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ABSTRACT
Nowadays electronic word-of-mouth (€WOM) communities symbolise a
significant source of information that helps customers to make informed
purchasing decisions. Through eWOM communities, a great audience of
users is able to acquire knowledge from reviews concerning products
. o . KEYWORDS
gnd services tha_t are less populal_' to thg majority. The Long Tail effect eWOM: online user reviews;
is a manifestation of such redistribution of demand from popular power-law distribution; Long
products to niche products. In this paper, a new methodology that Tail theory; product
mathematically fits the relationship between the power-law distribution categorisation
and the Long Tail from an eWOM community is developed. In addition,
this paper defines a tool for finding niche products inaccessible through
conventional channels. The results are consistent in showing that not all
the categories fitting a power-law distribution are characterised by the
Long Tail phenomenon, and conversely some of those having a Long
Tail do not fit a power-law distribution.

1. Introduction

Continuous communication among people and ubiquitous online access are fundamental character-
istics of online electronic word-of-mouth (eWOM) communities that are facilitating the distribution of
a broad range of products and services. eWOM communities have emerged to influence customers
directly and create interest with efficacy and flexibility in spite of geographic boundaries (Duan, Gu,
and Whinston 2008). They provide rich and objective product information that is influencing custo-
mers’ decision-making (Gu, Tang, and Whinston 2013; Kim and Gupta 2009; Zacharia, Moukas, and
Maes 2000), due to the credibility, empathy and relevance they offer to customers as opposed to
the information provided by marketer-designed websites (Bickart and Schindler 2001). Through
eWOM, users can freely post their reviews about any product or service, and share those reviews
with other users in order to better understand a product (Hennig-Thurau et al. 2004). Similarly,
eWOM communities enable the interaction among users, as they can share their experiences and
also comment on (or rate) other users’ reviews (Arenas Marquez, Martinez-Torres, and Toral 2014).
In that regard, eWOM systems provide an aggregated rating for each product given by the reviewers’
scores, which shows a quick general impression of the product (Qiu, Pang, and Lim 2012).
Nevertheless, some concerns related to the use of an eWOM community have also been
addressed in the literature. For instance, Cheng and Zhou (2010) suggested that ‘consumers have
to put more attention to evaluating the content of eWOM to determine whether it is credible or
not’. Additionally, Shuang (2013) uses a scenario simulation experiment method to show that
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eWOM information quality and credibility are positive to information, which in turn depends on
factors such as source’s popularity or community status.

Although all the previous authors give a good understanding of the main idea behind an eWOM
community, it is important to present an appropriate definition for the sake of clarity. Thus, an eWOM
community can be described as a community of users who share freely their experiences, thoughts
and opinions about a wide variety of products and services independently of any trade or business
influence. Such users also receive the feedback of the rest of the community in the form of comments
and usefulness score, which is key to rely on their shared opinions.

Many authors have claimed that eWOM communication among customers is influencing custo-
mer’s purchasing decisions and even changing consumption habits (Hennig-Thurau et al. 2004;
Khammash and Griffiths 2011). As a difference to conventional channels, the potential audience of
shared opinions within eWOMs is enormous, facilitating the Long Tail effect (Anderson 2008;
Arenas Marquez, Martinez-Torres, and Toral 2014; Lee, Lee, and Shin 2011). The Long Tail refers to
an increase in the tail of the sales distribution of the less popular products, to wit, the sales of
niche products that represent a significant portion of overall product sales (Brynjolfsson, Hu, and
Smith 2006; Lee, Lee, and Shin 2011). Those products can collectively comprise a market share
that competes or surpasses current bestsellers, but only if the distribution channel is large enough
(Odi¢ et al. 2013). Therefore, eWOMs can facilitate the findings of niche products and the Long
Tail formation, as the web enables zero-cost dissemination of information about products.

A previous study of the Internet’s Long Tail phenomenon made by Brynjolfsson, Hu, and Smith
(2003) suggested that a Power Law can be used to describe the relationship between Amazon
sales and Amazon sales rank and to estimate which niche books are not typically stocked in brick-
and-mortar bookstore. Furthermore, according to a series of breakthroughs in network theory by
authors such as Huberman (2003) among others, it is known that power-law distributions tend to
arise in social systems where several people express their preferences among numerous choices.
Also, some illustrations of such phenomena are the World Wide Web (Adamic and Huberman
2000), Internet TV (Cha et al. 2008), paper citations distribution (Redner 1998) or web pages visibility
(Martinez-Torres and Diaz-Ferndndez 2013). Nevertheless, detection and characterisation of Power
Laws remains still complex, especially due to the large fluctuations that arise in the tail of the distri-
bution and by the difficulties of identifying the range over which power-law behaviour is supported
(Clauset, Shalizi, and Newman 2009).

Following the previous study by Brynjolfsson, Hu, and Smith (2003) and Brynjolfsson, Hu, and
Smith (2010b), who empirically examine the Long Tail within sales distributions in product markets
such as Amazon, this paper applies and extends their methodology to mathematically measure
the Long Tail in other environments, such as all the categories enclosed in product reviews of the
eWOM community Ciao. More specifically, this study proposes an approach for detecting niche pro-
ducts within the Long Tail. The rest of the paper is organised as follows. The next section discusses the
background of this research by conducting a review on the online eWOM communities, power-law
Distribution and the Long Tail phenomenon. Then, the research framework is presented with
several research questions. The design of the research using the power-law distribution approach
is explained in the methodology section. The case study and data collection section details the
data set gathered from the eWOM portal Ciao UK. Results are next presented in correspondence
with each of the proposed research questions. The next section discusses the implications as well
as limitations of this study and plans for future research. Finally, the last section concludes the study.

2. Research framework

Prior to Internet era, economic scale gave advantage to products oriented to a big amount of custo-
mers — such as books — instead of those aimed at niche markets (Anderson 2004). Nowadays, the inex-
pensive online medium and the reduced distribution costs have lowered the barriers of entrance
(Kumar, Norris, and Sun 2009; Martinez-Torres 2014). Besides and as stated by Anderson (2008):
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increasingly, the mass market is turning into a mass of niche (... ) and as the cost of reaching it falls - consumers
finding niche products, and niche products finding consumers - it's suddenly becoming a cultural and economic
force to be reckoned with.

eWOM has widened customers’ choices for assembling impartial product information from other cus-
tomers, giving them the opportunity to offer their own consumption-related recommendation
(Jansen et al. 2009). In that respect, the distribution of product sales is changing due to the increment
of product assortment available to consumers (Brynjolfsson, Hu, and Smith 2010a). Actually, the Long
Tail phenomenon is a manifestation of such transformations (Anderson 2004).

The concept eWOM is starting to appear in the current literature and is also being assessed in the
marketing environment with major repercussions on consumer behaviour (Khammash and Griffiths
2011; Phelps et al. 2004). However, this concept is not new. A good illustration of this was stated by
Rogers and Cartano (1962), one of the first authors to foreshadow the so-called opinion leaders, who
are defined as those connected to many people and thus influencing others’ decisions. That means
that people frequently look for an advice, information or an approval in order to strengthen their own
opinions. Through classic WOM, customers exchanged their product-related experiences and
opinions face to face, which has been proved to play a main role for customers’ purchasing decisions
(Bickart and Schindler 2001; Richins and Root-Shaffer 1988). Nevertheless, the emergence and impact
of user-generated content through the Web has made classic WOM to shift towards eWOM (Hennig-
Thurau et al. 2004).

Statements made by customers within eWOM can be exchanged through a variety of online com-
munities such as discussion forums, electronic bulletin board systems, newsgroups, blogs, review
sites and social networking sites (Goldsmith and Horowitz 2006). Furthermore, by using search
engines, customers can seek out the opinions of strangers. This rarely occurs in classic WOM contexts
where opinion providers are embedded in social networks, and well-known people might be more
credible (Sun et al. 2006). Another important attribute of an eWOM is its speed, accessibility, one-
to-many reach and its lack of face-to-face human pressure (Phelps et al. 2004).

Currently, literature on eWOM tends to deal with two thought streams, eWOM as an aspect of e-
commerce (Alanah and Khazanchi 2008; Goldsmith 2008) or as interpersonal influence (Lis 2013;
Zhang, Craciun, and Shin 2010). In that regard, Jalilvand, Esfahani, and Samiei (2011) present in
their paper an analysis on how the advances of Information Technology and the emergence of
online social network sites have changed the traditional limitations of WOM. This paper explains
the challenges and opportunities related to the use of eWOM communities and highlights their
role in the customer decision-making process. Cheng and Zhou (2010) also discuss in their paper
the main eWOM characteristics and how eWOM differs from the traditional WOM. Likewise Brynjolfs-
son, Hu, and Smith (2006) point out that the eWOM Amazon.com contains a huge amount of product
information created directly by customers in the form of reviews, which can drive sales to niche pro-
ducts on the Internet, enabling the Long Tail formation.

An early mention of the Long Tail in the context of the Internet was first outlined by Anderson
(2004), who defined this new trend in the field of economics. He argued that niche products
would become more prevalent since online retailers sell more products that are less popular than
traditional retailers do. His view held that online recommendations networks based on user-gener-
ated content such as Amazon guide consumers into the Long Tail of personalisation by covering
that percentage of the market of lower-selling niche products.

In the case of online shopping, having product information is essential since consumers purchase
products without physical examination. Therefore and to avoid the risk of buying undesirable pro-
ducts, consumers gather all type of information presented on the Internet before making their
buying decisions (Lee, Lee, and Shin 2011). In that respect, for online customers, eWOM communities
are not only a primary source of product information, but they also assign value to informational
content (Dwyer 2007). As consequence, several products that are not in the list of bestselling now
become visible as they bring together users of similar interests, similar standards of judgment or
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geographic location (Elberse 2008). Besides, thanks to lower distribution costs and new ways of con-
necting demand and supply at a world scale, a shift in demand from the most popular products to
niche products might occur facilitating again the Long Tail phenomenon (Peltier and Moreau 2012).

Nevertheless, there are two sets of studies suggesting opposite directions. Proponents of the Long
Tail idea maintain that increasing the assortment variety of products offered through online channels
will in turn intensify sales of lower-selling niche products (Anderson 2004; Brynjolfsson, Hu, and Sime-
ster 2011; Brynjolfsson, Hu, and Smith 2006; Elberse 2008), whereas others defend that these online
channels promote the sales of popular products with high ratings (Standifird 2001). Paradoxically,
unlike these studies, according to Lee, Lee, and Shin (2011), the roles of eWOM in both cases are
the same; it helps consumers to find the product they are looking for. Whether consumers look
for a less popular product, eWOM helps them and causes the Long Tail to appear. Otherwise, if cus-
tomers look for a popular product, eWOM also helps them to find it and in this case the tail of the
sales distribution is shortened.

From a mathematical point of view, the Long Tail is a manifestation of power-law relationships
(Mahanti et al. 2013). Also, according to Anderson, customer demand across a product space takes
the form of a Power Law (Anderson 2008). Such pattern has also been identified within web
objects access frequencies (Breslau et al. 1999). In the same way, other widely reported examples
are YouTube video popularity (Phillipa et al. 2007) and popularity of TV channels in Internet TV work-
loads (Cha et al. 2008), where they appear to follow a Zipf-like distribution, which belongs to the
family of discrete power-law probability distributions (Jiang et al. 2013). On the Internet, power
law seems to be the rule rather than the exception (Li et al. 2012).

Nonetheless, despite a growing research literature about the niche products across the Long Tail
in Internet, there is a lack of papers focusing on analytical models within online recommender
systems. Hence, the contribution of this paper has been to highlight such method in order to identify
niche products within an eWOM community, providing a deeper understanding of the Long Tail
phenomena.

It is important to emphasise that all the literature reviewed suggests a relevant association
between eWOM communities and the Long Tail phenomenon. Firstly, eWOM communities allow cus-
tomers to obtain information related to products from a massive, geographically dispersed group of
people, who have experience with niche products. Secondly, such exchange of information facilitates
a Long Tail effect, as more customers are able to access low-volume products.

Following this conceptual framework, the paper focuses on defining a tool for finding niche pro-
ducts within the Long Tail from eWOM communities. Hence, the outline emerging from this pertains
to the following sets of research questions, with the first one primarily aiming to understand the
power-law distribution among all the categories enclosed in product reviews:

Q.. Do all the distribution of categories from the reviews within eWOM fit a Power Law distribution?
Q.. Are all the categories fitting a Power Law distribution characterised by a Long Tail?

In order to further analyse consumer recommendations from eWOM, the second set of research ques-
tions focuses on more specific issues related to the reviews leading to niche products, including:

Q... In which cases the formation of the Long Tail occurs among the distribution of all the categories enclosed in
product reviews?
Q,p,. Are certain types of categories appearing in eWOM more likely associated to the Long Tail phenomenon?

3. Research methodology

Brynjolfsson, Hu, and Smith (2010a) made in their paper a review of the literature about the Long Tail.
They found that the Long Tail could be defined and measured in three different ways: (1) Absolute
Long Tail (2), Relative Long Tail and (3) exponent based, ‘because the ordinal rank to cardinal sales
relationship often follows a power-law distribution, the exponent provides an indication of the
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relative importance of the head versus the tail of the sales distribution’. Particularly, the third one has
been taken into account in this paper.

According to this line of thought and to McKelvey and Andriani (2005), power-law distributions
appear under two conditions, when tension increases and when the cost of connections decreases.
Since in the global economy the costs of connections are quickly decreasing and IT infrastructures
dramatically reduce the cost of information transmission, power-law distributions are becoming
even more prevalent (Aarstad 2014).

The mathematics of power-law cumulative distributions imply a power-law form that has a prob-
ability P(x) dx of taking a value in the interval from x to x + dx, where

P(x) = Cx™ ¢, 4]

with a > 0. Actually, there must be some lowest value x,,,;, at which the power law is obeyed, and the
statistics are only considered for x values greater than this value. Also, the equation indicates that the
probability of large events is very small and the probability of small events is high. In general, identi-
fying power-law behaviour is difficult due to the large number of fluctuations that occur in the tail of
the distribution (Mitzenmacher 2004).

In this paper, the method defined in Clauset, Shalizi, and Newman (2009) will be considered to
decide whether or not the data set follows a power-law distribution:

(1) Estimate a using the maximum likelihood estimator for the a scaling exponent

(2) Find xmin Using the goodness-of-fit value to estimate where the scaling region begins. The curve
can follow a power law on the right or upper tail, so above a given threshold Xmn.

(3) Calculate the goodness of the model using the goodness-of-fit given by the Kolmogorov-
Smirnov statistic equation

D = max|S(x) — P(x)| X > Xmin )

where S(x) is the cumulative distribution function (CDF) of the data to be fitted with x > X,in, and P
(x) is the CDF for the power-law model that best fits the data in the region x > x,in. The estimation
of Xmin is actually the value of xi, that minimises the distance D. The distance D is calculated for the
observed data set and the best-fit power-law distribution computed as described by the authors. A
p-value can be calculated to determine whether the value of D is too high. Besides, the p-value
quantifies if the data sets are consistent with a power-law distribution based on goodness-of-fit.
That is to say, if the p-value is smaller than 1, the power-law model can be firmly discarded. Never-
theless, if the p-value is near 1, then the power law could be a plausible fit to the data.

4, Case study and data collection

To investigate the patterns of power-law distribution within an eWOM community, Ciao was chosen
as the object of study. Ciao is a multi-million-strong eWOM community where registered users can
critically review and rate products and services for the benefit of other consumers. Membership of
Ciao is available free of charge to users in local-language versions. Ciao is an example of a mass
eWOM community since there are numerous reviewers and much more readers. It is one of the
largest eWOM in Europe, with more than 1.3 million members that have written more than 7
million reviews on 1.4 million of products. It is available free of charge, and registered users can
write comments and score products using qualitative ratings that correspond to numerical values.
Likewise, other users can score posted reviews.

The Ciao platform is organised through categories of products and services. There are 28 main
categories, which in turn are subdivided in many other subcategories. Those 28 main categories
are established by Ciao, while the subcategories are created by registered users whenever they
post and share reviews.
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Data collection within Ciao involves accessing the categories and subcategories in which regis-
tered users post their reviews. It is fundamental to gather data added by users in order to build
the social network of the Long Tail, connecting those subcategories where a given user has
posted his or her reviews. Ciao platform contains the webpage ‘My Ciao’ for each registered user
where some statistics about his or her history past — contributions, review ratings, circle of trust or
community score - are displayed. Such member webpage also includes those categories and subca-
tegories where each particular user has posted his or her reviews. The principal limitation when trying
to gather data is the absence of index about registered users. Consequently, data collection has been
done as a two-stage procedure. First, members’ webpages were collected. To that end, a crawler pro-
gramme that follows the hyperlink structure of the Ciao website has been developed with R. The
crawler browses the website, storing those webpages corresponding to members and discarding
the rest of them. Second, the list of categories and subcategories for each member stored in the
first step was extracted. For this purpose, the function readLines() from the R base package, which
reads data from a URL, was used in order to access each member webpage. Nevertheless, since web-
pages are formatted in HTML code, and accessed data contain both the webpage content and the
HTML tags, it was necessary to parse HTML file using the function htmlParse(), which generates an
R structure representing the HTML tree. Finally and once online webpages were available as an R
structure, significant data (categories and subcategories for each member) could be easily identified
by using regular expressions that are also supported in R, for instance, in packages such as XML (Mar-
tinez-Torres 2015).

5. Analysis and results

Data were collected from the website www.ciao.co.uk, which is the Ciao website in UK. Currently,
there are about 45,000 registered users in Ciao UK. Nevertheless, the website was only partially
crawled by extracting a subset of 4.574 registered users, since extracting all of them would have
taken an extraordinary amount of time. However, the sample corresponds to a 10.16% of the total
sample, which, according to Pineda, de Alvarado, and de Canales (1994), is enough. A list of categories
and subcategories of the posted reviews has been extracted for each registered user using the
crawler. The gathered result is shown in Figure 1, which illustrates the distribution of posted
reviews over the 28 main categories distinguished by Ciao.

As can be observed, the number of reviews is not evenly distributed over categories. The category
Travel is the one gathering almost half of the total number reviews, whereas other categories only
have a small number of reviews.

Table 1 describes in detail the power-law adjustment as well as the Long Tail characterisation for
each of the 28 main categories contained in Ciao. The first column shows the number of subcate-
gories created by the users who post reviews. The second and the third column are the « and the
Xmin respective values of the fitted power-law distribution. The fourth column corresponds to the
goodness—of-fit, given by the distance D and the p-value. The last column shows the length of
the Long Tail, which has been calculated as the number of subcategories having a number of
reviews below the Xqi,, meaning the number of subcategories that are not part of the fitted
power-law distribution.

For each category, were the calculated p-value is considerably lower than .1, the null hypothesis is
rejected, which means that such category does not to follow a power-law distribution. But if the
resulting p-value is greater than .1, that means that the null hypothesis cannot be rejected and
hence the distribution is likely to follow a power-law distribution.

When examining all the categories gathered in Table 1, it is clear that some of them fit the power-
law distribution but they do not exhibit a Long Tail. Similarly, there are other categories with highly
right-skewed distributions that do not fit a power-law distribution, but they do exhibit a Long Tail. For
instance, when observing the categories Finance and Cars & Motorcycles gathered in Table 1, it is clear
that they do not fit a power-law distribution, since their p-value rejects the null hypothesis and there
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Figure 1. Distribution of posted reviews for the 28 Main Categories.
Table 1. Power law and long tail parameters of the 28 main categories of Ciao.
Category Sub category 3 Xmin D (p) Length
Adult products 5 1.50 2 0.262 (.28) 0
Beauty 50 1.71 91 0.115 (.14) 1
Books 48 1.55 31 0.115 (.12) 12
Cameras 19 1.60 6 0.126 (.54) 2
Cars & motorcycles 75 213 13 0.125 (.03) 42
CiaoCaf 94 1.73 20 0.089 (.32) 60
Computers 53 2.36 55 0.082 (.96) 32
DVDs 17 3.50 2319 0.200 (.02) 12
Education & careers 55 1.69 2 0.112 (0.23) 21
Electronics 42 2.92 95 0.185 (.25) 33
Entertainment 131 1.97 10 0.055 (.89) 91
Family 50 1.68 37 0.139 (.01) 15
Fashion 6 1.50 10 0.288 (.52) 2
Finance 48 244 16 0.1159 (.00) 30
Food & drink 83 2.25 93 0.108 (.16) 39
Games 19 3.50 580 0.241 (.99) 12
Health 43 1.86 34 0.123 (.11) 12
House & garden 147 1.86 14 0.065 (.39) 58
Household appliances 72 3.36 170 0.102 (.89) 61
Internet 24 1.63 22 0.107 (.80) 6
Music 16 1.71 78 0.179 (.43) 5
Musical instruments & equipment 28 2.73 8 0.107 (.75) 19
Office equipment 7 1.54 9 0.194 (.70) 1
Shopping 39 2.12 24 0.147 (.11) 17
Software 6 1.50 6 0.170 (.92) 1
Sports & outdoors 132 2.88 17 0.060 (.86) 102
Telecommunications 13 1.50 4 0.113 (.85) 1
Travel 1108 2.04 6 0.028 (.30) 690

are not enough products highlighted as bestsellers. As revealed by Figures 2 and 3, it is possible to
discern the number of products characterised by a Long Tail, which are below the x,,,;, demarcated by
a horizontal red line.


Dell
Cuadro de texto

Dell
Cuadro de texto


200

No. of Reviews
[ ]

(1)
2000 Xmin

0 20 40 60 80
Subcategories of "'Finance"

Figure 2. Distribution of reviews for the main category Finance.
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Figure 3. Distribution of reviews for the main category Cars & Motorcycles.

A good example of the Long Tail phenomenon is the category Travel, which is depicted in Figure 4.
When observing its power-law adjustment in Table 1, it is obvious that it follows a power-law distri-

bution exhibiting also a Long Tail.
There are some categories that, according to their « exponent, are following a power-law distri-

bution with a long peak filled with popular products. However, they are not characterised by a Long
Tail, but by a short one, as plotted on Figure 5.
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Figure 4. Distribution of reviews for the main category Travel.
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Figure 5. Distribution of reviews for the main category Cameras.

6. Discussion

Anchored in the results gathered form the analysis of the case study, this paper offers several useful
insights into the Power Law and Long Tail domain for the eWOM communities. Particularly, while
existing literature focuses attention on the niche products across the Long Tail in Internet (Anderson
2004; Brynjolfsson, Hu, and Simester 2011; Brynjolfsson, Hu, and Smith 2006; Elberse 2008; Lee, Lee,
and Shin 2011), very little is known in terms of the eWOM communities or online recommender
websites.
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Specifically and responding to each of the above-described research questions, this paper first
answers that not all the distribution of categories gathered from the users’ reviews within Ciao UK
fit a power-law distribution. Besides, results also confirm that some of the distributions of categories
fit a power-law distribution only in the tail, while others concentrate most of the information in the
body or head region. In such cases, to reveal the Power Law form of the distribution as well as the
Long Tail, it is necessary to plot the chart of the distribution in order to visualise the characteristic
form of the power-law distribution.

Furthermore, the findings reveal that categories with subjective and personal evaluation stan-
dards are the ones encouraging the Long Tail phenomenon, just as identified by Lee, Lee, and
Shin (2011) on their conclusions. Actually, posted reviews in the above-displayed Travel category
shows the users’ subjective perceptions, desires and preferences about travelling. Otherwise, those
categories of products sustained to a more impartial evaluation standards are the high-volume
ones joined in the head region, which encourage the superstar phenomenon. Typically, this is the
case of those categories where reviews can be done with objective evaluation criteria, such as Elec-
tronics, Telecommunications or Cameras.

6.1. Research contributions

Theoretical and practical implications of this paper contribute with a new approach on analysing the
information gathered from eWOM:s. Following from the conceptual framework, several explanations
for the study of Long Tail in Internet can be traced to several authors. Brynjolfsson, Hu, and Simester
(2011) draw attention to Internet’s Long Tail by analysing data collected from a clothing retailer. They
discover that consumers’ usage of Internet search and discovery tools, for instance recommendation
engines, are related with an increase in the share of niche products. Elberse (2008) analyses the
Anderson’s Long Tail idea and also studies how the tail of the sales distribution is getting longer
and fatter by looking at Rhapsody Music or Quickflix among others. Elberse and Oberholzer-Gee
(2007) show evidence that Internet retailing has shifted demand towards niche video products
over time and argue that exploiting the tail could be unprofitable if many titles do not sell at all.
Additionally there is also literature that mathematically examines the Power Low within the Long
Tail. For instance, Clauset, Shalizi, and Newman (2009) present a statistical framework for discerning
and quantifying power-law behaviour in empirical data occurring in the tail of the distribution where
occur large but rare events.

Although those ideas continue to hold sway and this paper absorb all of them, the specific atten-
tion resides on defining a new methodology for finding niche products focusing in the Long Tail from
eWOM communities. Thus, this paper explores cases characterised by the formation of the Long Tail
among all the categories enclosed in product reviews of Ciao by examining the power-law distri-
bution of such data. Likewise, this paper contributes a method for finding niche products within
the Long Tail, inaccessible through conventional channels.

In that regard, from the managerial perspective, this paper also presents a challenge to businesses
by suggesting that they should embrace the opportunity of finding first-hand information on niche
products that exceed the geographic boundaries. What is more, methods such as the one proposed
here permit managers to identify and find niche products, as well as to leverage advantages into
dominating global blockbusters. Thus, they should look for those markets where those niche pro-
ducts stand to be of great interest for customers outside their immediate social network, since
that could have a significant impact on business’ sales.

6.2. Limitations and future research

One possible methodological limitation in the analysis of this paper would be the sample size.
Although the one used is sufficient, taking into account that there are 45 thousand registered
users in Ciao UK, a larger sample size might ensure a clearer representative distribution of the
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gathered data or discover new properties about it. To that end, other type of crawler programme
should be developed where data collection would not require crawling the whole website and
thus, would take less time.

Further research can extend the findings by characterising the Long Tail for each main category of
the posted reviews in an eWOM portal, and defining a tool for extracting and representing all the
niche products across the Long Tail. The goal would be to discover some common patterns
among niche products through the creation of social network models, where nodes would represent
types of products and edges would connect products that have received reviews from the same user.
Additionally, it is important to highlight that it would be possible to extend this methodology to
measure the Long Tail of other eWOM communities on the Internet.

7. Conclusions

This paper analyses whether there is a Long Tail characterisation in an eWOM community. To that
end, the previous sections explore a methodology that allows to find if there is a power-law distri-
bution within the data set gathered from 28 main categories of the portal Ciao UK and to specify
in which cases occur the Long Tail. This paper presents two important new findings. First, not all
the categories that fit a power-law distribution are characterised by a Long Tail. Otherwise, some
of those having a Long Tail do not fit a Power Law. Second, it is also evidenced that most of the
cases with subjective evaluation standards are those encouraging the Long Tail phenomenon,
while those with more objective evaluation standards encourage the superstar phenomenon.
These findings suggest that, in general, eWOM can generate a Long Tail effect, where a large
number of small-volume vendors coexist with a few high-volume ones.
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