the
robustness checks presented in Table [2. At small bandwidths, the coefficient on Rated x
Rating Difference in the placebo tests is small in magnitude and statistically insignificant.
At higher bandwidths, the coefficient becomes statistically significant, but remains small
in magnitude. Overall, the small magnitude of the coefficients and inconsistent statistical

significance in the placebo tests support the validity of the empirical designFZ]

20T also estimate effects by bandwidth for each category of Rating Difference. These estimates are presented
in Figure in the Online Appendix and show that the estimates for each category are stable across band-
widths.

21For context, North York Sammy has rated roughly 58 beers per month since his first review.

220ne explanation for the slight, yet statistically-significant, coefficient is that NorthYorkSammy has
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3.4 Selection Dynamics

One potential concern with the analysis is that the results are caused by selection dynamics.
For example, if the Bros’ review induces certain users to rate a beer, then observed changes
in user ratings could be caused by selection effects as opposed to or in addition to individuals
actually changing their rating based on the Bros’ review. Such a selection-based response
would not change the overall impact of the Bros’ review on subsequent user ratings entered
into Beer Advocate, but it would change the interpretation of the mechanism by which the
response occurs.

I initially examine the possibility of selection using a of Relative Months, as presented in
Figure |5, The histogram shows that reviews are most likely to occur around the time of the
Bros’ rating. The first explanation that comes to mind for this spike is that the Bros’ review
invokes ratings from Beer Advocate members, but this is unlikely to be the case because
the spike in ratings occurs both before and after the Bros’ review. Note that the spike in
ratings is nearly as high in the 30-days prior to the Bros’ review, as the 30-days following
the Bros’ review. Additionally, I further investigate whether the Bros’ review invokes user
ratings by examining whether the spike in ratings is more prominent when the Bros give a
positive rating, which would be expected if selection were present because a positive Bros’
ratings should lead to a larger increase in demand. I find little evidence of such a pattern
(see Figure in the Online Appendix).

Instead, ratings likely surge around the time of the Bros’ review because the ability of
the Bros to acquire and rate a beer indicates a period beer when a beer was highly likely to

be in production and available outside of its local market, and thus also accessible to Beer

achieved “quasi-expert” status among Beer Advocate members due to his large number of ratings.
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Advocate members for their review. Beers come in and out of production either because a
Brewer chooses to create or discontinue them altogether, or because the Beer is a seasonal
beer that may be more likely to be brewed or bought during certain months of the yearF_g]
This latter explanation also explains that general seasonality observed in the number of
user ratings across Relative Months "]

While Figure |5/ does not provide strong evidence that the Bros’ review induces user rat-
ings, the empirical framework should eliminate any selection effects that do exist because
the individual fixed effects control for the member who is rating the beerF_gl Additionally, as
one would expect based on Figures (3| and [4] the empirical results are all nearly unchanged
by dropping observations from the months immediately surrounding the Bros’ rating. In
sum, the evidence indicates that the observed change in user ratings is almost certainly
caused by individuals changing their ratings as opposed to the expert review inducing a

systematically different selection of users to rate the beer@

23Certain dark beers, such as imperial stouts, tend be more sought after in the winter, as well as more likely
to be brewed and distributed. Certain light beers, such as saisons or wheat beers, are more common in the
summer. Some breweries distribute the same set of seasonal beers repeatedly across years. For example,
Deschutes Brewery in Oregon produces the Jubel Ale in winter, the Twilight Ale in the summer, and the Red
Chair Ale in spring.

241f a beer is a seasonal beer and the Bros’ rate the beer during peak season, it will contribute to a 12-month
pattern across Relative Months regardless of the calendar month that corresponds to the beer’s peak season.

25Results are very similar regardless of whether individual effects are included, indicating that the response
of Beer Advocate members to the Bros’ rating occurs exclusively through a change in the ratings chosen by
members (relative to what they would have chosen absent the Bros’ review), as opposed to a change in the
sample of members rating the beer.

26There is also little evidence that the Bros’ reviews are induced by user ratings. For example, if an indicator
variable is included in the regressions that equals 1 for the three observations entered for a beer variety
immediately prior to a Bros’ rating, the coefficient for the indicator variable is generally insignificant. The
implication of this result is that anomalous user reviews do not appear to prompt the Bros’ to enter their
review.
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3.5 Mechanism and Application to Other Categories

There are several mechanisms that may explain why expert reviews influence consumer
ratings. First, consumers may be following a “herding” instinct whereby they suppress their
own opinions and mimic the opinions of experts for psychological or social reasons, such as
a general preference for conformity. Secondly, expert reviews may change the manner in
which individuals experience a beer—perhaps by highlighting a key characteristic of the
beer—and thereby influence the subsequent rating entered by the consumer. This mecha-
nism could be called “persuasion.” Finally, reviewers may update their rating after reading
an expert review because they believe that the expert opinion is more accurate than their
own. This might be called a “learning” mechanism. These different mechanisms likely have
different welfare implications, with the herding mechanism likely to be the most socially
damaging.

In order to examine the mechanism, I evaluate how the effect of an expert review varies
depending on user experience. The assumption behind this part of the analysis is that as
users become more experienced—in regards to both exposure to beer varieties and to enter-
ing ratings—the effect of an expert review should dissipate if the mechanism is persuasion
or learning because users are likely to develop more clearly defined tastes and more confi-
dence in their own opinions as they gain experience. If the mechanism is herding behavior,
on the other hand, then there should be no interaction between user experience and the
effect of an expert review.

I present estimates based on a specification that is identical to equation [1| with the ex-

ception that it includes an interaction of Rated and User Experience (scaled by 10 to ease
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exposition) in the first four columns of Table I limit the sample to ratings that were
amongst the first 500 ratings entered by a user, as the effect of experience, if it exists, is
likely to reach a saturation point as more reviews are enteredF_gI The coefficient on the
new interaction term is small and statistically insignificant across samples. I also present
results that are based on a modified version of equation [2| that includes a new set of inter-
action terms, most notably Rated x Rating Difference x User Experience /| 10. Here again,
the coefficient on the key interaction term is small and statistically insignificant. While it
is difficult in this setting to identify the mechanism behind the results with complete cer-
tainty, the implication from the results in Table |5|is that the mechanism driving the results
in herding as opposed to learning or persuasionFEI

It is possible that mimicry would fail to exist or could be driven by different mechanisms
in other settings. In particular, for goods or services where quality is easier to observe,
consumers may feel less desire to conform. For example, a consumer is likely to enter a
negative rating if they discover that their hotel room is unsanitary, regardless of any previ-
ous reviews to the contrary. Similar logic might apply in the case of ratings of software or
smart phone applications, where “buggy” programs can often be easily and unambiguously
detected. The results in my setting are most likely to generalize to settings where there are

less objective measures of quality, such as ratings for restaurants, cars, or apparel.

27To ease interpretation of the results, I center User Experience by subtracting the mean from each observa-
tion, such that the coefficient on Rated can be interpreted as the effect of an expert review for a user with an
average amount of experience.

28Results are robust to limiting the sample even further (the interaction term is consistently insignificant
across any choice of threshold below 500).

29 Across models, estimates of the effect of an expert review (for an individual with an average level of
experience) are noisier than than the estimates reported in Table [2] but in all cases the confidence interval
includes the point estimate from Table
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4 Conclusion

The Internet has created an environment in which individuals can easily provide publicly
accessible product evaluations. By increasing the availability of information, these ratings
hold the promise of improving the match between consumers and products. However, the
value of these ratings depends on whether the ratings accurately reflect consumer experi-
ences. In this paper, I evaluate one potential source of bias, which is mimicry of the reviews
of experts. I find clear evidence that consumer ratings are swayed by the reviews of ex-
perts, increasing their ratings in response to positive expert reviews and decreasing them
in response to negative expert reviews.

It is likely that the welfare effects of mimicry are negative. If the typical user who
submits a rating has similar preferences as the typical person who views a rating, then
overtime an item’s rating should converge toward its true quality. However, if distortions
exist through mimicry of experts, then an item’s rating will be a function of both the expert’s
review and the “true” quality of the item. If an expert’s preferences do not exactly match the
typical visitor’s preference for every item, then mimicry will limit the diffusion of valuable
information to the population. The assumption that the typical user who submits a rating
has similar preferences as the typical individual viewing the rating seems unlikely to be
strongly violated, and the assumption that the preferences of experts are not identical to
the typical visitor across all items seems to be very weak. However, if these assumptions
were violated, the effects of mimicry are unclear and could potentially be positive.

Assuming that the effects of mimicry are negative, one implication of mimicry in con-

sumer ratings is that “nudges” that increase the likelihood that consumers submit their rat-
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ings without seeing the reviews of experts or other consumers may be a successful strategy
for improving that extent to which product ratings reflect actual consumer experiences@
On Beer Advocate, the “review” button that members click to rate a beer is currently located
immediately adjacent to two prominent boxes that summarize the opinions of the Bros and
other Beer Advocate members (see Figure [I). It would be easy to modify the site to hide
these reviews from those submitting new ratings. For example, members could be required
to navigate to a general “Submit Ratings” page and then select the beer of interest from a
drop-down menu or search bar in order to submit their rating.

The idea of using nudges to minimize distortions in ratings could be easily applied to
other settings. For example, Amazon.com currently allows members to submit products
ratings either by clicking a button on the “Your Orders” page that does not include any in-
formation on previous product ratings or by clicking a button on the product’s page that is
located directly next to a frequency chart of all previous consumer ratings. The latter option
seems much more likely to induce bias from previous reviews and this option could be elimi-
nated in order to limit the potential influence of mimicry. Nudges that increase the accuracy
of product ratings would likely be appealing to organizations that provide consumer ratings
because more accurate ratings would make their web sites more appealing to consumers.
Additionally, policymakers have demonstrated an interest in minimizing distortions in on-
line consumer ratings. New York’s Attorney General fined numerous companies for illegal
and deceptive business practices for writing fake online reviews on web sites including Yelp,

Google, and CitySearch (Streitfeld, 2013).

30«Nudges” refer to actions that influence behavior using “choice architecture” that manipulates the context
of a decision (Thaler and Sunstein 2008).
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Advances in mobile technology have allowed consumers to have nearly continuous access
to online product ratings, and these ratings are likely to play an increasingly significant role
in the markets for many different varieties of goods and services, whether for day-to-day
products, like beer, or for more expensive products, such as cars, legal counsel, and medical
services. Despite the prevalence of these ratings, they have been the focus of relatively little
research. Future research that further evaluates how consumer ratings are formed, how
they influence consumer behavior, and how they influence market equilibrium should be a

priority for economists and other researchers.
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Figures and Tables

Black Butte Porter - Deschutes Brewery

Ba n BA SCORE THE BROS
94 100

% outstanding world-class
2,854 Ratings read more »
Review

Brewed by:
Deschutes Brewery [B
Oregon, United States

Style | ABV
American Porter | 5.20% ABV

(3).
Notes:
E;stplz\ﬂest: for educational use only; do Ak. by Vol.: 5.2%
i 1BUs: 30
W Tweet < 35

192 calories per 12 oz serving

rAvg: 4.2
pDev: 11.19%
Reviews: 1194
Hads: 1660

Ratings Help

Availability: Year—ound. bottle (1015), on-tap (171), growler (5), ntro-tap

View: Beers (98) | Events (0)

Reviews

Sort by: Latest | High | Low | Top Reviewers | m Alstrém Bros | Show Hads: (]

<« first < prev | 1-25 | 26-50 | 51-75 | next > last »

JakesCrew

Pennsylvania

4.05/5 mev -3.6%

look: 4 | smel: 4 | taste: 4 | feel: 4.5 | overal: 4

Figure 1: Example of a Beer’s Rating Page on Beer Advocate.
This image was captured from beeradvocate.com on September 3,

2013.
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Figure 2: Histogram of Rating Difference. Rating Difference
records the difference between the Bros’ rating and the average user
rating that was posted prior to the Bros’ rating. The width of each bar
is one-tenth of a point.
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Figure 3: Average User Rating across Relative Months for Each
Category of Expert Review. Each graph plots the mean user rating
across Relative Months, which measures time relative to the expert
review. Each panel presents results for a sample of beers that received
an expert review of a certain type, as described in the panel titles. The
fitted line represents the predicted values from a regression of User
Rating on before and after linear Relative Month trends and Rated.
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Figure 4: Average Residuals across Relative Months for Each
Category of Expert Review. Each graph plots the mean resid-
ual from a regression of User Rating on beer fixed effects, month-
of-sample fixed effects, and individual fixed effects across Relative
Months, which measures time relative to the expert review. Each
panel presents results for a sample of beers that received an expert
review of a certain type, as described in the panel titles. The fitted line
represents the predicted values from a regression of the residuals on
before and after linear Relative Month trends and Rated.

30



Table 2: Estimates of the Effect of an Expert Review on User Ratings

Sample Str. Neg. Wk. Neg. Wk. Pos. Str. Pos. Full
(1) (2) 3 4) (5)
Rated -0.08%* -0.05%%* 0.03 0.14%* 0.00
(0.03) (0.02) (0.02) (0.05) (0.01)
Rated x Rating Difference 0.15%*
(0.01)
Individual Effects Yes Yes Yes Yes Yes
Review Order Yes Yes Yes Yes Yes
Avg. User Score at Time of Rating Yes Yes Yes Yes Yes
Linear Relative Month Trends Yes Yes Yes Yes Yes
Beer Effects Yes Yes Yes Yes Yes
Month-of-Sample Effects Yes Yes Yes Yes Yes
Observations 11,958 13,970 17,386 5,783 49,097

Notes: The unit of observation is a user rating. The dependent variable is the rating score. All obser-
vations are from ratings that occurred within a 6-month bandwidth of the Bros’ rating. The first four
columns report estimates from samples that are restricted to beers that received an expert review of a
certain type, as described in the column headings. The fifth columns includes all observations that oc-
curred within the 6-month bandwidth. The yes/no items at the bottom of the table indicate the inclusion
of various control variables. Standard errors are reported in parentheses and are clustered by member
profile. One and two stars indicate 10% and 5% percent significance, respectively.

31



Table 3: Estimates of the Effect of an Expert Review by Relative
Months Polynomial and Bandwidth
Global Polynomial Order 1st 2nd 3rd 4th
(1) (2) (3) (4)

Bandwidth: 3 Months

Rated -0.00 -0.00 0.00 0.00
(0.01) (0.01) (0.02) (0.02)

Rated x Rating Difference 0.15%%  0.15%*  0.15%*  0.15%*
(0.02) (0.02) (0.02) (0.02)

Observations 33,782 33,782 33,782 33,782
Bandwidth: 6 Months
Rated -0.00 -0.00 -0.01 -0.01

(0.01) (0.01) (0.01) (0.01)
Rated x Rating Difference 0.15%*  0.15%*  0.15%*  (0.15%*
(0.01) (0.01) (0.01) (0.01)

Observations 49,097 49,097 49,097 49,097
Bandwidth: 12 Months
Rated -0.01 -0.01 -0.01 -0.01

(0.01) (0.01) (0.01) (0.01)
Rated x Rating Difference  0.14%*  0.14*%*  0.14*%*  0.14%*
(0.01) (0.01) (0.01) (0.01)

Observations 78,373 78,373 78,373 78,373
Bandwidth: 24 Months
Rated -0.01* -0.01 -0.00 -0.00

(0.01) (0.01) (0.01) (0.01)
Rated x Rating Difference  0.13**  0.13**  0.13%*  (0.13%**
(0.01) (0.01) (0.01) (0.01)

Observations 129,376 129,376 129,376 129,376
Bandwidth: 48 Months
Rated -0.00 0.00 -0.00 -0.01

(0.01) (0.01) (0.01) (0.01)
Rated x Rating Difference 0.12%%  0.12*%*  0.12*%*  0.12%*

(0.01) (0.01) (0.01) (0.01)
Observations 216,691 216,691 216,691 216,691

Notes: The unit of observation is a user rating. The dependent variable is the
rating score. Each panel reports results from a sample that consists of ratings
that occurred within the corresponding bandwidth of the Bros’ rating. Each col-
umn reports results from specifications that model Relative Month trends using
a global polynomial of the corresponding order. All models include individual,
beer, and month-of-sample effects; and linear controls for Review Order and Av-
erage User Score at Time of Rating. Standard errors are reported in parentheses
and are clustered by member profile. One and two stars indicate 10% and 5%
percent significance, respectively.
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Table 4: Placebo Estimates

Global Polynomial Order 1st 2nd 3rd 4th
(1) (2) 3) 4)
Bandwidth: 3 Months
Rated 0.01 0.01 0.00 0.00
(0.02) (0.02) (0.02) (0.02)
Rated x Rating Difference 0.02 0.02 0.02 0.02
(0.02) (0.02) (0.02) (0.02)
Observations 31,405 31,405 31,405 31,405
Bandwidth: 6 Months
Rated -0.01 -0.01 -0.01 -0.01
(0.01) (0.01) (0.01) (0.01)
Rated x Rating Difference  0.02%*  0.02*%*  0.02*%*  0.02%*
(0.01) (0.01) (0.01) (0.01)
Observations 55,695 55595 55595 55,595
Bandwidth: 12 Months
Rated -0.01 -0.01 -0.01 -0.01
(0.01) (0.01) (0.01) (0.01)
Rated x Rating Difference  0.02**  0.02**  0.02*%*  (0.02%*
(0.01) (0.01) (0.01) (0.01)
Observations 101,751 101,751 101,751 101,751
Bandwidth: 24 Months
Rated -0.01*  -0.01%%  -0.02*%*  -0.02%*
(0.01) (0.01) (0.01) (0.01)
Rated x Rating Difference  0.03**  0.03**  0.03**  0.03**
(0.01) (0.01) (0.01) (0.01)
Observations 186,455 186,455 186,455 186,455
Bandwidth: 48 Months
Rated -0.01**  -0.01**  -0.01** -0.01**
(0.00) (0.00) (0.01) (0.01)
Rated x Rating Difference  0.02**  0.02**  0.02*%*  (0.02%*
(0.01) (0.01) (0.01) (0.01)

Observations

326,726 326,726 326,726 326,726

Notes: The estimates correspond to those reported in Table (3| except the data
are compiled and analyzed such that NorthYorkSammy is the Bros. NorthYork-
Sammy is the Beer Advocate member that has supplied the most ratings.
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Figure 5: Histogram of Relative Months. Relative Months records
the difference between the time when the user rating was entered and
the time when the Bros’ rating was entered (as measured in 30-day
bins). The darkly shaded bar refers to the first 30 days following the
Bros’ rating.
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