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a b s t r a c t
The long tail phenomenon has been attributed to both supply side and demand side economies. While the cause
on the supply side is well-known, research on the demand side has largely focused on the awareness effect of
online information that helps consumers discover new and often niche products. This study expands the demand
side factors by showing that online information also inﬂuences the long tail phenomenon through the informative effect, which affects consumers' evaluation of product quality. We examine the informative effect in the context of online WOM. Two sets of theories suggest opposite directions for the implication of the informative effect.
Information search and information cascade literatures indicate that WOM provides additional information to
consumers, reduces the occurrence of information cascade, and encourages the formation of long tail. Studies
on behavior heuristics, however, suggest that consumers tend to ignore online information inconsistent with
their prior beliefs, which leads to a rich-gets-richer effect for popular products and curtail the formation of the
long tail. We empirically examine the conﬂict by analyzing different impacts of online WOM across product popularity and WOM ratings. Using a panel data collected from Amazon.com, we show that positive reviews improve
the sales of popular products more than the sales of niche products, while negative reviews hurt niche products
more than popular products. The results are consistent with the prediction of the behavior heuristic and suggest
that online WOM restrains the formation of long tail.
Published by Elsevier B.V.

1. Introduction
Online retailers have long noticed that the sales of non-hit or niche
products account for a signiﬁcant portion of overall product sales. This
phenomenon is known as the long tail [1] and has attracted attention
of both industry practitioners and academic researchers. Several factors
are conducive to the emergence of the long tail phenomena in online
markets. The supply side drivers include lower storage costs, faster
distribution and the aggregation of geographically dispersed niche
markets [5]. These enable online retailers to carry a far wider range of
products than their physical counterparts. On the demand side, studies
note that the use of information sharing mechanisms such as recommender systems, co-purchase networks, search tools, and blog sites,
enables customers to discover new and niche products more easily
and encourages the long tail formation [1,4,5,15,34,42].
Although prior demand side studies focus on how online information increases awareness of less known products, the inﬂuence of online
information often goes beyond helping consumers discover new
products. Consumers are known to use a two-stage process in making
purchase decisions [28]. In the ﬁrst stage, consumers identify a set of
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potential products for further consideration. In this stage, consumers
use IT-enabled tools both actively and passively to identify products of
potential interest. Search tools and recommendation systems help narrow down possible choices according to consumer preferences. In the
second stage, consumers obtain detailed information on each product
in the consideration set to form a purchase decision. Product awareness
created by searching tools and recommendation systems is important
in the ﬁrst stage. However, it is the detailed product quality information
that ultimately shapes consumers' purchase decisions in the second
stage. Such information increasingly comes from online sources such
as online WOM. However, little is known on how these information
sources inﬂuence the long tail phenomenon. The goal of this study is
to take the ﬁrst step to understand this inﬂuence.
Two sets of theories suggest opposite directions for the impact of online WOM on the long tail phenomenon. A key challenge for electronic
commerce is that customers are often uncertain about product quality
before purchase. The lack of information leads to herding where consumers follow the choices of others, as suggested by information search
and informational cascade literatures [3]. In an informational cascade, it
is optimal for a user to follow predecessors' behavior and ignore his
private information. As such, a few “hit” products take up the most
sales. Such behavior could lead to “bad” herding where popular products are not necessarily of high quality. One of the key conditions for
informational cascade is that users do not have access to the private information of others. However, online review allows consumers to reveal
private information, helps future consumers to learn about the true
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quality before purchase, and reduces the occurrence of “bad” herding
[36]. In particular, the arrival of negative WOM could stop the positive
informational cascade of a popular but low quality product, while the
arrival of positive WOM could stop the negative cascade of an unpopular but high quality product [3]. From this respect, WOM information
encourages the formation of the long tail.
However, the opposite is implied by behavior heuristics studies. Behavior heuristics theories believe that individuals are biased in making
adjustments to accommodate new information. Information consistent
with prior belief often leads to overreaction, while contradictory information leads to under-reaction [26,36]. Since product popularity commonly
serves as a starting point for prior belief, consumers tend to overreact to
positive WOM on popular products and negative WOM on unpopular
products, and underreact to negative WOM on popular products and positive WOM on unpopular products, leading to a rich-get-richer effect. In
this respect, WOM constrains the formation of the long tail.
To examine the conﬂicting hypotheses, we note that the hypotheses
suggest that the inﬂuence of a customer review depends on the interaction between review valence and product popularity. As such, testing
the hypotheses requires an analysis at the customer review level
instead of the product level. This is in contrast with most prior WOM
research that often uses aggregate WOM measures such as average
review rating to study the effect of WOM at the product level. Compared
to the product level analysis, analysis at the review level allows us to
capture consumers' reaction to each speciﬁc review and how their reaction varies for different combinations of review valence and product
popularity. To facilitate the analysis, we use a ﬁrst difference approach.
This approach allows us to analyze the inﬂuence of each customer
review on changes in product sales and provides signiﬁcant ﬂexibility
in modeling factors that moderate the inﬂuence of individual customer
reviews. We apply the model to a panel data collected from
Amazon.com on 3000 books over 200 days. The results indicate that
positive WOM beneﬁts popular products more than niche products,
while negative WOM hurts niche products more. Our ﬁnding supports
the prediction of behavior heuristics theory and suggests that consumers are not fully rational in reacting to incoming customer reviews.
Instead, they are biased toward their initial expectation. As a result,
online WOM constrains the formation of the long tail.
The rest of the paper is organized as follows. Section 2 is literature
review. Section 3 introduces the theoretical background and develops
key hypotheses. Section 4 develops a ﬁrst difference model that
allows WOM's inﬂuence to differ across product popularity and WOM
valence. Section 5 describes the data collection process. Section 6 presents the empirical results. Section 7 discusses the implication of our
ﬁndings and concludes the study.
2. Literature review
2.1. Online WOM
Online WOM plays an important role in electronic commerce. A survey of Bizrate.com found that 44% of users consulted opinion sites prior
to making a purchase [7]. This survey also found that 59% of respondents
considered consumer-generated reviews to be more valuable than expert
reviews. A number of studies have been conducted to examine the impact
of WOM on consumer purchase decisions [2,9,13,16,17,20,23,30,40,42].
These studies reveal that online WOM has both awareness effect and
informative effect. The awareness effect is reﬂected in the inﬂuence of
WOM volume on product sales. WOM volume captures the underlying
dispersion of WOM within and across online communities and studies
show that WOM volume predicts future product sales [13,17,23,27].
The informative effect for product quality, on the other hand, is
mainly reﬂected in review ratings and their impact on product sales.
Zhu and Zhang [41] ﬁnd that online customer reviews are important
resource for consumers to seek product quality information. Moon
et al. [28] use new movie ratings as a measure of movie performance
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and argue that positive ratings can enhance the effectiveness of advertising spending to raise movie revenues. Chevalier and Mayzlin [9] compare book sales across two online retailers and ﬁnd that improvement
in a book's average review rating at one site leads to an increase in relative sales at that site. Similarly, Zhang et al. [40] study the relationship
between movie ratings and box ofﬁce sales and ﬁnd that online consumer ratings have signiﬁcant impact on movie revenue. Moe and
Trusov [31] decompose the rating effect on sales into a baseline component and a social dynamic component and show both the direct impact
of baseline component and the indirect impact through social dynamics
inﬂuence product sales. Clemons et al. [12] suggest that the informative
effect of WOM plays a key role in redeﬁning a ﬁrm's product strategy.
We extend this stream of literature by noting that the inﬂuence of
WOM could vary with the interaction between WOM and product popularity due to economic or behavioral motivations. We also show that
such variations could have signiﬁcant implications for the long tail
phenomenon.
Our analysis complements the literature on the informative effect
of WOM. For example, Sun [36] models high average rating as an
indicator for high product quality and high rating variance as an indicator for niche products, which some consumers love and others hate. She
ﬁnds that a higher standard deviation of ratings on Amazon improves a
book's relative sales rank when the average rating is lower than 4.1
stars. In contrast, Chintagunta [10] ﬁnd that review variance does not
matter after controlling for movie speciﬁc and market speciﬁc effects.
Our analysis also complements recent studies that identify factors
moderating the inﬂuence of WOM. Zhu and Zhang [41] claim that
online reviews are more inﬂuential on less popular video games and
games whose players have greater Internet experience. Chevalier
and Mayzlin [9] reveal that negative WOM is more inﬂuential than
is positive WOM. Chen et al. [8] and Duan et al. [18] ﬁnd that WOM
is more inﬂuential on less popular products. Hu et al. [29] and Chen
et al. [8] show the importance of reviewer reputation in determining
the inﬂuence of the review. Moon et al. [28] suggest that positive ratings
can enhance the effectiveness of advertising spending to raise movie
revenues. We complement these literatures by identifying new moderating factors based on information search and informational cascade
theory and behavior heuristic theory. Our hypotheses suggest that consumers infer product quality information from both WOM and product
popularity and that whether the two sets of information are consistent
with or contradictory to each other could have signiﬁcant inﬂuence on
consumer purchase decisions.
2.2. The long tail
This study also contributes to the emerging literature on the long tail
phenomenon. Brynjolfsson et al. [6] ﬁnd that the sales distribution of a
retailer's online channel is less concentrated than that of its traditional
channels, indicating that a reduction in search costs contributes to the
long tail phenomenon. Rahman and Hahn [35] ﬁnd that the long tail
phenomenon is more prevalent in search goods than in experience
goods, and Wimble et al. [39] ﬁnd the product dispersion of purchases
made by households with broadband access is more ﬂattened than
that by households without broadband access. Both studies suggest
the importance of search costs in the long tail formation. A number of
long tail studies take a step further to identify the underlying information sources that facilitate the long tail phenomenon. OestreicherSinger and Sundararajan [33] show that the long tail phenomenon is
inﬂuenced by the presence of co-purchase networks which allows
online consumers to observe products commonly bought together.
Dewan and Ramaprasad [15] ﬁnd that blogging activities lead to more
purchases of niche products and contribute to the long tail phenomenon. Goh and Bockstedt [24] show that product sampling plays an
important role in the long tail phenomenon.
Prior studies of the long tail phenomenon also reveal the presence
of both long tail and superstar phenomenon. Most studies consider
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the impacts of WOM on popular and unpopular products respectively.
Elberse and Oberholzer-Gee [19] analyze the distribution of US video
sales from 2000 to 2005 and ﬁnd both the long tail phenomenon
where “the number of titles that sell only a few copies increased
almost twofold” and superstar phenomenon where “an even smaller
number of titles account for the bulk of sales”. Fleder and Hosanagar
[21] study the inﬂuence of product recommendations provided by
retailer using collaborate ﬁltering algorithm and conclude that such
recommendation may not promote the sales of less popular products
as recommendations are based on historical product sales. Consequently, popular products are more likely to be recommended and
purchased. Tucker and Zhang [37] and Duan et al. [18] indicate that
the presence of product popularity information signiﬁcantly increases
the sales of popular products. Dellarocas and Narayan [14] suggest
that popular products are more likely to be discussed by consumers,
which contributes to the superstar phenomenon. Hervas-Drane [28]
suggests that consumers with preference for mass market products
are more likely to seek WOM because they are more likely to ﬁnd
other consumers with similar preference.
Complementary to these studies, we recognize that online information not only increases product awareness but also enables consumers
to better evaluate product quality. The inﬂuence of this informative
effect, however, could differ for popular products vs. niche products
and affect the formation of the long tail.
3. Theoretical background and hypothesis
Prior e-commerce studies have noted that informational cascades
often drive consumer purchase decisions. An informational cascade occurs when an individual, having observed the actions of those ahead of
him, follows the behavior of predecessors without considering his own
private information [3]. Informational cascade in e-commerce arises
because each online consumer faces two sources of product quality
information. One is product popularity information (e.g. sales rank) provided by online retailers based on historical consumer purchase decisions. Product popularity information is relatively objective. However,
the quality that consumers infer from this information may not represent the true product quality since product sales are often inﬂuenced
by other factors such as price or information cascade. The other information source is WOM, or customer reviews in most cases [18]. Customer
reviews reveal consumers' perception of product quality directly and
thus provide access to the private information of others. However,
they are relatively subjective and can be affected by reviewers' characteristics [32]. Consumers combine these two information sources to
arrive at purchase decisions. If the two information sources are contradictory to each other, consumer decision is determined by the relative
strengths of the two sources. When customer reviews are scarce, consumers are more likely to follow the step of their predecessors, leading
to an informational cascade. The increasing availability of customer reviews improves product information quality, leading to a reduction in
informational cascades and facilitating the formation of the long tail.
Informational cascade theory also suggests that an information
cascade is fragile if predecessors' private information is accessible to
successors. In particular, the arrival of new information contradictory
to the direction of information cascades can break the informational
cascade process [3]. Informational cascade could be either positive
or negative, resulting in either extremely popular or unpopular products. Without private information, consumers infer from the observed
sales that popular products are likely to be high quality and unpopular products are likely to be low quality. However, as more customer
reviews come in, revealing purchasers' private information, rational
consumers can infer whether the popularity reﬂects the true quality
or just “bad” cascades, which cause low quality products to sell well
or high quality products to remain unknown. From this point, positive
and negative reviews have different impacts on popular and unpopular products. Speciﬁcally, positive reviews on a popular product

conﬁrm the high quality of the product and thus sustain the informational cascade, while negative reviews on a popular product suggest
that the popular product is low quality and can break the informational cascade. On the other hand, positive reviews on an unpopular
product indicate that the product is high quality and break the negative informational cascade, while negative reviews on an unpopular
product sustain the status quo. As such, positive reviews on hit products and negative reviews on niche products sustain the “good” informational cascade and keep the status quo, while negative reviews on
hit products and positive reviews on niche products could stop the
“bad” informational cascades, reducing the sales increase on hit products and accelerating the sales increase on niche products. The above
analysis suggests that positive reviews would beneﬁt niche products
more, while the negative review would hurt popular products more,
leading to a more ﬂattened sales distribution, i.e., the long tail.
Accordingly, we propose the following hypothesis:
H1a. The impact of a positive (negative) customer review on niche
(popular) products will be greater than its impact on popular (niche)
products.
While informational cascade theory suggests the positive impact
of WOM on the formation of the long tail, literatures on behavior economics suggests that the impact could be in the opposite direction.
According to behavior economics, individuals use various heuristics
in information processing and decision making [38]. While informational cascade theory assumes rationality, behavior economics argues
that individuals are not perfectly rational. Instead, certain bias exists
during the information update process. A commonly used behavior
heuristic is anchoring and adjustment, i.e. people make adjustment
incrementally from their prior expectation and often make insufﬁcient adjustment when new evidence is inconsistent with their
prior expectation [26]. As aforementioned, online consumers have
two sources of information: popularity information provided by the
websites and product information from customer reviews. Consumers typically form their initial expectations based on popularity
information, and then adjust their expectations according to customer reviews. Because of the heuristic bias, consumers tend to ignore
information that is inconsistent with their prior beliefs, while they
pay more attention to information that is consistent with their beliefs.
This bias results in over-reaction to evidence consistent with their
expectations and under-reaction to information contradictory to
their expectations [34]. Therefore, this stream of theories suggests
different impacts of positive and negative reviews on hit and niche
products but in a different direction. In particular, a positive review
on a popular product conﬁrms consumers' prior expectation and
encourages sales, while a negative review on a popular product
tends to be ignored or at least downplayed because it contradicts
consumers' initial expectation. For an unpopular product, a negative
review conﬁrms consumers' expectation and discourages sales,
while a positive review tends to be ignored or downplayed. As a
result, we expect that a positive incremental review have more impact on popular products than on niche products while a negative
incremental review hurts niche products more. Therefore, based on
behavior heuristics, we derive the opposite hypothesis:
H1b. The impact of a positive (negative) review on popular (niche)
products will be greater than its impact on niche (popular) products.
H1a and H1b are two hypotheses derived from two streams of
theories (Table 1). By testing the two competing hypotheses, we
can test whether online WOM facilitates or inhibits the formation of
the long tail and whether consumers are rational or biased in making
purchase decisions. If H1a is supported, we can conclude that online
WOM contributes to the formation of the long tail and consumers
are able to process information rationally. If H1b is supported, we
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Table 1
Research hypotheses.
Hypothesis

Positive reviews

Negative reviews

H1a: online customer review facilitates
long tail formation.
H1b: online customer review inhibits
long tail formation.

Impact niche
products more
Impact popular
products more

Impact popular
products more
Impact niche
products more

would arrive at the opposite conclusion that online WOM shifts sales
distribution against the long tail and consumers are biased toward
the starting point in updating their expectations using incoming
WOM.
4. Empirical model
A unique challenge in assessing the inﬂuence of online WOM is that
its inﬂuence is cumulative and long lasting. Product sales today are not
only affected by today's customer reviews but also by all previously
posted customer reviews about the product. As a result, prior studies
often use a variety of aggregation functions to summarize customer
reviews to date on a given product as a way to study their inﬂuence
on product sales. An analysis at the aggregate level, however, is not
desirable here because the hypotheses indicate that the inﬂuence of
each piece of online customer review could vary depending on the
rating and product popularity. To address this empirical challenge, we
take a new approach by adopting a ﬁrst-difference model that focuses
on the inﬂuence of the arrival of each customer review on changes in
product sales. This approach allows greater ﬂexibility in modeling the
inﬂuence of WOM on product sales. In particular, it allows the inﬂuence
of individual consumer reviews to vary with product popularity, product age, review rating, review volume, and the interactions between
WOM and product popularity.
4.1. First difference model with heterogeneous inﬂuence
While this paper focuses on the informative aspect of WOM, it is
necessary to incorporate both awareness and informative effects in
the empirical model. In prior literature, the informative and awareness
effects are captured by the average review rating and review volume
respectively [9] using a log-linear demand function as follows:
LgSalesit ¼ βAvgRating it þ γLgNumOf Reviewsit þ δLgPriceit þ ηX it
þ μ i þ vt þ it :
ð1Þ
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inﬂuence of newly arrived WOM. To transform the aggregate level
model to the disaggregate level, we start with taking the ﬁrst difference
between t and t + 1 of Eq. (1).
ΔLgSalesit ¼ βΔAvgRatingit þ γΔLgNumOf Reviewsit þ δΔLgPriceit
þ ηΔX it þ Δvt þ it :
ð2Þ
Eq. (2) indicates that, on days without new WOM, changes in average review rating and changes in number of reviews are both zero. In
this case, sales changes are entirely driven by changes in product prices,
time effect and other changes in the control variables. On the other
hand, on days with newly arriving WOM, WOM has two effects on
sales changes. First, the arrival of WOM may inﬂuence average review
rating, thus affect future product sales. Second, the very presence of
new WOM indicates underlying WOM dispersion that may increase
product awareness and affect future product sales. In Eq. (2), β captures
the incremental informative effect of WOM, while γ captures the incremental awareness effect of WOM. The ﬁrst-difference approach shifts
the focus from the inﬂuence of overall WOM in Eq. (1) to the inﬂuence
of individual pieces of WOM that arrives on a given day in Eq. (2). This
disaggregated approach provides a foundation that allows us to further
extend the model to consider how the inﬂuence of these individual
pieces of WOM could be moderated by factors proposed in the
hypotheses.
4.2. Moderating effect on WOM inﬂuence
We ﬁrst extend the model to allow the inﬂuence of positive reviews
and negative reviews to differ. We divide reviews into two categories –
negative reviews and positive reviews – based on their inﬂuence on
product average rating. If the arrival of a customer review reduces a
product's average review rating, we deﬁne it as a negative review. If
its rating is greater than the previous average, we deﬁne it as a positive
review. A positive review will bring an improvement in a product's
review rating and a negative one will impose a negative impact on
review rating. To allow the inﬂuences to differ, we split the review
rating variable into two variables: one for positive changes in customer
reviews rating and the other for negative changes in customer reviews
rating.
þ



½ΔAvgRatingit  ¼

½ΔAvgRatingit 

−

AvgRating it ; if AvgRating it > 0
0; otherwise


¼

AvgRating it ; if AvgRating it < 0
:
0; otherwise

We use coefﬁcients βþ and β− to identify their inﬂuences:
In the above equation, β measures the inﬂuence of review ratings on
product sales, capturing the informative effect, while γ measures the
inﬂuence of review volume on product sales, capturing the awareness
effect. δ assesses the price elasticity. Xit is a vector containing all the
control variables and η captures the inﬂuence of the control variables.
The model also controls for product and time ﬁxed effects.
As we mentioned earlier, Eq. (1) imposes constraints on the relationship between WOM and product sales. In particular, the model
implies that each customer review has the same magnitude of inﬂuence
on a product's sales and the inﬂuence of customer reviews is the same
across products with different popularity and age. These assumptions
allow parsimony in assessing the overall inﬂuence of WOM but are
overly restrictive to assess the inﬂuence of individual pieces of WOM.
To address this limitation, we propose a new approach to allow more
ﬂexibility in estimating the inﬂuence of WOM. Our objective is to shift
the consideration of the aggregate effect of all WOM on a product to
focusing on how newly arrived WOM on a given day affects changes
in product sales using a ﬁrst difference approach. This approach enables
us to cancel out the inﬂuence of previous WOM and focus on the

þ

þ

−

ΔLgSalesit ¼ β ½ΔAvgRating it  þ β ½ΔAvgRating it 

−

þ γΔLgNumOf Reviewsit þ δΔLgPriceit þ ηΔX it þ Δvt þ it :

ð3Þ
Hypotheses 1a and 1b suggest that the inﬂuence of positive reviews
and negative reviews is moderated by the interactions between review
rating and product popularity. H1a suggests that reviews with rating
contradictory to product popularity are more inﬂuential while H1b
suggests that reviews with rating consistent with product popularity
are more inﬂuential. The hypotheses indicate that the inﬂuence of
positive reviews and negative reviews is not constant. Rather, it is a
function of product popularity. We therefore extend Eq. (3) by making
βþ and β functions of product popularity. That is,
þ

þ

þ

β ¼ β1 þ β2  LgSalesi;t−1
−

β

−

−

¼ β1 þ β2  LgSalesi;t−1 :

ð4Þ
ð5Þ
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Substitute Eqs. (4) and (5) into Eq. (3), we obtain:
þ

þ

−

−

þ

ΔLgSalesit ¼ β1 ½ΔAvgRatingit  þ β1 ½ΔAvgRatingit  þ β2 ½ΔAvgRatingit 
LgSalesi;t−1 þ

−
−
β2 ½ΔAvgRatingit 

 LgSalesi;t−1

þγΔLgNumOf Reviewsit þ δΔLgPriceit þ γΔLgPriceit

þ

ð6Þ

4.3.3. Other control variables
Besides the control variables that moderate the inﬂuence of WOM,
we also add ﬁxed product effect to the ﬁrst difference model to allow
different diffusion rates for different products [18]. Our ﬁnal model is
as follows:
þ
þ
−
−
þ
þ
ΔLgSalesit ¼ β1 ½ΔAvgRatingit  þ β1 ½ΔAvgRatingit  þ β2 ½ΔAvgRatingit 

þηΔX it þ Δvt þ it :

−

−

LgSalesi;t−1 þ β2 ½ΔAvgRatingit   LgSalesi;t−1 þ γ1
þ
þγ2 ΔLgNum Of Reviewsit  LgSalesi;t−1 þ θþ
1 ½ΔAvgRating it 

In Eq. (6), the impact of WOM is able to vary with product popularity
−
and review rating. H1a suggests that βþ
2 be negative and β2 be positive
because informational cascade theory suggests that positive reviews
have more inﬂuence on niche products and negative reviews have
more inﬂuence on popular products. H1b suggests the opposite: βþ
2 be
positive and β−
be
negative
because
of
the
inﬂuence
of
behavior
2
heuristics.
4.3. Control variables

4.3.1. Review volume
Eq. (6) controls for the awareness effect by including changes in review volume as a control variable. The variable captures the underlying
WOM diffusion process. Higher number of reviews suggests more interests from consumers to spread WOM and make others aware of the
product. However, increased awareness does not necessarily lead to
higher sales. In particular, the inﬂuence may vary across products
with different popularity. A consumer who becomes aware of a popular
product is more likely to make a purchase than a consumer who
becomes aware of an unpopular product [18]. We therefore add the interaction between changes in review volume and product popularity as
a control variable.
þ

−

−

þ

ΔLgSalesit ¼ β1 ½ΔAvgRatingit  þ β1 ½ΔAvgRatingit  þ β2 ½ΔAvgRatingit 
LgSalesi;t−1 þ

−
β−
2 ½ΔAvgRating it 

 LgSalesi;t−1

þγ1 ΔLgNumOf Reviewsit þ γ2 ΔNumOf Reviewsit

þ

ð7Þ

LgSalesi;t−1 þ δΔLgPriceit þ Δvt þ it :

4.3.2. Product age
Product age could also have a signiﬁcant moderating effect on the
inﬂuence of WOM. For newly released products, product awareness
and knowledge are often generated by vendor marketing campaigns
(e.g. newly released movies), news, and press reports (e.g. Apple
iPhone). The presence of these alternative information sources reduces
the inﬂuence of WOM. On the other hand, marketing spending for and
press interest in products that have been on the market for a long
time is often limited. As a result, their sales become more dependent
on WOM, which suggest that the inﬂuence of WOM could increase
with product age. To control for the moderating effect of product age,
we add interactive terms between product age and WOM rating and
WOM volume to Eq. (7).
þ

þ

−

−

þ

ΔLgSalesit ¼ β1 ½ΔAvgRatingit  þ β1 ½ΔAvgRatingit  þ β2 ½ΔAvgRatingit 
LgSalesi;t−1 þ

−
β−
2 ½ΔAvgRating it 

þ

 LgSalesi;t−1

þγ1 ΔLgNumOf Reviewsit þ γ2 ΔLgNumber of Reviewsit
þ

þ

LgSalesi;t−1 þ θ1 ½ΔAvgRatingit   LgProductAgeit
−
þθ−
1 ½ΔAvgRating it 

 LgProductAgeit

þθ2 ΔLgNumOf Reviewsit  LgProductAgeit þ δΔLgPriceit
þΔvt þ it :

−

þθ2 ΔLgNumOf Reviewsit  LgProductAgeit þ δ1 ΔLgPriceit
þΔvt þ τi þ it :
ð9Þ

5. Data

The inﬂuence of WOM is not only affected by customer review
ratings and product popularity but also by other factors. We consider
the following variables that may moderate the inﬂuence of WOM.

þ

−

LgProductAgeit þ θ1 ½ΔAvgRatingit   LgProductAgeit

ð8Þ

We collected books and user review data daily from Amazon.com
using its Electronic Commerce Service (ECS) platform to form a panel
data of 3000 books over 220 days. To ensure unbiased sampling, we
ﬁrst collect ISBN numbers for all the books sold at Amazon. Amazon's
ECS platform imposes a limit on the number of products returned for
each query. To circumvent the limit, we leveraged the hierarchy of
book categories. For instance, a book on baking bread is classiﬁed as
follows:
Books > Subject > Cooking; Food & Wine > Baking > Cookies:
Each node in the hierarchy tree is attached with a unique browsing
node number. We collected all the children nodes from each parent
node recursively to establish the tree structure. We then obtained the
list of all leaf nodes of books, attached corresponding ISBN numbers to
these books, and deleted any duplications. This approach resulted in a
total of over 3,700,000 unique books in a hierarchy tree with over
20,000 nodes. Among all these books, we drew a random sample of
3000 books for which we collected sales and review information on a
daily basis.
The static information collected only once for each book includes
ISBN, author, and release date. The dynamic information was collected
daily for each book from September 2005 to April 2006 for 8 months.
The daily information includes sales rank, Amazon price, and customer
reviews (rating of each review and average rating for all reviews). We
use sales volume to represent the popularity of a product. Amazon, however, only provides sales rank. Recent studies show that Amazon.com
sales rank can be mapped into sales using a Pareto function [4,22,25]:
b

Sales ¼ a  SalesRank :

ð10Þ

Log transformation of Eq. (10) suggests:
LgSales ¼ lg ðaÞ þ b  lg ðSalesRankÞ

ð11Þ

and thus
ΔLgSales ¼ b  Δlg ðSalesRankÞ:

ð12Þ

We use b = 0.871 estimated by Brynjolfsson et al. [4] to calculate
sales in this study. Tables 2, 3a, and 3b provide the description, summary statistics and correlations for the key variables used in our
model.
6. Results
In order to compare our results with the results of previous studies,
we ﬁrst present the regression results from the baseline ﬁrst-difference
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Table 2
Description of key variables.
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Table 3b
Correlations of key variables.

Variable

Deﬁnition

Variable

1

2

3

4

5

6

LgSalesit
LgPriceit
AvgRatingit

Log value of the sales volume of book i at time t
Log value of the price of book i at time t
Average review rating for book i at time t

ΔAvgRating it ; if ΔAvgRating it > 0
¼
0; otherwise

ΔAvgRating it ; if ΔAvgRating it < 0
¼
0; otherwise

LgSalesit
LgPriceit
½ΔAverageRating it þ
½ΔAverageRating it −
LgNumofReviewsit
LgProductAgeit

1
−0.076
0.027
−0.035
0.434
0.041

1
−0.001
0.000
−0.231
−0.018

1
0.002
0.002
−0.010

1
−0.005
0.007

1
0.185

1

½ΔAvgRating it þ a
½ΔAvgRating it −

LgNumOfReviewsit Log value of cumulative total number of reviews for book i at
time t
Log value of product age of book i at time t measured in days
LgProductAgeit
a

þ

½ΔAvgRating it  measures the increase in average review rating for book i in period
t, while ½ΔAvgRating it − measures the decrease in average review rating for book i in
period t.

model without the moderating effect (Eq. (2)) in Column 1 of Table 4.
To control for possible autocorrelation and heteroscedesitity, we report
Newey–West standard errors when applicable. The estimation of
Eq. (2) suggests that the coefﬁcients of the equation are the same as
the traditional model used by prior studies, thus making it a good
starting point for our analysis. The results show that an increase in
review rating has a positive impact on incremental sales and the
increase in the number of reviews also improves product sales. Both
impacts are statistically signiﬁcant. This result is consistent with the
previous research, indicating that both average review rating and
cumulative number of reviews positively affect the sales volume of
the title and that price is negatively correlated with the sales.
Earlier WOM studies also show that negative WOM is more inﬂuential than is positive WOM [9], indicating that the inﬂuence WOM
could vary across WOM valence. We validate this ﬁnding by splitting
the variable for changes in average review rating (ΔAvgRating) into
two variables, one for positive changes in average rating and the
other for negative changes in average rating. The coefﬁcient on the
positive rating change variable indicates the magnitude of the inﬂuence of positive WOM, while the coefﬁcient on the negative rating
change variable indicates the magnitude of the inﬂuence of negative
WOM. We reanalyze Eq. (2) with the new variables in Column 2 of
Table 4. The result conﬁrms that negative WOM signiﬁcantly reduces
product sales while positive WOM has little inﬂuence, which is consistent with prior studies.
Our hypotheses are tested based on results in Table 5. column 1 of
Table 5 reports the result from Eq. (6), which allows WOM inﬂuence
to vary with the interactions between product popularity and WOM
rating and volume. Given the presence of interactive terms with product popularity, the coefﬁcients on the direct effect of positive and negative WOM represent their inﬂuences on the sales of the least popular
products, while the coefﬁcients on the interactive terms reveal how
the inﬂuence changes with product popularity. The four coefﬁcients
show that positive WOM has insigniﬁcant inﬂuence on the sales of
unpopular products but the inﬂuence of positive WOM increases significantly with product popularity. The result is exactly the opposite for

Table 3a
Summary statistics for key variables.
Variable

Mean

Std. dev.

Min

Max

LgSalesit
LgPriceit
½ΔAverageRating it þ
½ΔAverageRating it −
LgNumofReviewsit
LgProductAgeit

0.902
2.704
0.001
−0.002
0.921
4.034

1.553
0.625
0.031
0.034
2.103
3.454

−2.630
0.693
0
−2.500
−2.303
−6.908

10.526
5.700
3.000
0
8.080
10.222

negative WOM. Negative WOM hurts the sales of unpopular products,
but the inﬂuence decreases signiﬁcantly with product popularity. In addition, the analysis reveals that the inﬂuence of WOM volume on sales
also increases with product popularity. The results provide strong support for predictions from behavior heuristics theory (H1b).
To assess the robustness of the analysis, column 2 of Table 5 incorporates product age and the interactions between product age and
WOM as control variables (Eq. (9)). These control variables allow
the inﬂuence of WOM to vary with product age. The result in column
2 shows that most coefﬁcients on these control variables are insignificant and the coefﬁcients on the interactions between WOM and
product popularity remain unchanged.
The result that popular products beneﬁt more from positive online
reviews while niche products suffer more from negative reviews indicates that WOM helps consumers to converge to the most popular
books and leads to a rich-get-richer situation. Therefore, our result
shows that the informative effect of WOM curtails the formation of
long tail. This conclusion is consistent with the prediction of behavior
economics that suggests individuals make insufﬁcient adjustment
when newly arrived information contradicts their prior beliefs. Our
study also offers a possible explanation of the presence of superstar
phenomenon identiﬁed in earlier long tail studies.

7. Discussion and conclusion
This paper provides a new perspective on how online information,
speciﬁcally online WOM, inﬂuences the long tail phenomenon. Most
prior studies focus on the awareness effect of online information
and suggest that increasing awareness of niche products drives the
long tail phenomenon. In this paper, we suggest that online information also inﬂuences consumers' evaluation of product quality and this
informative effect could have a signiﬁcant inﬂuence on consumer
purchase decisions. Our analysis reveals that consumers are more receptive to positive WOM on popular products and negative WOM on
unpopular products. This disparity leads to a rich-get-richer situation,
constraining the formation of the long-tail.

Table 4
First difference model estimation of WOM inﬂuence.

ΔLgPriceit
ΔAvgRatingit
½ΔAvgRating it þ
½ΔAvegRating it −
ΔLnNumOfReviewsit
Product ﬁxed effect
Time ﬁxed effect
Autocorrelation parameter
R-square
Number of observations

Model 1

Model 2

−0.426 (0.078)⁎⁎⁎
0.045 (0.020)⁎⁎

−0.426 (0.078)⁎⁎⁎

0.058 (0.019)⁎⁎⁎
Included
Included
−0.354 (0.002)⁎⁎⁎

0.014 (0.031)
0.071 (0.028)⁎⁎⁎
0.066 (0.020)⁎⁎⁎
Included
Included
−0.354 (0.002)⁎⁎⁎

12.666%
506,051

12.666%
506,051

Newey–West standard errors are reported.
⁎⁎⁎ p b 0.01.
⁎⁎ p b 0.05.
⁎ p b 0.10.
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Table 5
Decaying impact with moderating effect: how WOM affect long tail.
Variables

Model 3

Model 4

ΔLgPriceit
½ΔAvgRating it þ
½ΔAvgRating it −
½ΔAvgRating it þ  LgSalesi;t−1
½ΔAvgRating it −  LgSalesi;t−1
½ΔAvgRating it þ  LgProductAgeit
½ΔAvgRating it −  LgProductAgeit
ΔLgNumOfReviewsit
ΔNumOReviewsit ∗ LgSalesi,t−1
ΔNumOReviewsit ∗ LgProductAgeit
Product ﬁxed effect
Time ﬁxed effect
Autocorrelation parameter
R-square
Number of Observations

−0.424 (0.078)⁎⁎⁎
−0.006 (0.031)
0.096 (0.040)⁎⁎⁎
0.065 (0.014)⁎⁎⁎
−0.029 (0.013)⁎⁎⁎

−0.424 (0.078)⁎⁎⁎
−0.025 (0.045)
0.106 (0.043)⁎⁎
0.067 (0.015)⁎⁎⁎
−0.029 (0.014)⁎⁎
0.005 (0.009)
0.003 (0.008)
0.072 (0.032)⁎⁎⁎
0.044 (0.006)⁎⁎⁎
0.011 (0.006)⁎

0.111 (0.014)⁎⁎⁎
0.040 (0.020)⁎⁎⁎
Included
Included
−0.354 (0.002)⁎⁎⁎
12.680%
506,051

Included
Included
−0.354 (0.002)⁎⁎⁎
12.682%
506,051

Newey–West standard errors are reported.
⁎⁎⁎ p b 0.01.
⁎⁎ p b 0.05.
⁎ p b 0.10.

While businesses is growing in their ability to use long tail strategies
to sell a wider range of goods in smaller quantities [11], our ﬁndings
suggest that the increasing availability of online WOM is against the
sales of niche products while supports the sales of popular products.
This ﬁnding has important implications for product vendors and
retailers. In particular, our ﬁnding suggests that vendors and retailers
do not need to worry much about occasional negative reviews on
popular products, but they need to take care of unsatisﬁed buyers of
niche products as negative WOM is particularly damaging to niche
products. At the same time, our ﬁnding suggests that it is important
for product vendors and retailers to attract positive reviews on popular
products as such reviews can further enhanced their sales. Our ﬁndings
also indicate the importance of consumers' initial expectations and the
difﬁculty of changing consumers' beliefs once expectations have been
set. Business can leverage this behavior bias to develop better marketing strategies on advertising, promotion, and customer relationship
management. One important implication, for instance, is that existing
customers are more tolerant of negative reviews than new customers
and thus making new customers satisﬁed is essential for business
growth.
This study is the ﬁrst to analyze the inﬂuence of online WOM using
behavior heuristics. Most prior studies ignore consumer behavior that
may affect the way expectations are formed and decisions are made.
Different from the economic assumption that consumers are perfectly
rational, behavior heuristics theories suggest that consumers are biased
toward their initial expectation when making decisions heuristically.
This bias serves as an underlying mechanism driving the inﬂuence of
online WOM on product sales. Extending existing research on WOM,
we use the ﬁrst difference approach to provide more ﬂexibility in
modeling the impact of WOM on product sales. Our approach focuses
on the inﬂuence of newly generated WOM and allows the inﬂuence to
vary with the interaction between WOM and product popularity. The
ﬁndings provide a more reﬁned understanding of the WOM effect.
This study also has some limitations. First, while we develop our hypotheses based on behavior heuristics theory and show that our result
is consistent with its prediction, we do not survey consumers for their
underlying motivations and there may exist alternative explanations
for consumers' biased responses to WOM. Future studies could beneﬁt
from a combination of secondary data from consumer survey to take a
more in-depth look at the phenomenon. Second, our analysis focuses
on the informative effect of WOM. In reality, WOM inﬂuences the long
tail phenomenon in multiple ways. Notably, Dellarocas and Narayan
[14] suggest that consumers are much more likely to discuss popular
products, implying that the awareness effect of WOM also favors popular products. Future studies can beneﬁt from combining multiple effects

of WOM and providing a more comprehensive modeling of the inﬂuence of WOM on the long tail formation. This paper also bears several
limitations in the data collection. The data are solely collected from
Amazon.com. In future research, using data sets from multiple online
retailers can help generalize our research on WOM effects and the
long tail phenomenon. In addition, information provision and website
design could also have signiﬁcant impacts on WOM effect and the formation of the long tail. We leave those concerns for future investigation.
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