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This paper examines the association between product networks generated by recommendation systems and the
product ratings’ convergence of products. It further investigates how different types of product networks are
associated with a customers’ perception of quality between product pairs in a product network. Additionally, this
study examines whether the type of product networks are associated with the convergence of expressed senti-
ments for products in a product network differently. Data is collected from a major Swiss e-commerce platform
and analyzed via various econometrics models. The results suggest that a network connection between two
products via a “substitute” recommender system leads to a convergence of the two products’ ratings. In contrast,
a connection via a “complementary” recommender system leads to the product ratings’ divergence. Additionally,
consistent findings are shown to be present when examining the association between the network connection and
product sentiment convergence. The findings contribute to WOM and recommendation systems literature and

provide interesting implications of the practice.

1. Introduction

Electronic commerce (e-commerce) remains a rapidly growing in-
dustry. In 2019, retail e-commerce sales worldwide amounted to 3.53
trillion U.S. dollars. With annual growth rates of 17.6% per year since
2014, e-commerce revenues are estimated to be around 6.54 trillion U.S.
dollars in 2022 [1]. Nevertheless, extraordinary events such as COVID-
19, as a global crisis, may make such forecasts questionable. In April
2020 alone, the global e-commerce has experienced a substantial growth
in many retail sectors (e.g., 209% in general retail) compared to all
global online retailers’ transactions in the same period in 2019, as in-
store activities faced wide-range restrictions due to the COVID-19
pandemic [2]. This sheds more light on the ever-important role of e-
commerce for business and society, especially when the traditional
physical stores are not available or accessible.

The Internet has given word-of-mouth (WOM) a new significance by
allowing individuals to express their opinions and thoughts to a global
audience, and so, it is an essential aspect of e-commerce [3]. Customers
can simply express their opinion in an electronic form of WOM, and
others can adopt such opinions in their decision making regarding
purchasing products. In this regard, opinion convergence/divergence, as
a social phenomenon, has drawn the attention of the stakeholders in e-
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commerce in recent years. In general, opinion convergence refers to the
situation in which customers’ opinions coincide with regard to a prod-
uct. In contrast, opinion divergence is the situation in which consumers
have varying opinions about the product and could be extremely
opposite [4]. Whether it is the convergence of ratings, reviews, or
comments for a focal product, or the convergence of ratings, reviews, or
comments between a pair of connected products in a product network in
an online store [5], research has shown promising insights on the
importance and utility of convergence/divergence of opinions for
business. As suggested by the literature, with having a potential role in
consumers’ decision making [4], deriving or diminishing sales [5], and
in helpfulness and informativeness of reviews on an online platform
[6,7], yet there is only a handful of research studies looking at the
phenomenon of convergence/divergence of opinions in e-commerce.
The movement from traditional retail stores to online shops has
allowed companies to provide customers with more options that are
more customized and tailored to their needs. One major drawback is the
increasing amount of information a customer must process to find their
item of choice. A solution to this information overload problem is the use
of recommender systems, which assist consumers in their purchasing
decision. Recommender systems not only facilitate a better purchase
experience, but they have additionally been shown to increase sales [8].
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Although there are only a handful of widely used recommender algo-
rithms, all online stores apply them in different ways and often adapt
them to their needs [9]. A majority of e-commerce stores frequently use
multiple recommender systems to support their customers in their pur-
chasing decision. Amazon, for instance, extended their initial recom-
mender list to include two additional ones (i.e., ‘Frequently bought
together’ and ‘Customers who viewed this item also viewed’). Moreover,
each recommender system is trained differently to recommend different
groups of products. Each recommender’s type or goal is a determinant of
the training procedure and the features it takes as input attributes.
Therefore, the nature of a product network (i.e., the network of products
that are connected with hyperlinks due to recommendations) for each
type of recommender system differs, and this differentiation is shown to
be a potential determining factor for WOM, such as online reviews in
terms of product ratings [5], and, possibly, for the sales quantity of
recommended products [10].

While previous literature focused more on the global network level,
there are a handful of research studies that investigated product net-
works at the dyadic level in recommendation systems and contributed to
the emerging research stream of product networks [5,8,10-14]. Never-
theless, prior research has paid little attention to the fact that products
may be connected via different network types at a dyadic level, and yet,
the plausible outcomes of different types of product recommendation
networks remain unclear [10,11]. As an example, the research by Kumar
and Hosanagar [10], suggests that the recommended products could be
tied to a focal product in a network by a “substitute” or “complimentary”
type of connection. Nevertheless, they exclusively focused on “substitute
products” and examined the value of recommending such products on
product pages of an e-commerce website in terms of sales. In another
research, Lin et al. [11] investigated the impact of characteristics of two
different types of product networks (i.e., co-purchase and co-view net-
works) on the sales quantity of products. Moreover, Lin and Wang [5]
have exclusively focused on the co-purchase product network and
investigated its effect on customer product evaluation in terms of review
ratings. However, according to prior research, it has remained unclear
whether the difference between varying types of product networks can
be associated with customers’ reviews.

Additionally, in this context, the majority of the literature that ex-
amines the relationship between WOM and sales only focuses on the
WOM metric as a simple one-dimensional 1-5 rating and ignores the
textual reviews that frequently accompany an online review, particu-
larly as a dependent variable (or predictand). Apart from the finding that
customers read review texts during their purchase decision [15], Ghose
and Ipeirotis [16] point out that numeric ratings might not fully capture
the sentiments expressed in reviews. For this reason, a simple WOM
rating does not necessarily reflect a product’s true quality and may
provide only a part of the information. Therefore, textual reviews are of
equal importance and, as such, are an additional determinant of pur-
chase decision making [17]. Hence, the importance of customer re-
views’ textual characteristics, such as the review sentiment between two
products, is of importance to be studied. All in all, with a focus on a
major Swiss e-commerce store, this paper draws on the spillover effects
in product networks to investigate the plausible association between
different types of product recommendation network that connects two
products in a dyadic relationship and customers’ reviews.

This research’s contribution to the emerging literature on product
networks and opinion convergence is threefold. First, it extends the
existing knowledge on the spillover effect of online WOM in product
networks by differentiating between the types of the network connection
between two products. Findings show that a network connection be-
tween two products via a “substitute” recommender is associated with
the convergence of the two products WOM ratings. In contrast, a
connection via a “complementary” recommender is associated with
WOM ratings’ divergence. Therefore, the type of product network
matters! Second, this study incorporates the numerical ratings and tex-
tual characteristics of reviews, which allows for the examination of
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sentiments expressed by customers. Findings show that a connection of
“substitute” (“complementary”) type is associated with the convergence
(divergence) of the two products’ overall review sentiments.

Last but not least, unlike the existing literature in the underlying
context that has mostly relied on data from e-commerce stores such as
Amazon.com or Tmall.com, this study adds to the conversation by pre-
senting insights drawn from data of a different e-commerce store based
in Switzerland. Besides contributing to the generalizability of the find-
ings in the underlying literature, this study emphasizes the different
characteristics of e-commerce stores regarding their recommendation
systems. This study also provides valuable implications for practice as
well, which are discussed later in the paper.

The rest of this paper is organized as follows. First, the research
background is reviewed, and later the relevant hypotheses are derived.
Next, the methodological approach is explained by presenting the data
and empirical analysis. Afterward, the results are presented and fol-
lowed by a discussion on findings, limitations, and a conclusion of the
study.

2. Research background
2.1. Recommendation systems

A recommender system could aid or influence consumers by dis-
playing products that might be of relevance to them. They have been
shown to increase sales, particularly when it comes to e-commerce
recommendations [8,18]. The necessity for recommender systems in e-
commerce becomes apparent when we compare a physical bookstore
with an online bookstore. In retail, one is limited by a scarcity of re-
sources. Only a limited number of shelves are available for presenting
books to the consumer, so one is forced to only show the popular best-
sellers. Amazon, on the other hand, has no such limitation and can offer
millions of books simultaneously. Due to the information overload
problem, an e-commerce vendor cannot present all available items to the
user as it would overwhelm and discourage the user from buying any
product. This phenomenon, often called the long-tail phenomenon,
forces an online vendor to recommend items to individual users to assure
a similar purchase experience as in retail [19].

Not all recommender systems are created equal, and they can differ
substantially depending on the applied algorithm or field of application.
The literature mainly distinguishes between two kinds of recommender
systems: content-based filtering and collaborative filtering. Although
one could differentiate the recommender systems by additional di-
mensions, such as application field (Book, Music, Movie, and so on) or
data mining technique (Clustering, k-NN, association rule, and so on)
[20], a distinction between the two most commonly used filtering al-
gorithms suffices as discussed below.

Content-based recommendations recommend items based on attri-
butes that describe the items. For instance, in the context of movie
recommendations, such attributes would be the genre, year, or director
of the movie. When consumers rate their products, user profiles can be
created, which describes the consumer’s preference regarding the indi-
vidual attributes of the items. Similar items can then be suggested by
matching them to the preferences of the user. A major drawback of these
systems is that they tend to recommend similar items, which makes the
recommendations simple and predictable [19].

While content-based filtering recommends items based on the item’s
characteristics, a collaborative filtering system makes recommendations
based on other users’ opinions. Therefore, apart from content-based
filtering, a community of users is needed to make accurate recommen-
dations. Collaborative filtering algorithms can be further classified into
two categories: user-based collaborative filtering, where items are rec-
ommended to a user based on how other similar users rated these items,
and item-based collaborative filtering, where items are recommended to
a user based on how this user rated similar items. Because it is not
restricted to the type of items to be recommended, collaborative filtering
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can be applied to most businesses if a community exists that is of a
certain scale [19]. When Amazon launched its item-based collaborative
filtering algorithm in 1998 (‘Customers who bought this item also
bought’), the algorithm rapidly rose to popularity and is now widely
used in e-commerce, travel, news, and advertising [9].

2.2. Product networks

A product network is defined as a network in which the nodes are the
products, and the edges are the hyperlinks between products that are
generated by recommendation engines in most e-commerce platforms
[10,12,13]. Modern studies on recommender systems focus on the
network structure of product networks and the economic impact they
have for the vendor. The literature on product networks is an emerging
research stream [10,13]. The associations and relationships between
products are now more visible due to the noticeable hyperlink connec-
tions of modern e-commerce recommender systems [8,13]. Moreover,
the extended network-leveled analysis for recommender systems is said
to be further effective and efficient for personalized services by finding
the deep relation between products [21].

Oestreicher-Singer and Sundararajan [14] examined the impact of a
product’s position in such a hyperlinked network by applying a variant
of Google’s PageRank measure of centrality. By observing the co-
purchase (i.e., products that are bought together) recommendation
networks of products in over 200 categories on Amazon.com, they
showed that the network centrality of products in a category influenced
a category’s demand and revenue distribution. The more a category’s
products were influenced by the recommendation network, the flatter
the distribution curve was. Additionally, Oestreicher-Singer and Sun-
dararajan [8] studied the explicit visibility of product networks and the
impact on demand spillovers over their constituent items and suggested
that more centrally located products showed an increased demand. With
a focus on the Amazon.com product network, Carmi et al. [13] inves-
tigated the depth of diffusion of exogenous demand shocks and showed a
relatively shallow but yet economically significant contagion of
information.

Moreover, Lin and Wang [5] extended the product network literature
by focusing on the dyadic level in a co-purchase relationship between
two products. Instead of only focusing on the sales impact, they addi-
tionally incorporated WOM ratings as a key dependent variable for their
analysis. Their research’s major finding was that the connection be-
tween two products led to a convergence of the two WOM ratings. They
separately showed that the convergence of the two WOM ratings is
associated with an increase in the total sales quantity of the two prod-
ucts. Huang et al. [12] conducted a similar analysis to see the impact of
one type of product network and its attributes on product demand as
well as the semantic similarity of product’s reviews and product
description. They showed that the more similar product reviews and
products’ descriptions are in a product network from a semantic
perspective, the likelihood of having a higher demand for a focal
product’s demand.

Beside co-purchase (also referred to as complementary) product
network, very few studies have focused on other types of product net-
works. These product networks are namely co-view (i.e., product pairs
that if a customer views/likes the first she has also viewed/liked the
second one [11]), substitute (i.e., product pairs that one of which could
be bought in lieu of the other [10]), and similarity (i.e., product pairs
that have similar attributes [12]) product networks. Lin et al. [11]
suggested that the characteristics of a co-purchase product network are
likely to influence product demand, while characteristics of a co-view
product network do not exhibit such an influence. Kumar and Hosana-
gar [10] showed that the recommendation link between two products in
a substitute product network could influence page views and sales.
Huang et al. [12] showed that when two connected products in a simi-
larity product network coincide in terms of having similar reviews and
product descriptions, there is likely to be a negative spillover effect on
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product demand.

All the abovementioned studies exclusively focus on one type of
product network, except for Lin et al. [11] that examined the effect of
some characteristics of co-view and co-purchase product networks on
product demand. Also, almost all of these studies concentrated on
product demand, page view, and sales as a dependent variable, except
for Lin and Wang [5], which focused on rating convergence. However,
this paper is the first study that differentiates between multiple product
network types and their plausible association with WOM convergence to
the best of our knowledge.

2.3. Word-of-mouth and online reviews

The Internet has given WOM a new significance by allowing in-
dividuals to express their opinions and thoughts to a global audience
[3]. Dellarocas [3] refers to WOM in an online environment as online
feedback mechanisms that can include anything from recommender
systems and online forums to search engine rankings. For this paper,
WOM is more narrowly defined as online reviews (i.e., numerical ratings
and textual reviews that reflect a consumer’s opinion about a product).

WOM is an important source of information that helps individuals
build a perception of a product’s quality [22] and a trust-building in-
strument essential in e-markets where trust is much harder to gain than
in traditional offline markets [3]. For a customer, without the possibility
of experiencing and accessing a product physically, which is the case for
e-commerce products, the only available option before making a pur-
chase decision is to search for information. Particularly when it comes to
purchasing an experience good, consumers attempt to perceive a prod-
uct’s quality by turning to various quality indicators, such as price,
advertising, and online reviews [23].

Although the Internet provides the customer with most of the
required information, the sheer amount of available information makes
it difficult to obtain useful information when needed—a problem
referred to as information overload. Although not all believe that the
Internet is a major contributor to information overload, there is broad
agreement that the increased availability of information has exacerbated
the effect of the problem [24]. Value-added services can thereby help
mitigate information overload by focusing on providing relevant infor-
mation to the consumer [24]. Two of the most popular value-added
services in e-commerce are WOM rating systems and recommender
systems. Although different in their mechanics, both services qualify as
recommendation strategies and have been shown to affect consumer
decision making [18,25].

The economic effects of WOM have been widely examined, and the
literature shows a significant positive influence on sales for various
consumer products particularly in the context of e-commerce [15,18].
For instance, Chevalier and Mayzlin [15] were able to show that an
increase in volume or valence in WOM ratings led to higher book sales.
While WOM’s economic effects are a popular subject in the WOM
literature, a more recent stream of research focuses on WOM as an
outcome [5]. For instance, Lin and Heng [26] examined multiple WOM
paradoxes and challenged conventional WOM wisdom in terms of sales.
They concluded that better and a higher number of WOM ratings were
not beneficial for all circumstances, due to the dampening effect of
subsequent WOM ratings, which decreased and worsened as a result.

In this regard, a handful of studies in this stream have looked at
factors that can lead to convergence or divergence of online reviews. As
suggested by those studies, convergence/ divergence of opinions in e-
commerce play a potential role in consumers’ decision making [4],
deriving or diminishing sales [5], and in helpfulness and informative-
ness of reviews on an online platform [6,7]. For instance, Lin and Wang
[5] showed in their research that the existence of a connection between
two products leads to a convergence of a connected product pair’s rat-
ings. Yet, only a handful of research studies look at the phenomenon of
convergence/divergence of opinions in e-commerce. This research seeks
to fill the existing gap in this stream by investigating the role of different
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types of product networks in the convergence/divergence of online
reviews.

2.4. Research hypotheses

The potential relationship between recommender systems and WOM
remains scarce in the literature [5]. Prior research has invariably
investigated user and system recommendations’ isolated effects, while
they overlooked the potential interaction between these two [18].
Research has shown the importance of product networks and their
outcomes for e-commerce [10-12,14]. This paper seeks to investigate
the dyadic level in a product network, focusing more on the network
connection between two products in a recommendation system.
Research has also shown convergence of opinions (e.g., ratings, reviews,
or comments) is associated with consumers’ decision making [4],
deriving or diminishing sales [5], and in helpfulness and informative-
ness of reviews on an online platform [6,7]. Thus, it is important to know
the possible antecedents of opinion convergence.

In their paper, Lin and Wang [5] showed that a significant rela-
tionship exists between the network connection and the convergence of
two products’ WOM ratings. They argued that, due to the parallel pre-
sentation in a recommender system, the customer perceived the prod-
ucts as qualitatively similar, which led to a convergence in the two
products’ ratings. Additionally, the recommended product acted as a
reference point, which caused the customer to leave a similar rating as
the one it is connected to. Therefore, when two products were con-
nected, the higher rating may have converged to the lower one, and the
lower rating may have converged to the higher one, which in sum
resulted in a convergence of the two products’ ratings [5].

Such a phenomenon is based on the underlying theoretical expla-
nation of the spillover effect of online WOM in product networks. In
WOM communication, the spillover effect is the degree to which
someone’s beliefs change by the information presented in a message,
particularly the beliefs about the attributes that are not directly
communicated via the message [12,27]. Furthermore, the emerging
literature on product networks has shown the diffusion of spillover (i.e.,
change of customers’ beliefs) between connected products via a visible
hyperlink in a product network [10,12,13]. Among the plausible out-
comes of the spillover effect in product networks, prior research has
shown the spillover of customers’ demand between connected products
in a product network [10,13]; or the spillover of the online WOM be-
tween connected products in a product network [5,12].

The rating of a product has been widely recognized as a proxy for the
underlying product’s perceived quality, and as a means of WOM
communication, it can help others in decision making [5,22]. This study
postulates the plausible spillover of product ratings between connected
products in a product network in a way that ratings are likely to
converge when two products are linked. Accordingly, the following
hypothesis is proposed:

H1. The network connection between the two products is likely to lead to
the convergence of the two products’ ratings.

While recommender systems and their network connections have
been the subject of the majority of the recent literature, the type and
characteristics of these network connections have generally been
neglected. Frequently, authors investigated whether a product was
connected via a recommender system of any kind and did not focus on
the type or underlying mechanism of such a system, or exclusively
focused on one type of product network [5,8,10,12].

A further distinction can be made by investigating the type of
product network in a recommendation system based on features such as
the algorithm or data mining technique used for the recommender sys-
tem. Such factors are difficult to observe because there is generally no
direct access to the underlying data and models used. Although a com-
pany can use the same recommender algorithm (e.g., item-based
collaborative filtering) or the same mining technique (e.g., k-means)
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as another company, the two companies can have different outcomes.
Depending on each recommender system’s goal, the training procedure,
and the features taken as input, attributes can fundamentally differ [19].
Moreover, customers’ purchase decision making can be affected by
being exposed to other customers’ preferences (i.e., co-view) or their
actual purchase behavior (i.e., co-purchase) differently [11]. In other
words, being exposed to different sources of information because of the
difference in the type of product network may influence customers in
their purchase-related decision making and online behavior [11]. Thus,
it is necessary to differentiate between varying product networks and
determine their role in the online WOM communication spillover.
Accordingly, the following hypothesis is proposed:

H2. The products’ rating convergence differs significantly across different
types of network connections.

Although the importance of capturing the sentiments expressed in
product reviews is acknowledged, it is frequently neglected due to the
reasons such as the difficulty of analyzing textual information [28]. In
the context of product networks, the overall sentiments between two
products may behave in a similar fashion as the WOM ratings. However,
it is important to mention that the sentiment convergence offers infor-
mation captured at the textual content level, and one cannot fully cap-
ture such information from WOM ratings [7]. Thus, examining
sentiment convergence can bring about a further understanding of
product networks’ role in the convergence of the online reviews. Prior
research suggests that sentiment convergence/divergence can strongly
affect product sales [7]. On that account, it is beneficial to extend the
existing knowledge on the antecedents of sentiment convergence, which
is overlooked in the literature.

Presumably, drawing on the spillover effect of online WOM
communication, it is expected that if the WOM rating of a pair of con-
nected products converges due to the existence of the connection in the
product network, the WOM polarity (i.e., overall review sentiments) is
likely to converge as well. As mentioned earlier in this section, being
exposed to different information sources because of the difference in the
type of product network may be associated with customers’ purchase-
related decision-making and online behavior [11]. Thus, this study
posits that although a link between two products in a product network is
likely to be associated with the convergence of their reviews’ sentiment,
it is also plausible that the type of product network is likely to lead to
varying outcomes for the convergence of their reviews’ sentiment.
Accordingly, the following hypothesis is proposed:

H3. The products’ review sentiment convergence differs significantly across
different types of network connections.

3. Methodology
3.1. Research context

This study focuses on one of the largest online electronics stores in
Switzerland. On the contrary, prior related research has mostly relied on
data from e-commerce stores such as Amazon.com or Tmall.com.
However, this study seeks to add to the conversation by focusing on a
different e-commerce platform, which has a distinct way of recom-
mending products compared to the abovementioned stores. Similar to
other e-commerce platforms, each product is featured on a designated
webpage where all major product details are displayed. The available
product attributes are including product name, price, photos, configu-
rations, description, and specifications. Further, one can observe the
customers’ average ratings and their reviews about the focal product.

It is important to differentiate between online platforms since each of
them may have varying characteristics (e.g., website design), context,
and target audience [4]. A major difference between the underlying
Swiss e-commerce platform and the other e-commerce platforms is in its
product recommendations, which is the main reason why it was selected
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for this research. The recommended products are displayed on a sidebar
and visible without scrolling down the page. Additionally, the recom-
mendations are limited to three products per recommender. The un-
derlying e-commerce platform uses five different types of
recommenders, namely “Often bought together,” “Bestselling <name of
product category>,” “Current bestsellers,” “Similar products,” and “You
might also like.” Usually, two of these are shown simultaneously on the
sidebar. Nevertheless, exceptions were observed where occasionally,
only one or three types of recommenders were displayed. When and
which types of recommenders are shown on a product page is not fully
ascertainable. It is likely that depending on the popularity or category of
the product, some recommender types are displayed more often than
others are. The recommender type ‘Similar products’ was rarely shown
during data collection and was therefore not included in the analysis.
Additionally, during the data collection period, the interface of this e-
commerce platform was changed. On 11.12.2019, the recommender
type ‘You might also like’ was removed from the sidebar and placed
further down in a list. As a result, the data for this type of recommender
system could not be collected after this date due to the data collection
procedure.

The recommendation algorithm that is employed by this e-commerce
platform for each type of recommender system is not known to the
public. “Often bought together” is comparable to recommender systems
from other e-commerce platforms and probably uses some form of
collaborative filtering algorithm or association rule to make its recom-
mendations. It can be defined as a paired recommendation [29], where
the recommended product is usually a complementary good, which is
often bought together with the focal product. The recommended product
is, therefore, often a product of another category. This type of recom-
mender (or product network) is referred to as a “complementary”
recommender hereafter.

‘You might also like’ additionally shares some similarities with other
recommender systems, where similar products based on product char-
acteristics are recommended to the customer. The recommended prod-
ucts are often variants of the same product or similar products of another
brand and are, therefore, often products of the same category. This type
of recommender system is comparable to the “substitute” recommender
system observed by Kumar and Hosanagar [10]. Accordingly, this type
of recommender (or product network) is referred to as a “substitute”
recommender henceforth.

No underlying algorithm could be discerned for the other two
recommender systems (i.e., “Bestselling <name of product category>"
and “Current bestsellers”). Like traditional retail stores, they seem to
show only products that are the most popular and the most purchased in
the e-commerce platform and ignore other users’ preferences for rec-
ommendations. These two recommenders are referred to as “best-
selling” and “top-sellers” hereafter, respectively.

3.2. Data description

Data were collected from the top 100 mobile phones on the Swiss e-
commerce platform on a daily basis at midnight through the months of
November and December in 2019 for a period of 31 days. For each
mobile phone, the data on all the recommended products were gathered
as well. Therefore, the source product (i.e., the focal product) in the
product network could only be a mobile phone, while the destination
product (i.e., recommended product), in theory, was any product that
was listed on the online store. In reality, 98% of the recommended
products in the dataset were either other mobile phones or mobile phone
accessories such as cases, screen protectors, sim-cards, and so on.
Although a mobile phone can be classified as a typical search good, the
technical complexity and variety make it difficult to perceive its quality
prior to purchase. A mobile phone is an example of a high-involvement
good, where a consumer is likely to spend a significant amount of time
conducting information searches before purchasing the product.
Therefore, value-added services, such as WOM rating and recommender
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systems, become increasingly important for the customer in his pur-
chasing decision-making. Accordingly, the network connections were
constructed between pairs of products via the recommendation
relationships.

Since the top 100 list changed each day naturally, the observed
products would additionally change daily. Therefore, the dataset is
unbalanced. The data on product attributes were also collected, such as
product name, price, category, customer ratings, and reviews. The entire
dataset for all 31 days included 2,025,740 observations for 309,206
product pairs, which were constructed based on 7862 products. In our
data, the average price across all products was 349 Swiss francs (St. dev.
= 414.27). Moreover, the average review volume and the average
product rating across all products was 31 (St. dev. = 42.83) and 4.092
(St. dev. = 1.39), respectively. The majority of the product attributes
proved to be highly skewed, particularly when it came to product rat-
ings. In the collected data, the product ratings were mostly positive,
where 79% of the ratings lay between a rating of 4 and 5. Table 1
mentions the variables included in the empirical analysis, and Table 2
presents the descriptive statistics as well as the pairwise correlation
matrix for all variables. Regarding product networks, the average daily
network connection for complementary, substitute, best-selling, and
top-seller product networks were 241.03 (St. dev. = 16.44), 252 (St. dev.
= 2.98), 149.07 (St. dev. = 12.11), and 116.07 (St. dev. = 10.91),
respectively.

The WOM polarity for each product was calculated to determine the
sentiment convergence for the sentiment model. Due to Switzerland’s
multilingualism, the e-commerce platform reviews were first translated
into a common language (i.e., English). Using Google’s Cloud Trans-
lation API, all reviews were first translated into English reviews with
their pre-trained neural machine translation [30]. For the natural lan-
guage processing (NLP), the PatternAnalyzer algorithm from the free
Python NLP library TextBlob was used [31], which was based on the
Pattern library [32]. The PatternAnalyzer can conduct a polarity anal-
ysis, which is the determination of the writer’s emotional attitude con-
cerning the topic under discussion [33]. A text’s polarity is determined
by assigning scores for negative and positive polarities for each word in
the lexicon. The PatternAnalyzer’s polarity score ranges from —1 to 1,
where —1 represents strong negative sentiments while 1 represents
strong positive sentiments. A polarity score of 0 suggests a neutral
sentiment. Using the PatternAnalyzer, each review was assigned with a
polarity score. By calculating the mean polarity score for a product, the
WOM polarity for every product was established. Similar to the product

Table 1
Variables description.

Variable Description

Apr Product ratings’ convergence, which is the absolute difference
between average ratings of a pair of connected products in a product
network

Apol Sentiment convergence, which is the absolute difference between
overall review sentiments of a pair of connected products in a product
network

connection Network connection, which is a dummy variable indicating whether a
pair of products are connected or not.

Arv Review volume difference, which is the absolute difference between
the review volume of a pair of connected products in a product
network

Alp The list price difference, which is the absolute difference between the
prices of a pair of connected products in a product network

Ain_dc In-degree centrality difference, which is the absolute difference
between the in-degree centrality of a pair of connected products in a
product network

Aout dc Out-degree centrality difference, which is the absolute difference
between the out-degree centrality of a pair of connected products in a
product network

assortativity ~ Same category connection, which is a dummy variable indicating

whether a pair of products are from the same category of products or
not.
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Table 2
Descriptive statistics and pairwise correlations.
Mean St. dev. ) 2 (©)) “4) 5) 6) ) ®)
(1) apr 1.06 1.41 -
(2) Apol 0.18 0.16 0.45 -
(3) connection 0.01 0.10 —0.04 —0.04 -
(4) Arv 36.96 43.76 —0.04 —0.05 0.00 -
() Alp 403.58 367.58 —0.02 ~0.02 0.00 0.01 -
(6) Adindc 3.78 10.35 —0.07 —0.06 0.22 0.04 0.01 -
(7) Aout.dc 3.31 3.49 —0.04 0.00 0.03 0.07 0.35 0.07 -
(8) assortativity 0.38 0.48 —0.18 —0.24 0.05 —0.12 —0.28 0.02 -0.23 -
ratings, the product polarities were mostly positive, where 73% of the
polarity scores lay between 0.1 and 0.5. Table 3 . .
Results of collective network connection on WOM convergence.
3.3. Empirical analysis Variable Model (1)
(All connections)
In this study’s data, each source product could have a product connection —0.001
network tie to any of the other 7861 destination products. All possible B 5)06()6(:31*)**
permutations of product pairs (network ties) are used as the unit of i ((') 001)
analysis. The model variables are, therefore, operationalized at the Alp —0.000%%*
network tie-day level [5]. For all three hypotheses, the same empirical (0.000)
approach is used to conduct the analysis, which is a linear panel data Ain_de 0.000
model with fixed effects. To see whether the product network connec- Aout de (()0(‘)%01(1)“
tion (connection;) is associated with products’ rating convergence (Apri), B ((')_000)
eq. 1 is modelled as a linear panel data model to test H1 and H2. assortativity —0.130%**
(0.004)
In(Apr,,) = p,*connection; + f,*In(Arvy) + p3*In(Alp,,) + B, *In(Ain_dc;;) Number of network ties 309'206
+ ps*In(Aout_dcy) + e *assortativity, + T, + a; + €, Number of observations 2025740
Number of days 31
(€3] R? 0.009

The subscript i denotes each directed network tie, and the subscript t
denotes each time period (daily). The dependent variable for the first
and second hypotheses is WOM convergence (Apry), which is measured
as the absolute value of the difference of review ratings between source
and destination from network tie i on day t. The dichotomous inde-
pendent variable connection;; indicates the existence of network tie i from
source to destination on day t and took on the value one for existence
and zero for the non-existence of the connection. Due to the dyadic
product-pair level analysis, information common across two products in
a product pair and across different product pairs is used to construct the
control variables, which are: review volume difference (Arvy), list price
difference (Alp;), in-degree centrality difference (din_dc;), out-degree
centrality difference (dout_dc;) and assortativity (assortativity;;). Assor-
tativity indicates whether the source and the destination are from the
same product category (assortativity = 1: same category; assortativity =
0: otherwise). Additionally, the natural logarithm of all numerical var-
iables is considered due to the skewness of their distribution.

For the sentiment convergence model, the dependent variable is
replaced with the sentiment convergence (4pol;), which is measured as
the absolute value of the difference of the mean polarity score (WOM
polarity) between source and destination from network tie i on day t. All
other variables stay the same.

In(Apol,) = B,*connection;, + B, *In(Arvy) + B3 *In(Alp,,) + B, *In(4in_dc;,)
+ Bs*In(Aout_dcy) + P *assortativity, + T, + a; + €;
(2)

4. Results
4.1. Main findings

The fixed-effects model is used as the preferred analysis to obtain
consistent estimates despite the presence of the unobserved network-tie-
specific heterogeneity, a; being correlated with the explanatory vari-
ables. The results for the first hypothesis are shown in Table 3. Since the
Apr is measured as the absolute value of the difference in product

Standard errors in parentheses. *p < 0.1; **p < 0.05; ***p < 0.01.

ratings, the negative coefficients show that when two products are
connected (connection = 1), they have a smaller rating difference (Apr).
In other words, their WOM (in terms of product ratings) may converge;
but with a p-value of 0.337, the result is not statistically significant.
Therefore, the results fail to support H1 in that the network connection
(considering aggregated data without considering the type of recom-
mender system) leads to a WOM convergence between the two con-
nected products.

The results for the second hypothesis are shown in Table 4. A

Table 4
Results of different network connections on WOM convergence.
Variable Model (2A) Model (2B) Model Model (2D)
(complementary)  (best- 20) (substitute)
selling) (top-seller)
connection 0.006** 0.003 0.001 —0.019%**
(0.003) (0.003) (0.003) (0.003)
Arv 0.068*** 0.068*** 0.068*** 0.068***
(0.001) (0.001) (0.001) (0.001)
Alp —0.001%** —0.001%** —0.001%** —0.001%**
(0.000) (0.000) (0.000) (0.000)
Ain_dc 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000)
Aout dc 0.001%** 0.001%** 0.001%** 0.001%**
(0.000) (0.000) (0.000) (0.000)
assortativity —0.130%** —0.130%** —0.130%** —0.130%**
(0.004) (0.004) (0.004) (0.004)
Number of 7'776 4728 3603 2'769
connections
Number of 309206 309206 309206 309206
network ties
Number of 2'025’740 2'025’740 2'025’740 2'025’740
observations
Number of days 31 31 31 31
R? 0.009 0.009 0.009 0.009

Standard errors in parentheses
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distinction is made between the different recommenders (product net-
works) in the data. The network connections of the two “complemen-
tary” and “substitute” recommenders are significantly associated with
WOM convergence. Model (2A: complementary) shows a positive as-
sociation with Apr, which means that when two products are connected
via network connection “complementary,” they are likely to have a
larger rating difference (4pr). In other words, their WOM (in terms of
product ratings) may diverge. Model (2D: substitute) has negatively and
significantly associated with Apr, which means that the WOM (in terms
of product ratings) may converge between the two products if they were
connected within a “substitute” product network. For the other two
network connections, “Bestselling Mobile phone” (“best-selling™) and
“Current bestsellers” (“top-seller”), no significant association with WOM
rating convergence is found.

Instead of examining all models shown in Table 4, only the two
significant network connections (i.e., “complementary” and “substi-
tute”) were chosen to analyze the third hypothesis. Model (3A) and (3D)
in Table 5 show the association of a “complementary” connection and a
“substitute” connection with sentiment convergence (Apol), respec-
tively. Both results are significant and are consistent with the results
from Table 4. A “complementary” connection, therefore, is positively
associated with the WOM polarity difference between the connected
products, which means a divergence of the overall sentiments between
the two products (WOM polarity difference is likely to be bigger if
connected via a “complementary” connection). A “substitute” connec-
tion, on the other hand, is negatively associated with the sentiment
convergence, which means a convergence of the overall sentiments be-
tween the two connected products (WOM polarity difference is likely to
be smaller if connected via a “substitute” connection).

Because, in NLP, many other textual attributes may associate with
sentiment analysis, two additional control variables were included to
show the results’ consistency. Chevalier and Mayzlin [15] proposed that
the length of a review is correlated with the reviewer’s level of enthu-
siasm for the product. The mean review length difference (Alen) between
two products, shown in Model (3B) and (3E) in Table 6, is included to
control for this factor. A consistent association with sentiment conver-
gence is found for both connections when review length is included as an
additional control variable.

Subjectivity analysis is often a part of sentiment analysis, where re-
searchers classify a text as opinionated (subjective) or not opinionated
(objective, factual). The presence of specific terms such as adjectives,
adverbs, and some groups of verbs and nouns are taken as indicators of a
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subjective opinion. The more subjective a text is, the better the NLP
algorithm can detect the polarity of a statement [34]. The Pattern library
used in the sentiment analysis also uses a built-in model to calculate a
review’s subjectivity value. A value close to zero indicates an objective
review, while a value close to one indicates a highly subjective review.
The review subjectivity difference (Asub) is measured as the absolute
value of the difference of the mean subjectivity score between two
products. Although model (3C) and (3F) in Table 5 show a consistent
finding on sentiment convergence for both connection types when the
subjectivity difference is included in the analysis, the significance of
model (3C) should be considered with caution due to a 90% confidence
interval for the coefficient of connection.

4.2. Robustness checks

A series of robustness checks are conducted to ensure the reliability
of the results. The results of robustness checks corresponding to product
rating convergence are shown in Table 6 (“substitute” products
network) and Table 7 (“complementary” products network). It should be
mentioned that in both tables, column A is taken from Table 4 as a
baseline comparison for robustness checks benchmarking. In addition,
to show that the regression models’ contemporaneous specification has
not led to any potential bias, an ad hoc solution is used by adding a
lagged version of the connection and Apr in separate model specifica-
tions. Although the number of observations considerably shrank due to
the unbalanced dataset, it sufficed to rule out the potential concerns
regarding the contemporaneous regression models. Accordingly, the
results for the “substitute” and “complementary” connections remained
consistent (see column B and C in Tables 6 and 7).

Moreover, robustness checks for potential collinearity were con-
ducted, even though Table 2 shows that all the correlations were mostly
small, which indicated that collinearity was not a major concern.
Nevertheless, to assure the results’ validity, mean-subtracted centrali-
zation and standardization were performed for all independent and
control variables in the model. Again, the results show that the findings
remained consistent (see column D and E in Tables 6 and 7). Finally, to
address a potential heteroscedasticity issue, the model was re-estimated
to report robust standard errors, and the results remained consistent (see
column F in Tables 6 and 7).

Some robustness checks are carried away for the sentiment conver-
gence model as well, and the results are shown in Table 8. Several
concerns in the robustness of the estimations could already be addressed

Table 5
Results of the “complementary” and “substitute” network connections on sentiment convergence.
“complementary” “substitute”
Variable Model (3A) Model (3B) Model (3C) Model (3D) Model (3E) Model (3F)
connection 0.001** 0.001** 0.001* —0.003*** —0.003*** —0.002%**
(0.001) (0.001) (0.000) (0.001) (0.001) (0.001)
Arv 0.002%** 0.002%** 0.001*** 0.002%** 0.002%** 0.001***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Alp —0.000%** —0.000%** —0.000%** —0.000%** —0.000%** —0.000%***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Aindc 0.000*** 0.000%*** 0.000%** 0.000%*** 0.000%*** 0.000%***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Aout dc 0.000** 0.000* 0.000%*** 0.000** 0.000%** 0.000%***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
assortativity 0.001 0.001 0.000 0.001 0.001 0.000
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Alen 0.002%** 0.002%**
(0.000) (0.000)
Asub 0.199%*** 0.199***
(0.001) (0.001)
observations 2/025°740 2'025°740 2'025°740 2'025°740 2/025°740 2/025°740
network ties 309'206 309'206 309'206 309'206 309'206 309'206
days 31 31 31 31 31 31
R? 0.000 0.001 0.045 0.000 0.001 0.045

Standard errors in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01
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Table 6
Robustness checks for the association between network connection “substitute” and rating convergence.
Variable A) (B) ) (D) (E) (€3]
Preferred Prior connection Prior rating Centralization Standardization Heteroscedasticity
connection —0.019%** —0.015%** —0.007%** —0.019%** —0.001*** —0.019%**
(0.003) (0.005) (0.002) (0.003) (0.000) (0.003)
Arv 0.068%*** 0.038%*** 0.025%*** 0.068%*** 0.082%** 0.068%***
(0.001) (0.004) (0.000) (0.001) (0.001) (0.001)
Alp —0.001%** 0.002 —0.000 —0.001%** —0.001*** —0.001%**
(0.000) (0.002) (0.000) (0.000) (0.000) (0.000)
Ain_dc 0.000 —0.001 0.000 0.000 0.000 0.000
(0.000) (0.001) (0.000) (0.000) (0.000) (0.000)
Aout dc 0.001*** 0.002 0.000** 0.001*** 0.001*** 0.001%**
(0.000) (0.002) (0.000) (0.000) (0.000)
assortativity —0.130%** —-0.016 —0.001 —0.130%** —0.130%**
(0.004) (0.075) (0.004) (0.004) (0.002) (0.008)
connection, —0.018%**
(0.006)
Apres 0.258%+*
(0.000)
#observations 2'025’740 16’519 1'333°272 2'025’740 2'025’740 2/025'740
#network ties 309'206 3'380 161’370 309'206 309'206 309'206
#days 31 31 31 31 31 31
R? 0.009 0.065 0.535 0.009 0.009 0.009
Standard errors in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01.
Table 7
Robustness checks for the association between network connection “complementary” and rating convergence.
Variable A) (B) ) (D) (E) (F)
Preferred Prior connection Prior rating Centralization Standardization Heteroscedasticity
connection 0.006** 0.010%* 0.005%** 0.006** 0.000%* 0.006**
(0.003) (0.004) (0.002) (0.003) (0.000) (0.003)
Arv 0.068%** 0.038%** 0.025%*** 0.068%** 0.082%** 0.068%***
(0.001) (0.004) (0.000) (0.001) (0.001) (0.001)
Alp —0.001*** 0.002 —0.000 —0.001*** —0.001%** —0.001%**
(0.000) (0.002) (0.000) (0.000) (0.000) (0.000)
Ain_dc 0.000 —0.002 0.000 0.000 0.000 0.000
(0.000) (0.001) (0.000) (0.000) (0.000) (0.000)
Aout dc 0.001*** 0.001 0.000* 0.001*** 0.001*** 0.001%**
(0.000) (0.002) (0.000) (0.000) (0.000) (0.000)
assortativity —0.130%** —0.020 —0.001 —0.130%** —0.063%** —0.130%**
(0.004) (0.075) (0.004) (0.004) (0.002) (0.008)
connection.; 0.021%**
(0.006)
Apres 0.258%+*
(0.000)
# observations 2'025°740 16519 1'333°272 2'025°740 2'025°740 2'025°740
# network ties 309'206 3'380 161’370 309'206 309206 309'206
# days 31 31 31 31 31 31
R? 0.009 0.065 0.535 0.009 0.009 0.009

Standard errors in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01.

by including additional control variables in the sentiment model.
Nevertheless, the same robustness checks are conducted in order to
avoid potential collinearity and heteroscedasticity issues, as in the pre-
vious models. Moreover, the results of the re-estimated model of the
centralized variables on sentiment convergence show consistent results.
Results are confirmed further by including the standardized variables.
For both connections, the results remained consistent. Lastly, the re-
estimated model results with robust standard errors showed both con-
nections “substitute” and “complementary” have a significant associa-
tion with sentiment convergence. Nevertheless, the significance of the
coefficient for connection should be considered with caution due to a
90% confidence interval when robust standard errors are considered for
a complimentary product network.

5. Discussion and conclusion
5.1. Summary of findings

The findings showed that when the association between the network
connection and rating convergence is examined using the aggregated
data of all types of product networks, there is no significant relationship
between the network connection and rating convergence. Therefore, H1
is not supported. This is contrary to the findings of Lin and Wang [5] as
they showed the existence of a network connection is associated with
rating convergence. An explanation for the insignificant result for H1
and contradiction to the findings of Lin and Wang [5] could be that no
distinction was made between the different types of network connec-
tions for H1. In the study of Lin and Wang [5], data is only related to one
type of product network, while the current study involves multiple types
of product networks. Due to the counteracting relationship of the
“substitute” and “complementary” connections with product rating
convergence, the estimated coefficient was not significant when



D.R. Stockli and H. Khobzi

Decision Support Systems 142 (2021) 113475

Table 8
Robustness checks for the association between both network connections “substitute” and “complementary” and sentiment convergence.

Variable (A) (B) © (D) (E) (F)

(complementary) (substitute) (complementary) (substitute) (complementary) (substitute)
Centralization Standardization Heteroscedasticity

connection 0.001%* —0.003 0.000%* —0.000%** 0.001* —0.003%**
(0.001) (0.001) (0.000) (0.000) (0.001) (0.001)

Arv 0.0027%%* 0.0027%%* 0.003*** 0.003%** 0.002%** 0.002%**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Alp —0.000%** —0.000%*** —0.000%** —0.000%** —0.000%** —0.000%**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Ain dc 0.000%** 0.000%** 0.000%** 0.000%** 0.000%** 0.000%**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Aout dc 0.000%* 0.000%* 0.000** 0.000%* 0.000%* 0.000%*
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

assortativity 0.001 0.001 0.001 0.001 0.001* 0.001*
(0.001) (0.001) (0.000) (0.000) (0.000) (0.000)

#observations 2'025°740 2'025’740 2'025°740 2'025°740 2'025°740 2'025°740

#network ties 309206 309206 309’206 309’206 309206 309’206

#days 31 31 31 31 31 31

R? 0.000 0.000 0.000 0.000 0.000 0.000

Standard errors in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01.

connections of all types were included in the analysis. This is potentially
a good reason for why each type of product network should be examined
in isolation. Based on the findings, it is likely that when two products are
connected via a “substitute” recommender system, consumers perceive
them as equally qualitative. Hence, the “substitute” network connection
may increase the rating of the lower-rating product, while it may
decrease the rating of the higher-rating product.

Moreover, results show that various types of recommender systems
could be associated with product rating convergence in varying ways.
Interestingly, the connection via both “complementary” and “substitute”
product networks is significantly associated with product rating
convergence, but in opposite directions. An explanation for this result
could be that the two different types of recommender systems suggested
two different kinds of products (i.e., different categories). While a
“substitute” recommender mainly recommends products that are very
likely to be from the same category, a “complementary” recommenda-
tion system mainly recommends products that are from other categories.
This study’s underlying data shows 89% of the products in a “substitute”
connection are from the same category, while only 7% of the products in
a “complementary” connection are from the same category. While a
consumer may perceive two products that are connected via a “substi-
tute” recommendation as qualitatively equal, he will see two products
from two different categories as two distinct products, which do not
necessarily, share the same perceived status. Apparently, such a “com-
plementary” connection between the products reinforces the perceived
quality a customer has of the two products, which may cause him to
leave stronger opposing ratings for the products. A “complementary”
network connection between two products could decrease the lower
product rating but increase the higher product rating, which leads to
divergence and causes them to be more apart from one another.

The results in the sentiment model showed a significant association
between network connections and sentiment convergence. Both types of
network connections (i.e., “complementary” and “substitute”) in the
sentiment model show similar results as in the products’ rating model.
Literature suggests being exposed to different information sources due to
the difference in the type of product network is associated with cus-
tomers’ purchase decisions and online behavior [11]. These findings
provide a further understanding of product networks’ role in the way
online reviews are generated from the perspective of sentiments
embedded in customers’ reviews. In other words, customers are likely to
express their emotions in different ways depending on being exposed to
recommended products from different types of product networks.

5.2. Theoretical contributions

The contribution of this research is threefold. First, it extends the
existing knowledge by differentiating between the types of network
connection between two products. Findings show that a network
connection between two products via a “substitute” recommender is
associated with the convergence of the two products’ ratings. In
contrast, a connection via a “complementary” recommender is associ-
ated with product ratings’ divergence. Therefore, the type of product
network matters! Unlike prior research studies [5,10] that had exclu-
sively considered only one type of product network when there were
more of them, this paper suggests a critical point in that regard. This
paper suggests that it is better to include different types of product
networks and examine their association with customer ratings and
sentiments in isolation when there is more than one type of recom-
menders on an e-commerce platform.

Second, this study incorporates not only the numerical ratings but
also textual characteristics of reviews, which allows for the examination
of sentiments that are expressed by customers. Findings show that a
connection of “substitute” (“complementary”) type is associated with
the convergence (divergence) of the two products’ overall review sen-
timents. This is very likely to be the first study to show such a rela-
tionship and, therefore, adds to the recent evolving conversation on the
different outcomes of varying product networks.

Last but not least, since the literature in the underlying context has
mostly relied on data from e-commerce stores such as Amazon.com or
Tmall.com, this study adds to the conversation by presenting insights
drawn from data of a different e-commerce store based in Switzerland.
Besides contributing to the generalizability of the findings in the un-
derlying literature, this study emphasizes on the different characteristics
of e-commerce stores regarding their recommendation systems. As dis-
cussed earlier in the paper, it is important to differentiate between on-
line platforms since each of them may have varying characteristics (e.g.,
website design), context, and target audience [4]. The results did not
support the first hypothesis in this study, unlike the findings of Lin and
Wang [5]. It could potentially be due to those differences. Therefore,
when it comes to the generalizability of the findings of studies in the
context of e-commerce, it is crucial to consider such unique contextual
aspects of e-commerce platforms.

5.3. Practical implications

This study has important implications for e-commerce platforms to
improve the use of recommendation systems and, consequently, their
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business. Mainly, the idea of managing WOM in e-commerce platforms is
a relatively new topic that has a high potential for practitioners in e-
commerce to monitor and improve WOM in their platforms strategically.
Accordingly, this study provides important insights for e-commerce
platforms by pointing out that the type of connection between a pair of
products through recommendation systems can be associated with WOM
properties, such as product ratings and customers’ sentiment. Therefore,
by employing the findings of this study in the design and development of
recommendation systems, e-commerce platforms can improve their
recommendation systems’ efficiency in a direction that also improves
WOM on their platform.

Also, some e-commerce platforms use multiple recommenders in
their website interface. A critical question is what kind of recommenders
should be chosen and placed on the website interface to maximize the
benefits of the e-commerce platform as well as providing utilities for
customers. For instance, the underlying e-commerce platform in this
study uses several types of recommenders, while at the time of this
research, only two recommenders were placed on a focal product’s
webpage. Therefore, selecting the right recommender on each focal
product’s web page could be a crucial decision for platform managers. In
such a circumstance, our findings can help platform managers in making
a better decision, which is driven by data. However, to ensure that these
findings are relevant to their business context, they could also replicate
the underlying analytical procedure in this study.

Second, this study presents valuable insights for those e-commerce
platforms that recommend sponsored products to their customers. In
other words, there are platforms such as Amazon that allow advertisers
to place their products on other products’ webpages for a cost [10]. In
such a situation, both producers and e-commerce platforms can strate-
gically manage the WOM in regard to those sponsored recommendations
by paying attention to how and to what product they should link the
sponsored product. A proper decision on the placement of the sponsored
product in the right product network and establishing links on specific
products can potentially improve the rating and the overall customer
sentiment of the sponsored product. Accordingly, both e-commerce
platforms and producers can take a reasonable step toward maximizing
their benefits.

5.4. Limitations and future directions

Like any other research, the results of this study should be treated
with caution due to limitations. Both the data collection process and the
applied empirical analysis must be considered when looking at the re-
sults. As mentioned earlier, the type of network connection and its un-
derlying mechanism is often difficult to observe and can only be inferred
indirectly. Additionally, each recommender system differs from one
online shop to another online shop. Therefore, replication of this study
on other online shops could help with the generalization of the findings.
The observed association between ‘“complementary” connections and
WOM convergence could, therefore, be a peculiarity for the Swiss e-
commerce store in this study due to its unique recommendation system.

Furthermore, a sampling bias during the data collection process
could have affected the outcome of the analysis. By only gathering the
top 100 products for one month, no isolated product network could be
examined, and only a fracture of the existing network connections in the
e-commerce store could be observed. Therefore, a more sophisticated
and complete sample of product networks could add to our under-
standing of this study’s reported findings. Moreover, as mentioned
earlier, due to an interface update on the underlying e-commerce web-
site, the website stopped recommending substitute products the way it
used to in the middle of the data collection process. The likelihood of
recommending complementary products was slightly increased.
Accordingly, the observations for substitute products are available for a
shorter period in the data, which is a limitation regarding to the analysis.
Nevertheless, the findings are reported by controlling for the time-
invariant heterogeneity to ensure such limitation has not biased the
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results much. Future research could consider a more robust data
collection procedure, or, most preferably, experimental design to
conduct a more robust causal inference regarding this phenomenon.

Regarding the sentiment analysis, one could argue that sentiment
polarity is a one-dimensional metric, which would only partially reflect
the embedded information in the written reviews and therefore show the
same shortcomings of a regular numerical product rating. Nevertheless,
the product polarity score remains an ideal summary metric for the
expressed sentiments toward a product, as it not only shows a dichoto-
mous sentiment (positive review, negative review) but a gradation of
positive and negative sentiments. Therefore, the WOM polarity can be
viewed as a broken-down product rating, which keeps only the overall
sentiments and ignores the majority of additional factors that make up a
WOM rating. Although this would suffice to address the research
objective, a more in-depth text analysis could have brought forth more
insights, which could be important in answering the second research
question in more detail.

Moreover, due to the unavailability of the sales/purchase data of the
underlying e-commerce website, this empirical study is limited in
providing a broader understanding of the direct or mediated relation-
ship between the product network type and sales performance of the e-
commerce website. Although this was not the aim of this study, it could
potentially be an interesting question to investigate, and there is a po-
tential for further studies. In addition, in some e-commerce platforms
such as the underlying e-commerce website in this study, every regis-
tered customer can submit a review about a product even if she has not
actually purchased the product. Thus, it was not possible to determine
the extent to which the ratings and reviews in this study are generated
based on authentic purchasing and experiencing a product. Even though
the extent of the reviews’ subjectivity was included in the analysis as a
control variable, the issue of authentic vs. deceptive reviews and ratings
is important enough to be explored deeper by future research. In
particular circumstances or events, such as the COVID-19 pandemic,
customers may act or behave differently when shopping online. Thus, it
would be interesting to see how spillover of WOM occurs at the time of
special events like the COVID-19 pandemic.

6. Conclusion

The aim of this paper is to examine whether and how various product
networks are associated with the convergence/divergence of online re-
views (i.e., ratings and review sentiments). Findings show that the
network connection between two products leads to the convergence of
the two products’ ratings, but only if the two products are connected via
a “substitute” recommender system. On the other hand, a “comple-
mentary” recommender connection leads to the divergence of the two
products’ ratings. Additionally, both of these network connections
showed to have the same outcomes for sentiment convergence. This is an
indicator that different kinds of product networks are associated with
the way online reviews may converge or diverge. This paper contributes
to the emerging literature on product networks and opinion convergence
by providing important insights. Moreover, it provides valuable insights
for practice in terms of improving the design of e-commerce platforms,
choosing effective recommendations systems, and improving the effec-
tiveness of recommendation systems.
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