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Understanding and predicting what influence online product sales? A
neural network approach
Understanding the factors that influence sales is important for online vendors to
manage their supply chains. This study aims to examine the roles of online
reviews and reviewer identity in predicting product sales. With Amazon data
captured using our big data architecture, this study performed sentiment analysis
to measure the sentiment strength and polarity of review content. The predicting
powers of sentiment together with other variables are then examined using neural
network analysis. The results indicate that all proposed variables are important
predictors of online sales, and among them helpful votes of reviewer and picture
of reviewer are the most influential ones. The findings of this study can be
helpful for online vendors to manage their businesses, and the big data
architecture and methodology can be generalized into other research contexts.
Keywords: big data; neural network; online reviews; product demands; online
marketplace; reviewer identity

1

Introduction

Supply chain management (SCM) which aims to effectively integrate suppliers,
manufacturers, distributors and customers is recognized as a significant element in
organization’s performance in an increasingly competitive business environment
(Chong et al., 2016; Koh et al., 2007; Themistocleous et al., 2004). In response to the
intensifying competition, the implementation of information technologies (IT) in SCM
has become increasing important (Croom, 2005; Huang et al., 2015). It enables
organizations to share real time information, reduce cost, increase customer satisfaction
and improve productivity (Lee & Whang, 2000; Rahman, 2004; Themistocleous et al.,

2004). However, organizations are still faced with one of the biggest traditional
challenges - over purchase or under purchase when making purchasing orders, due to
the variability of customer demand. Controlling uncertainty in customer demand is
therefore considered as a key to the effectiveness of SCM (Lambert & Cooper, 2009).
With better understanding and prediction of customer demand, it reduces risks such as
Bullwhip effect, increases the effectiveness and efficiency of SCM, and in turn
contributes to the organization’s competitiveness (Chong et al., 2015).
Data captured from online marketplace offers opportunity to better understand
customer demand and make prediction of product sales (Duan et al., 2008). The trend
of using IT and big data analytics to forecast product sales based on data from usergenerated contents (UGC) is emerging (Chong et al., 2015). UGC is seen as one of the
most powerful channels to generate online word-of-mouth (Duan et al., 2008; Pan &
Zhang, 2011). It has a profound effect in online marketplace as online customers tend
to refer to customer-generated reviews to make purchase decisions (Forman et al., 2008;
Ghose et al., 2012; Liu & Park, 2015). A large number of studies have paid attention to
how online reviews can affect product sales and purchase intention (e.g., Duan et al.,
2008; Park et al., 2007; Zhu & Zhang, 2010). Given the importance of online reviews,
more and more online communities encourage customers to post opinions and
recommendations of products in order to attract new consumers and retain existing ones.
Amazon.com and Alibaba’s Taobao.com are two successful examples.
Relationship between the online review and product sales is based on the
assumption that review provides valuable information of product to potential customers

(Forman et al., 2008). Great research efforts then have been made to explore the impact
of online reviews concentrating on the quantitative characteristics such as review rating
valence and volume of review (Filieri, 2015; Pan & Zhang, 2011, Zhu & Zhang, 2010)
while little work considers the effects of sentiments in online reviews, overlooking the
variability and complexity of reviewer comments. Moreover, whether these review
characteristics can lead to a better prediction of product sales requires further
exploration.
More recently, reviewer profile information is provided to online customers as
well as the review information. Researchers have argued that quantitative
characteristics of online review are insufficient to explain customer perceptions, and
reviewer characteristics should also be taken into consideration (Liu & Park, 2015).
They have shown that reviewer characteristics can influence people’s confidence
towards the information in the review (Baek et al., 2012; Fang et al., 2016; Liu & Park,
2015; Racherla & Friske, 2012). However, little is known yet about the role of reviewer
characteristics in product sales. Forman et al. (2008) have argued that it is possible for
online customers to rely on source cues only to make decisions. Therefore, exploring
whether reviewer characteristics can lead to better understanding of product demand
will be an interesting undertaking.
Given previous limitations and challenges, this study suggests a research
approach combining not only the quantitative characteristics of online review, but also
sentiments in online reviews and the characteristics of reviewer to better understand
customer demand, which in turn contributes to SCM efficiency. Moreover, quantitative

characteristics of online review, review sentiments and reviewer characteristics are not
independent but rather exposed to online customers together. It indicates that these three
aspects may interplay with each other and together shape online customer’s behavior.
Taking this into consideration, the interaction effects between review sentiments,
review ratings valance and reviewer ranking have also been investigated in the study.
With the purpose to better understand online customer’s purchase decision, we have
made use of real data captured from Amazon.com instead of data from web experiment
(e.g., Lin et al., 2012; Sparks & Browning, 2011). Big data is defined using the notion
of Vs: volume, velocity and variety. Given these features, we have applied a big data
algorithm which captures data that is in real time and covers all information available
for the product and reviewer. More specifically, the algorithms in the study have used
asynchronous Input/Output (I/O) to request, extract and preprocess data in real time
from Amazon.com. Using SentiStrength and a Natural Language Processing
Application Programming Interface (NLP-API), the sentiment of a review has been
measured by both polarity and sentiment strengths based on the review texts.
Furthermore, neural network analysis has been employed to examine whether the
variables can be useful to make prediction of customer demand and product sales, and
under what conditions it can be a more important predictor by investigating the
interaction effects.
The study is designed to extend previous research in several important ways. It
first contributes to the work on SCM by exploring how to make prediction of product
sales using real data from online market place. Secondly, it contributes to the research

concerning online customer behavior by evaluating whether quantitative characteristics
of online reviews, sentiments in online reviews and the characteristics of reviewer can
be helpful in predicting customer purchasing decision. Thirdly, we highlight how the
interaction of review sentiments, review ratings valance and reviewer ranking can result
in better prediction of product sales. Last but not least, in the process we make a
methodological contribution in better understanding the online customer demand by
combining big data technologies and architecture with neural networks and sentiment
analysis.

2

Literature review

2.1. Online reviews
Consumers increasingly take upon a number of different roles in the online context.
They enthusiastically volunteer in creating online content, posting it on the internet,
distributing it and consuming it as well (Ashley & Tuten, 2015). On one hand, the role
of organisations and their operations are challenged as their control over their brands
weakens (Simonson, 2015; Simonson & Rosen, 2014). On the other hand, producers
and consumers of online content merge into being prosumers (Kozinets et al., 2008)
who then become significantly influential in consumers’ perceptions and formed
opinions towards product offerings. This in turn, affects product sales intentions.
Online reviews refer to internet users’ shared opinions with each other on
products and services (Tirunillai & Tellis, 2012). They have also being examined in
literature as User Generated ratings (Kozinets, 2016), User generated reviews (Tang et

al., 2014), e-UGC (Lu et al., 2013) and eWOM (Clemons et al., 2006). Online reviews
are perceived by consumers as more readily available (Bakos & Dellarocas, 2011) and
reliable than traditional promotional methods that tend to be viewed with scepticism
(Godes & Mayzlin 2004; Mudambi & Schuff, 2010). This is due to the fact that both
positive and negative information is included, often accompanied by explanatory
features such as photos and videos, providing a more in depth and better balanced
understanding of the offer in question (Floyd et al., 2014).
The studies examining online reviews can be seen as having expressed an
interest in investigating the following key areas: The antecedents of such reviews and
the motivations of people who engage in them (Kumar & Benbasat, 2006), as well as,
the benefits that they perceive receiving through such activity (Klaus, 2013); The type
of online review based on its purpose such as to explain, justify or provide in depth
knowledge; The assessment of the reviews’ quality (De Langhe et al., 2016) and
credibility, given the anonymity (Jensen et al., 2013) of the reviewer who cannot often
be identified as being repeated or novice user of the product or even a third party i.e.
masked user employed by a marketing firm (Jensen et al., 2013); The consequences of
such reviews in areas such as users’ experience (Kozinets, 2016), product types
(Mudambi & Schuff 2010), previous review ratings (Moe & Trusov 2011), consumers’
purchases (Basuroy et al. 2003; Chong et al., 2016; Liu 2006) and product prices (Li &
Hitt 2010).
Nevertheless, it is worth stating that previous research often offers conflicting
explanations in similar phenomena, and presents certain limitations. This is evident, in

terms of its focus on the quantitative characteristics of the online reviews (Lu et al.,
2013; Zhu & Zhang, 2010), and the dichotomy approach followed between the positive
and negative stance (Floh et al., 2014), overlooking the variability and often complexity
of those provided comments. Thus, a better understanding of the effects of the
qualitative feature of online reviews seems appropriate.
Online reviews are particularly important for both organisations and consumers
when predicting product sales online because they provide them with valuable insights
into how consumers’ make or alter decisions in either the past or in real time (Duan et
al., 2008; Shen et al., 2015). This calls for studies that emphasise the roles of both
quantitative and qualitative characteristics when predicting product sales in the online
marketplace, given our limited knowledge on the topic.

1.1.1.

Star ratings

Star ratings impact significantly product sales (Basuroy et al. 2003; Duan et al. 2008),
as empirical findings consistently indicate that consumers rely on these sources of
information when making purchase decisions (Chevalier & Mayzlin 2006).
Theoreticians exhibit interest in mapping the development and evolution of the review
ratings (Godes & Silva 2012; Moe & Trusov 2011), in order to explain further how they
influence decision making and predictability of future behaviour such as consumer
purchases. Practitioners are also interested in better understanding how high star ratings
can lead to sales and how this might differ per product category (Bonnet & Nandan
2011), in order to improve their online presence and communication. The predictive

value of star ratings’ numerical quality diagnostics in relation to factors such as product
sales remains in need of further research given the lack of precision and consistency
among existing findings (Duan et al., 2008). Further insights might be gained when
taking under consideration additional factors such as the qualitative information in
customer reviews (Cao et al., 2011; Ludwig et al., 2013).

1.1.2.

No. of people who find reviews helpful (social influence)

The number of people who finds these reviews helpful is increasing in a very fast pace
(Chong et al., 2015). On one hand, users become tired of the plethora of provided
information and quite sceptical when it comes through marketer dominated information
channels. On the other hand, online reviews from peers appear more trustworthy and
influential when making purchase decisions (Tsao, 2014) based on their source and
largely non-commercial motivations such as altruism and social presence (Klaus, 2013).
1.1.3. Rating of most helpful positive reviews
Positive versus negative reviews are seen of higher perceived helpfulness by consumers,
as suggested in literature (Yin et al., 2016), with a few only studies proposing the
opposite (Basuroy et al. 2003). The most helpful positive reviews appear to be those
that include evidence of real-world use by peers (Kozinets, 2016). Ratings that
incorporate experiential information are seen to be better received by consumers when
making decision on purchases than solely objective ratings (de Langhe et al., 2016).
Subjective and very personal information is also valued as highly helpful, especially
when it comes from fellow consumers who appear similar in terms of either

characteristics or situation to the consumer being informed by the review (Kozinets,
2016). This is attributed to the fact that this way consumers are in better position to
assess the suitability of the discussed product in their context of interest, and as a result
most likely to go ahead with the purchase. Review helpfulness is further influenced by
the product type (Moore 2012). Consumers find more helpful online reviews that
include explanations of actions for utilitarian products, and reactions for hedonic
products. This in turn, increases consumers’ attitude and predictability towards the
reviewed product (Moore, 2015) leading to greater positive impact on sales (Chen et
al., 2008).
However, when discussing the rating of the most helpful reviews, it might be
worth taking under consideration the potential role of the competition effect (Shen et
al., 2015). As certain reviewers might choose strategically on which products to post
online reviews, as well as what ratings to select, in their attempt to gain consumers’
attention, strengthen their reputation, and as a result benefit financially (Hansen & Haas
2001), they might end up affecting the overall rating, and in turn its predictability on
online product sales.

2.2. Sentiment strength and polarity of online review
Therefore apart from the quantitative characteristics such as valence and volume of
customer reviews, consumers also pay attention to the textual content of online reviews
(Chevalier & Mayzlin, 2006), as seen above. Researchers have argued that the numeric
rating of customer reviews may fail to fully reflect the opinions of the reviewers (Hu et

al., 2014). For example, the ratings of reviews are usually not normally distributed and
there are likely to be fake reviews, making the average score of ratings less trustworthy
(Luca & Zervas, 2015) and insufficient to provide the accurate information of reviewers’
evaluation (Miao et al., 2009). The content of the review can help consumers screen
genuine reviews. As Power Reviews suggest, over two-thirds of consumers read four
or more reviews before making online purchase (Hu et al., 2014). Therefore, it is
important to take review text into account when examining the relationship between
reviews and sales as well as the summary statistics (Chevalier & Mayzlin, 2006).
Based on the textual content of review, sentiment of online review provides rich
information for consumers beyond the numeric ratings (Hu et al., 2014). It is a key
feature of online review text, delivering reviewer’s personal experiences, evaluations
and emotions (Chong et al., 2016). It presents reviewer’s positive, negative or neutral
opinions, or a mixture of them which can influence consumers’ cognitive appraisals.
Reviewer’s subjective feelings can sometimes become difficult to be shown via
statistical index such as valence (Hu et al., 2014). For example, the feeling towards a
certain product can be complex with some aspects satisfied while others not, and such
complex feeling from reviewer cannot be reflected from a numeric rating but rather
context-specific explanations. Therefore, sentiment expressed in online review can
deliver information that numeric ratings are incapable to fully capture, and thus should
also be seen as an important source of cognitive information.
In addition to being information source for consumers’ cognitive assessment,
sentiment of online review can also lead to emotional contagion (Chong et al., 2016).

Emotional contagion is where an individual’s emotional state gets influenced by
another’s emotional state, causing emotional convergence (Podoshen, 2013).
Customers are exposed to the sentiments and emotions of the reviewers when reading
online reviews and such exposure may cause the unconscious change of consumers’
emotional states. Previous research indicates that positive and high arousal emotions
are likely to stimulate purchases (Somervuori and Ravaja, 2013). Therefore, sentiment
of online review may lead to purchase intention unconsciously.
Previous studies usually analyze the sentiment of online review by identifying
its polarity (Thelwall et al., 2010). It focuses on the overall evaluation of textual
sentiment which is labelled as positive, negative or neutral. However, single polarity
cannot fully capture the emotional state of a reviewer given its complexity. To be
specific, positive and negative sentiments can be expressed simultaneously yet
independently as the products have various features and can be evaluated from different
perspectives (Thelwall et al., 2010). It leads to the mixed emotions where two different
emotions are co-activated at the same time (Thelwall et al., 2010; Larsen et al., 2001).
Berrios et al. (2015) have suggested that mixed emotions can be processed in parallel,
supporting the possibility that different emotions in an online review can be processed
by potential customers simultaneously. Therefore, measuring both the positive and
negative sentiments in one review appears to be an insightful approach to better present
the emotional state of a reviewer. In this study, the sentiment of online review is
expected to be an important indicator of product sales. Thus, the strength which
indicates the levels of orientation (Thelwall et al., 2012; Mostafa, 2013) is measured

for both positive and negative sentiments in each review, as well as the polarity of the
overall sentiment. Details of the measurements are explained in the Section 3.

2.3. Reviewer identity
In online marketplace, we have increasingly seen that profile-descriptive information
of a reviewer is displayed to other members. Previous studies focusing on the
antecedents of perceived value of online reviews have shown that reviewer
characteristics can have significant influence on people’s attitude towards the review
content (Baek et al., 2012; Fang et al., 2016; Liu & Park, 2015; Racherla & Friske,
2012).
While the role of reviewer characteristics in affecting the perceived value of
review content such as review helpfulness and review quality has been studied in the
existing literature, little attention has been paid to their direct influences on customer
decisions. Literature from social psychology suggests that source characteristics can
affect message recipient’s judgment, attitudes and behaviors directly, regardless of the
message content (Chaiken & Maheswaran, 1994; Kang & Herr, 2006). It is also referred
to as messenger bias (Menon & Blount, 2003) which tends to occur when information
is processed in a heuristic manner (Chaiken & Maheswaran, 1994; Kang & Herr, 2006).
In online environment, reviews for a single product can be numerous, resulting in
information overload (Liu & Park, 2015). Due to the information overload, Forman et
al. (2008) have argued that online customers are more likely to process the information
heuristically, which in turn promotes online customers’ reliance on source cues to make

decisions. Their results have shown that the identity information disclosed by the
reviewer is directly associated with other members’ judgment of the products. The
study of Ghose et al.

(2012) has also supported the positive relationship between

disclosure of reviewer identity and product demand without the mediation effect of the
review content. Accordingly, we expect that various reviewer characteristics, generated
not only by the reviewer themselves but also other customers and the online platform,
can affect customer decision directly and independently.
The reviewer profile in online website often contains three kinds of cues: cues
generated by other users such as helpful votes, cues generated by system such as
reviewer ranking, and cues that are self-created such as real name and profile picture.
In this study, we will focus on the three cues of reviewer and investigate in their roles
of predicting consumer purchase decisions online.

2.3.1.

Helpful votes of reviewer

A review will be rated as “helpful” when being perceived as containing valuable
information. The number of helpful votes of a reviewer is the sum of helpful votes given
by others not only for one review but all the reviews posted by the reviewer, indicating
the reviewer’s past contributions. Previous literature suggests that compared to the
information created by the reviewers themselves, the information generated by others
about the reviewer will be considered as more reliable (Xu, 2014). Reviewers endorsed
by a lot of others are expected to be responsible and trustworthy. Thus, the presence of
peer-recognition system contributes to the trust in reviewer (Ghose et al., 2012). The

more past helpful votes obtained, the more likely a reviewer will be perceived as a highquality review writer who always provides clear evaluation (Zheng et al., 2013).
According to the reviewer’s past helpful votes received, customers may extrapolate the
credibility of the reviewer directly. Previous studies have shown that reviewer
credibility have influences on the perceived credibility of information which further
affect people’s purchase intention (Xie et al., 2011). However, studies on whether
helpful votes of reviewer can lead to better sales directly remain elusive. Here we expect
that the helpful votes received by a reviewer which contribute to the source credibility
can lead to positive impact on sales.

2.3.2.

Reviewer ranking

In online environment, information provider’s social background and attributes are
difficult to be verified as face-to-face conversations are not available, compared with
offline environment. Evaluation of the reviewers then has to be based on their past
behaviors (Liu & Park, 2015). Reviewer ranking generated by the system which ranks
reviewers based on their past records is thus widely used in online context. It indicates
the level of reviewer reputation which enables customers to assess the reviewer
credibility and in turn decreases uncertainties and risk faced by customers (Liu & Park,
2015). By selecting out reviewers who have larger quantity and higher quality of
reviews as “top reviewers”, it differentiates them from other members and encourages
customers’ trust in these reviewers (Baek et al., 2012; Filieri, 2015). Zheng et al. (2013)
have used reviewer ranking as an indicator of reviewer’s social features and shown that

reviewer with higher ranking tends to have greater influence than others. Previous
studies have also shown that reviewer ranking has significant impact on the perceived
review quality and review helpfulness (Baek et al., 2012; Filieri, 2015; Zheng et al.,
2013). To address the direct relationship between reviewer ranking and product sales,
we also include it as a predictor.

2.3.3.

Picture of reviewer

The profile picture shows what the reviewer looks like. It is believed that the presence
of profile photo will reduce discomfort and uncertainty of readers by making them feel
like interacting with a real social entity (Xu, 2014). Prior research suggests that the
disclosure of identity information has a positive effect on the establishment of trust to
the information source (Xie et al., 2011). And the study of Xu (2014) has supported that
the presence of reviewer profile picture in online marketplace will affect affective trust
of customers.
While the study of Liu & Park (2015) has shown that the disclosure of profile
picture can increase the credibility of the information source and contribute to the
perceived usefulness of review, Racherla & Friske (2012)’s study has failed to find its
significant contribution to usefulness perceptions. In spite of the conflicting results of
its effects on review content, limited research has examined its direct influence on
purchase behavior. Forman et al. (2008)’s study has shown that the real name disclosed
by the reviewer is associated with higher product sales, supporting a direct effect of
reviewer identity information on purchase intentions. Following this, we expect that the

reviewer profile picture also serves as the source cues which assists consumers to form
impressions about the reviewer, and can affect their purchase decision directly.

2.3.4.

Picture of products

Customers tend to seek visual information when making purchase decisions, and
pictorial representation of a product can enhance their comprehensive understanding of
the products (Lin et al., 2012). Prior research suggests that visual information is
positively related to people’s memory and attitudes. For example, Shepard (1967) has
found that advertisements with photos are recognized and remembered more easily. In
a consumer research context, Mitchell & Olson (1981) have shown that visual
information leads to more positive attitudes towards products than verbal information.
And MacInnis & Price (1987) have demonstrated that the imagery information
produces positive emotional experience which in turn promotes people’s purchase
intentions. Studies in internet shopping sites have also supported the positive effects of
visual presentation of products offered by online retailer on customer’s attitude and
purchase intention (Kim & Lennon, 2008; Park et al., 2005; Then & DeLong, 1999).
Nowadays, pictures of products can not only be posted by the online retailer but
also by the customers. Besides text form, using pictures to convey product features and
consumption-related experience is commonly seen in online review. Lin et al. (2012)
have shown that eWOM articles with pictures have more significant effects on
perceived message quality, credibility, product interest, and purchase intention than the
same articles without pictures by using web experiment. It implies that picture in the

review posted by online customer can play a key role in influencing others’ perception
and purchase decision. Therefore, we have included it as a predictor to see whether the
presence of picture in the review can lead to better demand of a product using real-time
data.

3

Research methods

3.1. Big Data architecture
A big data architecture is used to obtain and store the data. The architecture is scalable
and can handle tasks flexibly and efficiently according to the amount of tasks and
datasets (Chong et al. 2016). The architecture integrates several open-source server
technologies and consists of scalable physical servers (HP DL388p physical servers),
virtual machines (64 bit Linux Virtual Machines) and databases (MongoDB) (Ch’ng
2014). Using the architecture, data can be crawled, pre-processed and stored in real
time, and the output file contains clean data in prescribed formats.
To capture data we need from Amazon.com, a text file that contains the links to
Amazon product list pages is prepared. Having the file, we use asynchronous I/O
algorithms to access the webpages of all the products in each product list, process the
HTML tags in the webpages, and scrap the targeted details we need. The algorithms are
coded with Node.js, and works on a Dell T3600 Tower Workstation. To ensure that the
requests from our IP will not be blocked, a recursive mechanism is employed to control
the number of I/O calls. To find the target information for certain numeric and string
data patterns, Regular Expressions are applied to match the patterns. The data extracted

are stored in MongoDB, a scalable distributed NonSQL database, in real time. When
all the links are extracted, the data in our database is converted into Comma Separated
Value (csv) file for further analysis.
With slight changes to the algorithms, this big data architecture can be
generalized to extract and manage data in other contexts

3.2. Sentiment analysis
Sentiment analysis is a systematic approach to identify and measure the sentiment in
texts (Chen et al., 2012). In this study, the sentiment analysis is conducted by measuring
both the polarity and strength. The sentiment polarity is identified by a Natural
Language Processing Application Programming Interface (NLP-API) (Chong et al.,
2016). By calculating the probabilities of neutral and polarized sentiment, the API first
identify whether the text sentiment is neutral. If the probability of being neutral is larger
than 0.5, the overall sentiment polarity will be marked as neutral. Otherwise, the
program will further check the probabilities of being positive and negative. Considering
that customers tend to read online reviews one after another, reviews are likely to be
processed as a bunch of textual information where the boundary between reviews is
vague. Therefore, all the reviews of a certain product are merged into one unit for
sentiment analysis. Each product then has a score which takes three values to reflect
the aggregate polarity of the reviews: 1 for positive, -1 for negative, and 0 for neutral.
The score is used for further hypothesis testing.

The sentiment strengths are identified using SentiStrength. With SentiStrength,
the strengths of both positive sentiment and negative sentiment are measured
simultaneously (Thelwall et al., 2010). Each online review is one unit of analysis.
SentiStrength checks each word in the review with the lexicon of Linguistic Inquiry
and Word Count (LIWC) to identify the strength and corresponding sentiment. The
output provides the strength score ranging from 1 to 5 for positive sentiment and -1 to
-5 for negative sentiment. The strength scores of positive sentiment and negative
sentiment then are averaged respectively for all the reviews of one certain product.
Therefore, each product has two average strength scores: one is the average strength of
the positive sentiment, and the other is the average strength of the negative sentiment.
Unlike sentiment polarity, here we choose to use the strength score of each review
rather than the average strength score of all reviews. This is because SentiStrength
evaluates the strength of text using the strongest emotional word within the text. If we
merge different reviews into one unit, the average score is more likely to be determined
by reviews which contain stronger emotional word. In other words, each review is not
equally weighted, making the average strength score inappropriate to reflect the full
information of all reviews. Table 1 lists the variables extracted and calculated that are
used for neural network analysis.

Please insert Table 1 here

3.3. Neural Network Analysis
The main objective of this research is to examine if the variables selected in this study
can predict the product sales in an online marketplace. Similar to previous studies, we
employed neural network technique to test our model (Leong et al., 2013; Tan et al.,
2014). Neural network composed of basic units that are similar to neurons, and this
machine technique is based on the idea of human brain (Chiang et al., 2006; Abdi,
1994). The units (referred to as neurons here) linked to each other by connections where
the strengths are modifiable due to the learning process or algorithm (Abdi, 1994).
These neurons are distributed in three layers – input, hidden and output. The input
neuron is given a synaptic weight which will then be passed to the hidden nodes in the
hidden layer, and finally they are transformed into an output value using activation
functions (e.g. sigmoid) (Tan et al., 2014). The synaptic weights of the neural
connections will go through an iterative training and learning process whereby the
outcome knowledge will then be stored for predictive purpose (Chong et al., 2016).
Neural network’ applications in information systems and operations
management have been gaining interests in recent years, and have been used to predict
different areas such as mobile commerce adoption (Chong, 2013), mobile learning (Tan
et al., 2014) as well as consumer product demand (Chong et al., 2016). Similar to Chong
et al. (2015), this research employs neural network to predict the sales rank of product
sales in an online marketplace.

However, the predictors used are different, and in

particular, this research aims to investigate the role of online review sentiment as a

predictor of online marketplace, a predictor which has been sparely examined in
previous studies.
The neural network technique employed in this study is the multilayer
perceptron (MLP). One of the main reason why the MLP was chosen is that MLP is
non parametric and therefore it has no restricted assumption on the variables (Chong et
al., 2016). The model can also be examined for both linear and non-linear relationships
given that MLP does not have a pre-definition of the relationships, and can be trained
to accurately generalize new and unforeseen data (Chong et al., 2006). Figure 1 shows
an example of MLP neural network employed in this study.

Please insert Figure 1 here

4

Methodology

Similar to studies in Hu et al. (2014) and Chong et al. (2016), we used data from
Amazon.com for this study. Electronic products such as computers, camera, televisions
etc. have been selected for this study. The reason for choosing electronic products is
similar to Chong et al. (2016) whereby these products tend to have shorter product shelf
lives, and therefore we can examine how the different variables related to reviews and
sentiments can predict the sales of the products. 12188 electronic data were randomly
selected for this study. However, out of the 12188 data, only 6000 data were found to
have review comments. Given that the some of the main predictors used in this study
include sentiment strengths and polarity of the reviews, we only included the 6000 data

that contains online reviews. Thus in this study, the predictors used include variables
related to online reviews such as review ratings (valance), number of people who find
reviews helpful (social influence), rating of the most helpful positive reviews, sentiment
strengths of reviews, and variables related to reviewer identify such as helpful votes of
reviewers, reviewer ranking and picture of reviewer.

We also include whether a

picture of the product is available to customers as this will influence users’ perception
of the product. Product sales in this study is measured based on sales rank and this
approach is similar to existing studies conducted by Hu et al. (2014) and Chong et al.
(2016).

4.1. Validations of Neural Networks
MLP training algorithm is applied to train our neural network models. In order to avoid
over-fitting of the model, cross validations were conducted. Similar to existing studies
by Tan et al. (2014), we increased the number of hidden nodes and examine the errors
of the neural network. When the errors do not increase, the ideal number of hidden
nodes has have been reached. The number of hidden nodes in this study is four. Thus
the neural network model for this study includes12 predictors, four hidden nodes, and
one output variable.
SPSS 20 was used to perform our neural network analysis. We selected the
sigmoid function as the activation function for this study. A tenfold cross validation
was performed whereby 70 percent of our data was used to train the neural network

while the remaining 30 percent was used to test the prediction accuracy. Table 2 shows
the relative errors for each of the ten training and testing data sets.

Please insert Table 2 here

The average training errors for the training data was 0.964 while the testing was
0.958.

We found from conducting T-Test that there is no significant difference

between the errors found in the training and testing datasets.

4.2. Sensitivity analyses and Regression Analysis
In order to fine out the important predictors for this study, sensitivity analyses using
SPSS 20 was performed on the data. Sensitivity analyses was calculated based on the
average of the predictors over ten networks, and this approach is consistent with Chong
et al. (2016) and Tan et al. (2014). The predictors’ importance is a measurement of how
much the network model predicted value changes for different values of the input
variables. We averaged the input variables’ importance over ten networks, and
expressed the values as percentages. Table 3 shows the result of the sensitivity analysis.

Please insert Table 3 here

Based on the result, all predictors are found to be relevant in the neural
networks. Based on the average results, important predictors in the model include
helpful votes of reviewers, picture of the reviewer, review volume and number of
people who find reviews helpful are the most important predictors in the model. On

the other hand, the review rating (valance), pictures of the products, reviewer ranking,
ratings of the most helpful positive reviews and sentiment polarity were found to be
relevant, but less importance compared to the other predictors.
Although neural network was able to allow us to understand that all variables
used in this study are good predictors of product sales, we are not able to understand
the causal relationships between the predictors and product sales. Therefore in order to
understand the relationships, we adapted the MRA-Neural Network approach by Sim
et al. (2014).

However, contrary to their approach, we believe a Neural Network first

approach, followed by Multiple Regression Analysis (MRA) would allow us to
understand our model instead of MRA and then Neural Network as conducted by Sim
et al. (2014). Neural network would allow us to select only the important predictors,
and then use them as input to MRA so that we know the relationships of the predictors
and output variable which cannot be explained by MRA. Given that all input variables
are found to be predictors, they are all used as inputs in our MRA. Our MRA result
shows that among all the predictors, the following predictors, have a significant
relationship with product sales: Review Valence (P<0.05), Sentiment Strengths
(Positive) (P<0.001), Sentiment Polarity (P<0.05), Helpful votes of reviewers (P<0.05),
Picture of Reviewer (P<0.001), Picture of Products (P<0.05) and Review Volume
(P<0.05).

5

Discussions

This study aims to examine if variables related to online reviews, reviewers identify,

sentiments, and picture of products can predict the sales of products in an online
marketplace.

In general, our result found that the variables proposed are all important

predictors of online sales, with variables related to reviewers such as helpful votes of
reviewers and picture of reviewers found to be the 2 most important predictors. This
result is interesting and it shows that it is not the content of the reviews that are the most
important predictors, but rather, it is other users’ voting of how helpful the reviewer is.
This confirms existing studies conducted by Ghose et al. (2012) and Zheng et al. (2013)
where reviewers who are endorsed by peers and having a peer recognition system can
create more trust by users, and thus increasing product sales. Furthermore, our MRA
result also shows that helpful votes of reviewers and picture of reviewers both have a
positive and significant relationship with product sales.
Similar to existing studies such as those conducted by Lu et al. (2013), Duan et
al. (2008) and Chong et al. (2016), this study also found that review volume is an
important predictor of product sales.

Review volume is also found to have a

significant and positive relationship with product sales. Thus products that received
more review comments is a good predictor of product sales, and it can also influence
the sales of the products in an online marketplace.
Review valence although is found not to be the most important predictors of
product sales, it has a significant and positive relationship with sales based on our MRA
result. Thus users are still influenced by the persuasive effect of online review when
purchasing a product online (Cheung and Thadani, 2012).

This study extends the

understanding on Chong et al. (2016) which found that review valence is a predictor of

product sales, but the paper was not able to explain if causal relationship existing
between review valence and product sales. This study confirms this relationship.
This study extends the study by Chong et al. (2016) by not only examining the
polarity of the review text sentiments, and we also further examined the strengths of
the negative and positive sentiments. In general, we found that sentiment strengths are
good predictors of product sales as they are ranked as the 5th and 6th most important
predictors in our neural network. Furthermore, positive review strength has a positive
relationship with product sales. Our result shows that the strength of positive comments
is able to drive the sales of the products online. This contradicts with some past studies
such as those by Cui et al. (2012) which found that negative review comments are more
likely to play a bigger role in affecting a user’s purchasing decision than positive review
comments. Despite not being a strong predictor in our neural network, sentiment
polarity has a significant and positive relationship with product sales. Thus consistent
with the findings from the sentiment strengths of positive reviews, we found that
products that have more positive reviews are going to have better sales.
Lastly, our result showed that picture of products is a predictor of product sales,
but is not as important as other variables related to online reviews. Nevertheless, it
was found to have a positive and significant relationship with product sales, and
therefore confirming the suggestion from Lin et al. (2012) which stated that having
pictorial representation of the product can help consumers to understand the products.
This is important especially when electronic products used in this study are search

products, thus having a picture of the products will allow users to evaluate the electronic
products before purchasing.

6

Implications and Conclusions

This research examines what predicts the sales of products online using neural network,
as well as examining the causal relationship between the predictors and product sales
using MRA. A big data architecture was designed to capture the data from an online
marketplace, and sentiment analysis was conducted on the review contents. One of
the key contributions of this study is to include the sentiment strengths of the online
reviews in predicting the sales of products in an online marketplace.
This study has several important implications. First, this study employed a big
data architecture to extract data from an online marketplace. We employed special sets
of asynchronous algorithms to extract data and pre-process them in real time. This
sample size allows us to employ neural network to predict the online product sales. This
data architecture can be extended to extract other online marketplace or social media
websites with review contents. As the data is quite large, we first employed neural
network to understand if the input variables used in this study are predictors of online
sales. Upon determining that all the variables used are predictors, the variables are also
tested in MRA to help understand the causal relationships between the predictors and
product sales.
Second, this research found that information related to the online reviews such
as the valance, volume, number of people who find the review helpful and rating of the

most helpful positive reviews to be important predictors of online sales. Furthermore,
among these variables related to online reviews, review volume and review valance
have significant and positive relationships with the sales of products. Thus online shops
should pay careful attentions to online review by customers on their products. A product
that received more reviews and better ratings may be more in demand by customers,
and while those with poor reviews should be taken into serious considerations and
understand why are customers dissatisfied with the products.
Third, this study also found that some attributes related to the reviewers are
good predictors of online sales. For example, helpful votes of reviewers and having a
picture of a reviewer can predict the sales of product. We also found these variables to
have positive and significant relationships with product sales. Therefore, online sellers
or online marketplace can encourage active reviewers to include a picture of themselves
to increase trust.

In the popular online marketplace owned by Alibaba such as Taobao,

trust by providing verified identities of reviewers, sellers and buyers are one factor why
it is one of the most successful online e-marketplace in China (Oberholzer-Gee and
Wulf, 2009). The reviewers’ trustworthiness can also be increased by the helpful votes
of reviewers. Thus future e-commerce websites that have online reviews can include
feature which allows users to vote the helpfulness of the reviewers. This helps users to
differentiate reviewers who are voted to be helpful and those that are perceived to be
less helpful, which can be important as there could be too many reviewers posting
online reviews in popular online marketplace.

Lastly, our study further examined the role of review sentiments and how they
predict and influence product sales. This study extended previous studies (e.g. Chong
et al., 2016) on online review sentiments as it found that positive sentiment strengths
and sentiment polarity are important product sales predictors, as well as having
significant relationships with product sales. Thus for online sellers, although
understanding sentiments such as whether they are positive, negative or neutral are
useful, exploring these sentiments such as their strengths (e.g. how positive is the
positive sentiment?) can allow us to understand better reviewers and customers’
perceptions of the products.

7

Limitations and future studies

There are several limitations for this study which future studies can address. Firstly,
this study only examined electronic products. Future studies can explore different types
of products and also compare if the variables used in this study predict differently for
different product types. Secondly, although we have designed a big data architecture
and extracted the data, due to the fact that many product pages do not have review
comments, we were only able to select 6000 sample data for our study. Future studies
can collect more data, as well as extending this to other e-marketplaces. A cross country
comparison studies on different online e-marketplace such as Amazon and Taobao
could also offer us more insights as to whether users from different countries are
influenced by reviews differently.
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Table 1 Summary of Variables
Variables
Sales Rank

Description

Operationalization

Amazon’s Best Sellers For a product, we take the Best Sellers
Rank of the product
Rank of the product, extracted directly
from Amazon product webpage, the
higher the sales are, the smaller the rank
is
Review
Total number of online For a product, we take the total number
volume
reviews of a product
of all its online reviews, extracted
directly from Amazon product webpage
Star rating
Star rating of a product
For a product, we take the star rating of
it calculated by Amazon using its
machine learned model, extracted
directly from Amazon product webpage,
one-digit decimal from 0 to 5
No.
of Average number of people For a product, we collect the number of
people who who found reviews helpful helpful votes (number of people who
find
to them
found the review helpful) of each review
reviews
we extract, and then take the average of
helpful
the numbers, calculated
Rating of Star rating of the positive For a product, we take the star rating of
most
review of a product with the Top Positive Review, extracted
helpful
the highest agreement on directly from Amazon product webpage
positive
helpfulness
reviews
Positive
Average degree of positive For a product, we calculate the degree of
sentiment
sentiment of extracted positive sentiment of each review we
strength
online reviews
extract, and then take the average of the
degrees, calculated, from 1 to 5
Negative
Average degree of negative For a product, we calculate the degree of
sentiment
sentiment of extracted negative sentiment of each review we
strength
online reviews
extract, and then take the average of the
degrees, calculated, from -1 to -5
Sentiment
Overall
sentiment For a product, we classify the polarity of
polarity
orientation of reviews
sentiment of all reviews we extract as a
whole, calculated, positive sentiment as
1, negative as -1, neutral as 0
Helpful
Average number of people For the reviews we extract of a product,
votes
of who found a reviewer’s we collect the number of helpful votes of
reviewer
reviews helpful
each reviewer from his or her profile
page, and then take the average of the
numbers, calculated
Reviewer
Average
ranking
of For the reviews we extract of a product,

ranking

reviewers

we collect the reviewer ranking of each
reviewer from his or her profile page,
and then take the average of the
rankings, calculated
Picture of Total number of reviewers For the reviews we extract of a product,
reviewer
with profile picture
if the reviewer has a profile image we
code it as 1, no profile image as 0, and
then sum up all the values, calculated
Picture of Total number of reviews For the reviews we extract of a product,
products
with pictures
if the review content contains a picture
we code it as 1, no picture as 0, and then
sum up all the values, calculated

Table 2 Validation Results
Network

Mean
SD

Training

Testing

1

0.961

0.951

2

0.976

0.974

3

0.964

0.962

4

0.963

0.956

5

0.963

0.968

6

0.966

0.953

7

0.961

0.955

8

0.965

0.918

9

0.959

0.970

10

0.966

0.969

0.964

0.958

0.00443

0.015239

Table 3 Sensitivity Analysis

Helpful Votes of Reviewers
Picture of Reviewer
Review Volume
No. of People who find reviews helpful
Sentiment strength (Positive)
Sentiment strength (Negative)
Review Valence
Picture of Products
Reviewer Ranking
Ratings of most helpful positive reviews
Sentiment Polarity

N1

N2

N3

N4

N5

N6

N7

N8

N9

N10

Importance
(%)

0.099
0.177
0.075
0.144
0.053
0.122
0.134
0.063
0.091
0.03
0.012

0.166
0.098
0.203
0.101
0.119
0.04
0.057
0.077
0.071
0.048
0.022

0.232
0.136
0.059
0.109
0.1
0.137
0.052
0.041
0.045
0.064
0.025

0.123
0.136
0.14
0.143
0.095
0.097
0.059
0.077
0.064
0.039
0.027

0.286
0.066
0.152
0.062
0.089
0.069
0.083
0.071
0.065
0.037
0.018

0.164
0.126
0.101
0.097
0.119
0.119
0.07
0.065
0.08
0.036
0.023

0.102
0.177
0.122
0.127
0.092
0.074
0.13
0.092
0.055
0.01
0.019

0.157
0.093
0.142
0.134
0.093
0.077
0.099
0.059
0.062
0.046
0.038

0.078
0.154
0.158
0.106
0.103
0.076
0.064
0.123
0.07
0.014
0.054

0.132
0.133
0.134
0.155
0.069
0.059
0.095
0.101
0.074
0.023
0.026

15%
13%
13%
12%
9%
9%
8%
8%
7%
3%
3%

Figure 1 Neural Network example

Notes:
Vol = Review Volume
Val = Review Valence
N = No. of People who find reviews helpful
RT = Ratings of most helpful positive review
RK = Reviewer Ranking
V = Helpful votes of reviewers
Pr = Picture of reviewer
Pp = Picture of Products

Ssp = Sentiment Strength (Positive)
Ssn= Sentiment Strength (Negative)
Sp = Sentiment Polarity

