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1. Introduction

Due to the rapid development of Web 2.0 technologies, the interac-
tions between individuals have changed dramatically. More and more
people are using blog, forum, and bulletin board systems to express
their personal experiences. Gartner [13] reports that 40% of people
usually search for products or services through social media, 77% of
consumers read online reviews, and 75% of users trust online reviews
more than personal recommendations. Nowadays, even strangers can
easily exchange information through the Internet. A Nielsen Global On-
line Consumer Survey [31] indicates that 70% of people trust the online
reviews posted by strangers. Online reviews have become a new and
useful source for companies wishing to analyze people's opinions and
infer their preferences. Enterprises can aggregate consumers' feedback
to derive new strategies for product creation and design.

Social creation is a concept by which enterprises can utilize collec-
tive intelligence for newproduct or service creation. A survey conducted
by OTX [32] shows that 71% of recommendations and information
provided by consumers are valuable to companies. For example, Fiat,
the most famous automotive brand in Brazil, built a website for people
across the world to provide their opinions in a project called Fiat Mio.
It received more than 10,000 suggestions from over 160 countries
regarding the production of new cars. A popular e-commerce website,
StyleFactory, displayed product images for customers to “make it” or
“drop it” [28].

An enterprise can use a group of people to estimate the preference
of the public. For example, enterprises usually construct a focus group
or organize customer feedback within the company to understand cus-
tomer needs for decision making [2]. On the other hand, the fiercely
growing Internet provides an open and accessible resource to enable
the enterprise to become closer to its customers. The online reviews
are usually generated by consumers who have used the product. They
explicitly or implicitly express their preferences or expectations regard-
ing the next-generation products. Therefore, companies can analyze the
reviews to enhance their products and produce new ones to match the
needs of the majority of consumers. The next best-selling products will
most likely be generated as a result of these insights from reviews [7].
Enterprises usually construct bulletin board systems or websites to
allow customers to express their opinions conveniently. Although this
method allows companies to collect customer opinions directly, the
data are limited to specific aspects of a company. From a developer's
viewpoint, understanding the whole market (including the competi-
tors) is more important. Contrary to the specific channel of feedback
collection, social media contain diverse perspectives of reviewers and
constitute a superior choice for opinion collection. To achieve its goal,
this research uses the concept of social creation, which utilizes social
intelligence through the reviews expressed in social media to support
product portfolio design. There are three main research questions to
address in this research:

(1) How can firms identify the relevant information of quality from a
large amount of reviews? In order to understand themarket better
and make better decisions, this study analyzes the reviewers'
preferences and recognizes the people who have more related
experience and knowledge regarding the target products.

(2) How can firms identify the influence of opinion expressers on
online review websites? Opinion leaders are likely to influence
the purchase intention or the preference of consumers for
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specific features. Therefore, the proposed approach aims to iden-
tify the opinion leaders, who have a powerful influence. Addi-
tionally, to discover the information of high influence produced
by opinion leaders, the degree of relationship between reviewers
should be measured to help enterprises make better decisions.

(3) How can firms consolidate the opinions from a number of iden-
tified reviewers? In online reviews, consumers usually express
which features they like or dislike, but they cannot illustrate
the scope of product specification that they would really like.
Therefore, it will be beneficial to develop a mechanism that can
extract and analyze customers' emotions regarding the specific
feature and produce the scope of product specification. On the
other hand, it would also be helpful if the proposed mechanism
could predict the weight of each feature to help the developer
set priorities for product development.

This research proposes a social media intelligence mechanism
that can derive insights for enterprises to make decisions on next-
generation product development. The generated insights include two
parts: (1) inferred product feature specification and (2) product feature
importance distribution. Specifically, inferred product feature specifica-
tion analyzes reviews' content and recognizes the sentiments of the
opinions to construct the scope of product specification [40]. The de-
rived feature importance distribution shows how important a feature
is when customers make purchasing decisions by ranking the impor-
tance of features in discussions. According to the insights, developers
can evaluate the production cost and the selling price of the product
to decidewhich feature should be added to the next-generation product
first, and then formulate the development of product specifications.

The rest of the paper is organized as follows. Section 2 presents
the related literature. Section 3 illustrates the system framework of the
proposed social intelligence mechanism for product design. Section 4
describes the data collection, processing, and experiments. Section 5
demonstrates and evaluates the experimental results. Section 6 summa-
rizes the research contributions and discusses the research limitations
and future work.

2. Related literature

2.1. Product design process

Formost of the enterprises, product design can roughly be separated
into three main processes: concept definition, idea visualization, and
mass-production [17]. Concept definition means to understand the
similar products, competitions, sales of product, and the behavior of
customer via market research. Idea visualization stands for expressing
the concept of design through 2D drawing and 3D mock up. Mass-
production aims to produce the product which is popular and compet-
itive. There are plentiful studies in this field. For example, [8] focuses on
the issue of concept definition. They construct emotional index and use
data mining rule to measure consumers' preference. [14] studies the
issue of idea visualization and uses a genetic algorithm to increase effi-
ciency of the product design and use CAD to construct the prototype.
This research focuses on concept definition. In the past, enterprises usu-
ally construct focus groups or organize the customer feedbacks within
the company to understand customer needs for decision making [2].
An enterprise can use a group of people to estimate the preference of
the public. Recently, prediction markets (PMs) have been applied in
the domains of economics, politics, and sports. Researchers also used
the concept to the evaluation of new product concepts, new product
ideas and early stage technologies [9].

With booming social networking technologies, social media
platforms have empowered Internet users to publish their creations
and opinions and spread new content. In the past, messages were only
delivered among friends. Nowadays, even strangers can search the
information through the Internet easily. It also becomes a new way for
company to collect people opinion and infer their preference. It is the
concept of social design which means that enterprise aggregate
consumers' feedback to devise new strategies, improve management
flow, and reduce the risk. Abramovici & Lindner [2] analyze enterprise
knowledge database established by enterprise customer feedback.
Decker & Trusov [10] use product reviews data to infer consumer
preferences.

However, previous researches did not consider interactions between
people and their profiles. In this research, we use the concept of social
creation (design) which combines the enterprise's design and the
opinions in the popular social media to infer customers' preference to
aggregate the social intelligence for enterprises to support product
portfolio design.

2.2. Social creation

The concept of social creation is one type of co-creation, which is
broadly defined as “creation of value by consumers” [41]. In thepast, do-
main knowledge has been defined by and limited to a group of experts.
The public only received experts' opinions, like those in Encyclopaedia
Britannica. Nowadays, everyone who has domain knowledge can co-
edit encyclopedias, like Wikipedia [21,38]. The co-creation mechanism
transforms people's role frompassive recipients to positive participants.
It not only improves the efficiency of knowledge sharing, but can also
help people to obtain a broader perspective of knowledge.

In the area of e-commerce, consumers are always themost important
concern for enterprises. Any business strategies devised by enterprises
should take consumers' perspective into account [3]. Hence, more and
more companies are bringing consumers into the task of new product
development. For example, IBM's Jam, a time limit online discussion plat-
form, was developed to deal with themajor issues of customer feedback.
Another example is Polyvore, which uses an e-commerce website to
collect information regarding consumers' combination of garments and
shoes.

Although the concept of social creation in newproduct development
has been proposed, the practical applications are still insufficient.
Currently, most enterprises establish their own platform on which
users can interact with each other. However, plenty of product and
user preference information can be extracted from external data
sources, such as the popularly emerging social media. This research
focuses on exploiting the external opinions and reviews from social
media and derives the social intelligence for new product design.

2.3. Feature selection

Due to the rapid development of web 2.0 technologies, more and
more people use social media to express their personal experiences.
Feature extraction methods are used to gather product features from a
set of product reviews. Analyzing online reviews can help manufac-
turers better realize consumer opinions to their products and thereafter
enhance their products [22]. Allan et al. [4] propose several techniques
to discover relevant concepts and the topics of a query. The features of
products mentioned in opinions are automatically identified by feature
extraction. The authors of [16] generate a set of frequent features by
finding out frequent terms and pruning the feature set by calculating
term compactness and redundancy to extract product features.
Abrahams et al. [1] developed a model of text classification and compo-
nent feature selection for automatic product component categorization
of online user postings.

The Red Opal system [35] also uses frequent nouns and noun
phrases for feature extraction. The authors of [11] apply association
rule mining mechanism to discover syntax rules of feature term occur-
rence, which could find out how frequently a feature term happens in
some kind of syntax patterns. On feature-based opining summarization,
Hu and Liu [15] propose Part-of Speech (POS) tag sequence rules to
extract product attributes, and then the polarities of opinion words on
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the attributes are judged based on the context information. The POS tags
of words, such as adjectives and adverbs, have been good indicators for
the subjectivity detection and sentiment polarity classification. Besides,
[39] have developed systems for analyzing customer reviews, and min-
ing opinions toward a product or attribute, and visually show themined
information for aiding users' decision making.

In this research, we extract product feature fromAmazon.com to get
the basic product feature. Then analyzes the reviews and extracts
the features which are not contained in the dictionary to compensate
the lack of the product feature. We adopted POS tagging approach to
identify the part of speech of eachword in a sentence. After the POS tag-
ging step, the system uses the frequency nouns to identify the product
feature. The meaningless or non-feature words will be filtered.

2.4. Sentiment analysis

Recently, sentiment analysis (SA) has been popularly applied to the
analysis of online customer reviews. For example, Reyes and Paolo [33]
collect ironic reviews from Amazon and use sentiment analysis and
opinion-mining techniques for purchase decision making. Cao et al. [7]
also use a large collection of extracted texts to analyze the sentiment
polarity of opinions. Li and Wu [24] use sentiment analyzing and text
mining to classify texts collected from online forums. Archak et al. [5]
propose that textual reviews can be extracted to represent different
product features. Therefore, we use consumers' reviews to appraise
the public's impression of product features.

Seva et al. [36] point out that in new product development users'
emotion is one of the important factors. Designers should consider
users' needs from the emotional perspective [34]. For example, Liu
et al. [25] collect sentences that describe daily situations to construct
ConceptNet, which automatically defines the keywords' sentiment per-
spective through the sentence categories. Shaikh et al. [37] propose an
approach named SenseNet in which word characteristics are extracted
from WordNet [27]. This research extracts users' experience of using a
product, recognizes the polarity of their opinions, and then calculates
their preference for the feature.

2.5. Opinion consensus

Opinion consensus integration is one of the important issues in
group decision making. Ness and Hoffman [29] define consensus as a
decision that is approved by most of the team members; only a few
Fig. 1. The life cycle of new product portfoli
members disagree. Those members who hold opposing views have
the ability to influence the decision. How to aggregate team members'
opinions can be roughly divided into two different categories [6]. The
first is “mathematically aggregated.” This type of decision group has a
complete arbitrationmechanism. The teammembers do not need to ex-
change their opinions [30]. Those opinions are aggregated by voting or
giving the team members or the opinions different weights. In another
type of consensus, the opinions are revised continually by the team
members until they can finally reach an approximate agreement.

This research adopts the first approach. A group decision-making
model is developed to aggregate the online social network's opinions
using teammembers' profiles and relationship to determine the expert
weights.

3. The system framework

The social intelligencemechanism is developed for enterprises to ex-
tract easily the users' opinions expressed in social media and derive
popular product features to design new product portfolios. To derive
the collective intelligence to support new product creation, an enter-
prise chooses the targeted product category and then the system
extracts the opinions related to the product category from social
media. The collected online data are organized into a relationship of
reviewers, opinion words, and rating scores. In Fig. 1, we illustrate the
life cycle for new product portfolio design with the support of social
media intelligence. After an enterprise has released a new product,
users express their opinions via social media. Then the enterprise
collects the relevant online opinions and derives the social intelligence
to create or improve the design of the new-generation product.

The architecture of the proposed social intelligence system is depicted
in Fig. 2. The components included in the system are described as follows.

(1) Feature dictionary construction module: With the collected data
from the social media, this module constructs a feature dictio-
nary according to the product features extracted. The dictionary
is used to analyze the opinions expressed in the reviews.

(2) Knowledge analysis module: The module measures a reviewer's
knowledge level by analyzing the content fitness and expertise
levels. The knowledge level indicates the quality of the opinions
he/she has published.

(3) Authority analysis module: The module analyzes a reviewer's
authority by analyzing the relationship structure and review
ratings. The authority level indicates the influence of the
o design with social media intelligence.
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opinions he/she has published.
(4) Sentiment analysis module: The module analyzes the opinion

words to predict the polarity of a comment (like or dislike).
(5) Product portfolio construction module: Utilizing the scores that

are produced by authority analysis, knowledge analysis, and the
polarity produced by sentiment analysis, this module aggregates
the opinions and the features to create the product portfolio for
the developers.
3.1. Feature dictionary construction module

The feature dictionary is composed of several categories of products.
Each category containsmanyproduct features, which are organized into
a tree structure. The tree structure is built by several levels and a lower
level of a category is a subset of an upper one. An example of the feature
dictionary is shown in Fig. 3.

The following steps are developed to construct a feature dictionary:
feature extraction and tree structure construction.

3.1.1. Feature extraction
First of all, this study acquires basic product features from the

merchant websites. To compensate for the insufficiency of the product
features, we analyze the reviews and extract the features that are not
contained in the initial dictionary. In this place, the POS (part-of-
speech) tagging technique is used to identify the part of speech of
each word in a sentence. The product features are detected based on
the terms of nouns and noun phrases. Following the POS tagging step,
the system uses the noun frequency [15] to identify the product feature.
Meaningless or non-feature words are filtered out. Note that it is
common for users to use synonyms to address the same products, so
synonyms should be included in the product feature dictionary. For
example, customers usually use “app” or “apps” to denote the word
“application.” The twowordswill be added to the dictionary to increase
the detection accuracy.

3.1.2. Tree structure construction
The classifications of the product features are acquired from the in-

formation on categories shown on the merchant websites. The product
features are classified into corresponding categories according to the
characteristics of the features identified by the noun frequencymethod.
For example, nowadays, applications can easily be downloaded by
smart phones and thus are highly related to the cell phone's operating
system. Therefore, “application” should be classified into the category
“operating system,” which is under the “cell phone” category.

3.2. Knowledge analysis

The main purpose of this module is to evaluate the quality impor-
tance of opinions according to the opinion relevance and the expertise
level of an author. We consider two factors – fitness score and expertise
score – to measure the knowledge importance of the experiences and
opinions of an expresser.

3.2.1. Fitness analysis
People usuallymakemore studies and havemore experiences on the

topics that interest them, so they are likely to have more knowledge
about the topics they profoundly like. Itmay be easy to observe people's
interests through their profiles expressed in social media with social

image of Fig.�2
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networking purposes. However, it is difficult to infer people's interests
on most online review websites as they seldom provide complete
profiles. Therefore, this research analyzes the historical reviews posted
by a reviewer to predict his/her preference. The reviews published by
a reviewer are usually located in related categories. Therefore, we can
predict the interests and preferences of a reviewer according to the
types of reviews he/she has written. Fig. 4 shows an example of a cate-
gory tree that most online reviewwebsites use to classify their reviews
for easy retrieval at a later date.

In this research, to measure the fitness degree of a product to a
reviewer, we calculate the average distance between the category of
the target product and the categories of all the historical reviews
published by a specific reviewer in the preference tree. Φi denotes the
set of reviews written by user ui and c(rj) represents the catalog to
which a review rj belongs. Eq. (1) shows the fitness degree of user ui
with target category t:

FS uið Þ ¼
X

r j∈Φi
dis c r j∈Φi

� �
; t

� �

Φij j ; ð1Þ

where |Φi| indicates the total number of reviews written by user ui,
t stands for the target category, and dis(c(rj ∈ Φi), t) represents the
distance between the target category t and the category of a review rj
that was written by user ui. For example, we suppose that the analysis
target category is “cell phone”, as shown in Fig. 3. If user uA has written
a review in “Charger” category, the preference distance for user uA is 2.
Another user uB has written a review in “Camera” category, the prefer-
ence distance for user uB will be 1. If user uC has written two reviews in
different categories (“Charger” and “Camera”), the preference distance
for user uC will be 1.5 (2þ1

2 ). A reviewer has more related knowledge if
he/she gets a smaller value of average distance.

3.2.2. Expertise analysis
A person having published relevant reviews on a particular topic

more than the average level represents that he/she has a higher knowl-
edge level in the specific domain. A direct way of measuring a user's
Fig. 4. The tree structure of t
knowledge level on a certain topic is to count the reviews the reviewer
has written in the specific category; however, this may lead to some
problems if the relevance of the posted reviews is not evaluated. For
example, if a reviewer has written many reviews in a specific category
but those reviews are full of meaningless sentences, the accuracy of ex-
pert recognition should be problematic. Hence, in addition to counting
the quantity of the reviewers a user has written, this proposed system
also analyzes the content quality of the reviews. If a review includes
many sentences relative to the topic, this review should be considered
more important [26]. Therefore,weuse the ratio of the sentences contain-
ing the product features to identify the expertise degree of the reviews
written by a user: denote s as a typical sentence and Si = {s|s ∈ Φi}
as the set of all the sentences expressed in the reviews written by user
ui. Ws represents the set of words included in a sentence s and Θt stands
for the set of product features included in target category t. The expertise
score of a user ui is formulated as Eq. (2):

ES uið Þ ¼ sjs∈Si;Ws∩Θt≠∅f gj j
Sij j : ð2Þ

3.3. Authority analysis

The reviewers' authority degree can also be used to measure
the credibility importance of the reviews. This module considers two
common social factors, influence score and review rating, to measure
a reviewer's authority.

3.3.1. Influence analysis
This factor is used to measure the influence of online users and is

computed according to their social relationships. The more social rela-
tionships a person has built with other people, the more influential
power he/she has. In this research, we use the following two network
structures to calculate the influence of a reviewer.

3.3.1.1. Explicit link. The techniques of social network analysis can be
easily applied to measure the intensity of relationships according to
he preference category.

image of Fig.�3
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the explicit links between people on social media (e.g. truster–trustee,
follower–followee, or subscriber–subscribee). As the out-degree can
easily be manipulated by people who add many friends without their
permission, this research adopts the in-degree to prevent this problem.

3.3.1.2. Implicit link. Besides, the relationships could also be constructed
by analyzing the activities and interactions among people. For instance,
when two people participate in the same activity, a certain relationship
between them is built. When a review receives many comments from
others, it may indicate that the author prudently writes the review
with substantial support or the author's review refers to some key
points of the product that attract the readers' interest. Thus, we use
the interactions between people including posts and replies to reviews
and comments to measure the influential strength of a user. After pub-
lishing an article or opinion on the online review website, reviewers
might receive some responses.

This research combines explicit and implicit links to construct the
relation network. Denote SN as the set of users contained in the social
network of reviewers. We use the degree centrality [20] to calculate
the influence score as in Eq. (3).

IS uið Þ ¼
X

u j∈SN
Eaij þ Iaij

� �

SN− uif gj j ð3Þ

where Eaij (Iaij) stands for the explicit (implicit) link from user uj to
user ui. Eaij=1 (Iaij=1) if the link exists; Eaij=0 (Iaij=0), otherwise.
|SN − {ui}| represents the total number of users in the social network
except user ui.

3.3.2. Review rating
Most of the websites supporting social creation provide an article

rating mechanism, for example Wikipedia, Epinions, Yahoo Answers,
and so on. It is a direct way to evaluate whether an article is good or
bad. However, the perspective of experts may differ from the view of
ordinary reviewers [20]. Therefore, expert reviewers should be given
higher importance than regular reviewers. In this research, we also
include a review rating factor for measuring the authority of a review.
Denote rate(rj, uk) as the review rating of review rj given by user uk.

Eq. (4) is used to calculate the collected reviewer rating score, which
considers the importance of reviewers.

RS uið Þ ¼
X

uk≠ui∈SN;r j∈Φi
rate r j;uk

� �
� ES ukð Þ

SN− uif gj j � Φij j ; ð4Þ

3.4. Sentiment analysis module

This module aims to appraise the public's impression of product
features. Consumers usually use subjective words (e.g. good, perfect,
bad, terrible) to express their emotion in reviews. To predict whether
the customers like particular features or not, sentiment analysis is
conducted. Subjective words would be recognized as positive, negative,
or neutral and labeled as 1, −1, and 0, respectively. Accordingly, there
are two major problems to solve first:

(1) How can we extract the subjective words correctly?
Here are some examples of sentences expressed in online
reviews:

• “The sound on this TV is pretty decent.”
• “The TV works perfectly with video game and DVD player.”
• “The TV has many inputs.”
The first and second sentences use subjective words (decent and
perfectly) to describe the pros of TV, but they use different POSs
(adjective and adverb). The third sentence illustrates that the TV
is easy to use because it supports many different devices, but
this sentence does not use any subjective words. To identify the
subjective words, this study uses POS tagging to recognize the
part of speech firstly, and then acquires the adjective and adverb
that appear within three words' distance from the feature. We
discovered that reviewers usually use adjectives and adverbs to
express their emotion and those subjective words commonly
appear within three words of the feature. Notice that a whole sen-
tence that does not contain any subjective words will be reserved
in the database and will be recognized manually.

(2) How can we classify and quantify the subjective words?
In this step, we use Senti-Wordnet to recognize the adjectives
and adverbs produced previously. Senti-Wordnet is based on
Wordnet, which classifies words into three different types
(positive, negative, and objectivity) [12]. The distance between
two different opinionwords ismeasured by applying the polarity
analysis interface provided by SentiWordNet. For identifying the
sentiment of the review,we first dealwith POS tagging processes
on the product reviews and get 3657 adjectives and adverb
terms. Then each term was fed into the query interface of
SentiWordnet to calculate the polarity. If the positive score is
greater than the negative score, the word will be tagged as 1.
Otherwise, the word will be tagged as −1. Also, if the positive
score is equal to the negative score, theworld will be tagged as 0.
3.5. Product portfolio construction module

Although users usually depict the pros (satisfied) and cons (unsatis-
fied) of the products in their reviews, these perceptions are probably af-
fected by several factors. Therefore, the proposed system considers and
aggregates the quantitative measurements from the authority analysis,
knowledge analysis, and sentiment analysis modules to identify the
qualified reviews and evaluate the polarity of each review. In order to un-
derstand the market andmake better decisions, this study integrates the
factors of knowledge (fitness analysis and expertise analysis), authority
(influence analysis and rating analysis) to evaluate the importance
weighting of the reviewers. We select the reviewers with importance
weighting score higher than 0 and smaller than 1 is to balance the quality
of reviews (“wisdom of professionals”) and the quantity of reviews
(“wisdom of crowds”). According to our experiments, we found the
threshold value 0.5 can better balance the quality and quantity effects
and generate the best results. Therefore, we use it for further analysis.
We further identify the qualified reviews from them. In the sentiment
analysis module, we evaluate the polarity of each review. We reserve
those positive comments and construct the interval of satisfied feature
specification.

Finally, the enterprisewill receive a proposal containing recommen-
dations for product improvements and development priorities. Specifi-
cally, this proposed system will generate the inferred product feature
specification and product feature importance distribution. The inferred
product feature specification shows the consumers' acceptable scope
for every feature specification of the product. Additionally, the product
feature importance distribution indicates the public discussion propor-
tion of each feature, which can be inferred as the priority of consumer
decision making. With these outputs, the enterprise can better under-
stand the market by knowing which features of their product are vital
and what the customers want the product to be. The enterprise can
use the result to develop the next generation of the product.

3.5.1. Feature importance analysis
This sub-modulewill identify the product improvement priorities by

calculating the number of discussions on a specific product feature.
When features are discussed, the discussions may be likely to influence
the purchase intention of consumers. Since there are restrictions on the
selling price and production cost, the enterprise can further evaluate the
feature importance the system generated, and then make a decision



Table 1
The dictionary of product features.

Category Detail Unit

Screen LCD (TFT) Inch (in.)
Touch screen
3D

Processor Storage (RAM, memory, built-in memory) GB/MB
Processor GHz/MHz

Communication 3G
4G
Wi-Fi (wlan, wireless)

Camera Picture (photo, graphic, photograph) Megapixels
Zoom
Autofocus

Multimedia Video
HD
Player (mp3)
Headphones (stereo jack)
Speakerphone (audio, voice, volume, sound)

Battery Talk time Hours
Stand-by time Hours
Charger

Operating system Application (app)
Software (email, calendar, browser)
Interface (UI, settings)

Other feature USB (micro-usb)
SD (micro-sd)
Keyboard (keypad, qwerty)
Bluetooth
GPS

Table 2
Principal component analysis.

Component Total % of variance Cumulative %

Influence score 1.560 38.994 38.994
Review rating 1.057 26.428 65.421
Fitness score 0.89 22.249 87.671
Expertise score 0.493 12.329 100

129Y.-M. Li et al. / Decision Support Systems 66 (2014) 123–134
regarding which specifications should be added to the next generation
of the product first.

3.5.2. Feature specification inference
This sub-module will examine the polarity of the corresponding

features and generate the interval of satisfied specification of each prod-
uct feature. Specifically, the system first searches the units of product
specification listed in the product dictionary, then grabs the digital
number in front of it. Then, it recognizes the polarity of a sentence.
Those positive comments are reserved and the negative ones are
removed. Finally, the maximum and minimum numbers are used to
construct the interval of satisfied feature specification. Here are some
examples:

• “The 4.3 in. touch screen is really good.”
• “4.0 in. screen is perfect for me.”
• “I like the 3.7 in. screen.”

The inferred feature specification for the screen size of smart phones
will be [3.7 to 4.3].

4. Experiments

4.1. Experiment setting

In this study, we choose Epinions.com as the experimental platform;
this platform is one of themost popular online viewwebsite. It contains
multiple categories of reviews, such as television, cell phone, camera,
and even movie and computer software. It includes a large number of
reviews and several different mechanisms (trust list, rating, advisor,
and so on). The product reviews on Epinions.com are separated into
two groups: express reviews and regular reviews. This work collects
regular reviews as the analysis objects because people usually express
their real emotions and uses their experience in the reviews. A regular
review, containing more than 200 words, allows users to describe the
characteristics of products in a more detailed way [35]. The review
datawas collected fromApril 2010 toApril 2012 and totally 938 reviews
were gathered. The information extracted from the reviews includes the
product, review context, reviewers, trust list, comment list, rating score,
etc.

In this research, we use the following steps to construct a feature
dictionary: POS (part of speech) tagging, feature extracting, synonym
recognizing, and the tree structure constructing. The system obtains a
three-tier structure tree and 321 classifications. This study chooses
“cell phone” as the target product category for analysis because cell
phones combine multiple features (bluetooth, camera, mp3 player,
and so on), and the differentiation can easily be observed when the
product has diverse characteristics.We totally analyze 33,502 sentences
and 3657 opinionwords. The system uses the Senti-Wordnet to analyze
the category of opinion words to calculate the polarity. If the positive
score is greater than the negative score, the word will be tagged as 1;
otherwise, the word will be tagged as −1. Also, if the positive score is
equal to the negative score, the word will be tagged as 0. The trust list
and comment list are used to construct the relationship network.
Epinions.com uses five different levels (off topic, somewhat helpful,
helpful, very helpful, and most helpful) to review the reviews. This
study transforms the grading mechanism into the range of integers
from −2 to 2 to measure the reviewers' credibility. Finally, we use up-
to-date of top five sales information from Amazon.com to evaluate the
accuracy of the inferred feature specification.

4.2. Data collection and preprocessing

This study chooses “cell phone” as the target product category for
analysis because cell phones combine multiple features (bluetooth,
camera, mp3 player, and so on), and the differentiation can easily be
observed when the product has diverse characteristics. The review
data were collected from April 2010 to April 2012 and in total 938 re-
views were gathered. The information extracted from the reviews in-
cludes the product, review context, reviewers, trust list, rating score, etc.

First of all, the proposed system acquires the features' specification
and classification from Epinions.com. For example, the display entry
contains the screen size, display size, and touch screen. The battery
entry contains stand-by time, talk time, and power. Furthermore,
some product features are divided into smaller portions (digital and
unit) for the sentence recognition. For example, the screen size marked
as 4.3 in. will be divided into 4.3 in.

To amplify the feature dictionary, the system splits the review
context into several sentences and uses BFSU Stanford POS Tagger,
developed by Xu and Jia [39], to recognize the part of speech in the
sentence. This study acquires nouns to detect the features that do not
appear in the dictionary or have different expressions. The system
analyzes 33,502 sentences and abstracts 10,841 nouns. The result of the
frequency noun mining is shown in Table 1. The dictionary has eight
main categories, which can be subdivided into several items, and the
words in the brackets after the items stand for the synonyms. We also
deal with singular and plural nouns. The last field is the unit of feature
specification and is used to produce the inferred feature specification.

To establish a feature dictionary with higher accuracy and more
completeness, we extract product feature from Amazon.com as
the basic product features structure and extract the features from the
up-to-date reviews from Epinions.com which are not contained in the
dictionary. We adopted the POS tagging approach to identify the part
of speech of each word in a sentence. After the POS tagging step, the
system uses the frequency nouns to identify the product feature.



Table 3
The feature importance distribution (cell phone).

Feature Percentage (%)

Screen 15.45
Processor 4.90
Communication 7.0
Camera 16.26
Multimedia 17.21
Battery 11.58
Operating system 22.42
Other feature 5.18
All 100
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4.3. Knowledge and authority analyses

4.3.1. Fitness score computing
To predict a reviewer's preference and the review fitness, this study

needs to construct the review category tree first. As Epinions.com has
already organized its reviews into a tree structure, we acquire the clas-
sification and reviews category tags to calculate the average preference
distance of each reviewer. The system obtains a three-tier structure tree
and 321 classifications.

4.3.2. Expertise score computing
All the reviews of a specific reviewer in the cell phone category are

aggregated into one document. Then we detect the feature words
defined in the feature dictionary from the aggregated reviews. The
ratio of sentences containing the feature words is used to analyze the
expertise of the reviewer.

4.3.3. Influence score computing
This research uses the trust list and comment list of Epinions.com to

construct the relationship network. In Epinions.com, the trust list has
two types: “who trusts the user” and “who is trusted by the user.” The
list of “who trusts the user” lets users follow specific reviewers. When
they decide whether or not to buy a specific product reviewed by
some reviewers, they can choose to show the reviewer's review first.
The list of “who is trusted by the user” shows how many users trust a
specific reviewer and the listwill influence the advisor selection process
in Epinions.com. The system uses the list of “who trusts the user” to
analyze the users' popularity because the “who is trusted by the user”
list can easily be manipulated by the users.

4.3.4. Review rating computing
Epinions.com provides a rating mechanism that helps users express

which kinds of reviews theywould like to read in the future and suggest
Table 4
The inferred feature specification (cell phone).

Category Range

Screen size 3.7–4.3 in.
Processor 1–1.2 Ghz
Camera 5–8 megapixels
Built-in memory 512 MB–1 GB
Battery 6–8 h

Table 5
The features of the top five cell phones.

Product A Product B

Screen size 4.3 in. 4.65 in.
Processor 1.2 Ghz 1.2 Ghz
Camera 8 megapixel 5 megapixel
Built-in memory 1 GB 1 GB
Battery 6.3 h 8 h
to other reviewers which reviews should be read andwhich should not.
It uses five different levels (off topic, somewhat helpful, helpful, very
helpful, and most helpful) to review the reviews. This study transforms
the grading mechanism into the range of integers from −2 to 2 to
measure the reviewers' credibility.

Finally, we aggregate the scores generated from the four modules in
the framework (i.e., IS, ES, FS and RS) to calculate the importance
weighting of each review author. The aggregated importanceweighting
score of an author ui is formulated as:

AS uið Þ ¼ αIS uið Þ þ βES uið Þ þ γFS uið Þ þ δRS uið Þ; ð5Þ

whereα,β,γ, and δ are differentweights of the factors (e.g. influence, ex-
pertise, fitness, review). In this research, we use principal component
analysis (PCA) [18] to obtain theweight setting and select the reviewers
whose importance weighting score is higher than 0.5 as domain
experts. The total variance explanation table is shown in Table 2.

4.4. Sentiment classification

To identify the sentiment tendency of the sentence, we have to ac-
quire the Senti-Wordnet database first. The database contains the POS
of each word and its positive or negative score. This study uses adjec-
tives and adverbs for sentiment analysis, and there are in total 18,156
adjectives and 3621 adverbs. After the POS tagging process, the system
obtains a total of 3657 adjectives and adverbs from the product reviews.
The data of Senti-Wordnet are used in a comparison with the adjectives
and adverbs recognized by the proposed system in order to calculate
their polarity. If the positive score is greater than the negative score,
the word will be tagged as 1; otherwise, the word will be tagged
as −1, and if the positive score equals the negative score, the word
will be tagged as 0.

4.5. Product portfolio generation

This proposed system also generates the portion distribution of dis-
cussions (as a percentage). The ratio of discussion is shown in Table 3. A
feature that has a higher discussion ratio implies that a customer may
consider it as a purchase consideration of high priority. This can help
developers to adjust the development strategies for different product
features when producing new products.

According to the feature dictionary (inches, megapixels, and so on)
and the polarity words recognized by the sentiment analysis, the
inferred feature specification is produced and outlined in Table 4.

5. Results and evaluation

5.1. Market prediction accuracy

To verify the effectiveness of the proposed mechanism, we compare
each feature contained in the inferred feature specification with the
sales amount of the top five smart phone touchpads on Amazon.com
on 31 May 2012. As Amazon.com is the largest electronic commerce
website, its sales rankings have high representativeness and credibility.
The features of the top five cell phones are shown in Table 5.
Product C Product D Product E

4.3 in. 4.52 in. 4.5 in.
1.4 Ghz 1.2 Ghz 1.5 Ghz
8 megapixel 8 megapixel 8 megapixel
512 MB 1 GB 1 GB
6.7 h 8 h 6.7 h



Table 6
The feature importance distributions generated by different approaches.

Feature No filter Authority Knowledge

Screen 17.50 16.30 15.75
Processor 3.81 3.79 5.54
Communication 6.22 6.92 7.27
Camera 15.53 15.94 17.09
Multimedia 17.28 16.73 16.14
Battery 11.09 11.43 8.05
Operating system 22.63 23.26 23.02
Other feature 5.95 5.64 7.14
All 100 100 100
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Fig. 5. Effectiveness ratings of different approaches.
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We also generate the feature specification and importance distribu-
tion based on other benchmark approaches—(1) traditional voting (no
filter), (2) reviewer's authority based, and (3) reviewer's knowledge
based. The feature importance distributions and the inferred feature
specifications, which are produced by the no filter, authority, and
knowledge approaches, are shown in Table 6 and Table 7.

The effectiveness comparisons are conducted in the following steps:

(1) Examine whether the features generated in the inferred feature
specification are contained in the top five cell phones. If a feature
is contained, the feature item will be tagged with a score using
the weight (percentage) specified in the feature importance
distribution table.

(2) Sum the scores of all the contained features and normalize the
total score into a five-point Likert scale.

(3) Compare the Likert score produced by different approaches with
the product ratings shown on Amazon.com.

The comparisons of rating results with respect to different products
are shown in Fig. 5. We can observe that the prediction of our proposed
approach (social design) is most close to the actual user evaluation for
all the products. Fig. 6 shows theMAEs (mean absolute errors) generat-
ed by the different approaches. It is apparent that the proposed social
design approach outperforms all the other benchmark approaches.

We further compare the accuracy of the predicted range of inferred
feature specifications by the distance between the placement position
and the upper and lower bounds, as shown in Eq. (6).

distance ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
p−lð Þ2 þ u−pð Þ2

q
; ð6Þ

where p stands for the placement position and l and u represent the
upper and lower bounds. If an inferred feature specification contains
the feature and has a smaller range, the recommendation has higher ac-
curacy. After normalization, the results are shown in Fig. 7. The seg-
ments closer to zero stand for the predicted scope being closer to the
target value. Fig. 7 indicates that the proposed mechanism has a higher
level of accuracy than the other benchmark approaches. Notice that a
narrower range of the inferred feature has significant economic implica-
tions. For example, the narrower range of the predication means the
smaller range of inferred features, which have already matched the re-
quirements of the majority of consumers. Hence, the product provider
only needs to consider this small range of this feature when producing
a new product. It can save a lot of production costs.
Table 7
The inferred feature specifications generated by different approaches.

Category No filter Authority Knowledge

Screen size 3.1–4.3 in. 3.5–4.3 in. 3.7–4.3 in.
Processor 600–1.2 Ghz 800–1.2 Ghz 600–1.2 Ghz
Camera 3–8 megapixels 5–8 megapixels 5–8 megapixels
Built-in memory 256 MB–1 GB 256 MB–1 GB 256 MB–1 GB
Battery 5–12 h 5–8 h 6–10 h
By observing the reviews, we find that regular people usually
express their feelings directly, such as why they chose this phone or to
illustrate some specific features, but people who have related knowl-
edge describe the overall feature in more detail. Furthermore, they
may list the pros and cons of the product. Thus, they can provide better
opinions than the results presented in Figs. 7 and 8. The authority
approach has greater performance. An influential person can publish
persuasive reviews affecting other people's purchasing intention and
be followed by a large number of people. However, the knowledge
approach does not perform as well as the authority approach.

We further evaluate whether the type of product will influence the
result of the social intelligence mechanism or not. We select two other
products (cameras andPC laptops) tomeasure thedifference. According
to the electronics product launch schedule, the system collects one year
of data, from April 2011 to April 2012, and acquires the sales of the top
five products on 31 May 2012 from Amazon.com in the same way. This
research calculates the MAE of five-star rating and the score that is
produced by themechanism (Fig. 8). The study also calculates theplace-
ment position of the product features with the upper and lower bound
distances due to the scope size problem mentioned above (Fig. 9).

The results indicate that the MAE and the distance scope of PC
laptops are higher than those for the other two products. Because the
average price of PC laptops is higher than the price of the other items,
customers performmore consideration (gaming, small business, family
use, etc.) when purchasing. For example, customers want the processor
of their PC laptop to have high performance when playing video games.
In contrast, office workers would prefer a smaller screen size for ease of
carrying. This situation may decrease the forecast of the feature impor-
tance distribution and inferred feature specification. Despite the
demand difference problem, the accuracy of the proposed social intelli-
gence mechanism is still higher than that of the other approaches.
5.2. Consumer acceptance evaluation

We further used questionnaires to evaluate whether the result is
consistent with the consumer acceptance. We invited people who have
bought a smart phone or been willing to buy a smart phone recently to
be respondents. The questionnaires were collected from 5 May 2012 to
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Fig. 6. The MAEs of different approaches.
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10 June 2012 and 103 responses were received in total. The question-
naire has two parts: the first one requires the respondents to write
down the specification of their own cell phone, and then they rate the
specification from 1 to 5 points. It is assumed that people like this spec-
ification when the point is greater than or equal to 3. On the contrary, a
point is less than 3 implies that they do not like this specification and 0
represents no opinion. The preference of respondents for cell phones is
shown in Fig. 10.

This study regards people as likely to accept the result of inferred
feature specification in the following two conditions:

(1) The specification is in the scope of the inferred feature specifica-
tion and people express that they like this specification.

(2) The specification is not in the scope of the inferred feature spec-
ification and people express that they dislike this specification.

This research calculates the acceptance rate of each feature accord-
ing to the rule mentioned above. The result is shown in Table 8 and
the average acceptance rate reaches 75%.

Another part of the questionnaire gives the respondents eight cate-
gories of features and requires them to rank the categories according to
their considerations when purchasing a cell phone. This research sets
the first rank as eight points and the rest may be deduced by analogy.
After summing all the scores, the results are shown in Fig. 11.

This work compares the rank of the feature importance distribution
produced by the social intelligence mechanism with the questionnaire
(see Table 9).

We use the Kendall tau rank correlation coefficient (Kendall's τ) [19]
to compare the ranking similarity between the questionnaire and the
social design mechanism, as shown in Eq. (7).

τ ra; rbð Þ ¼ nc−nd

nc þ nd
; ð7Þ

where r stands for the different rankings and nc and nd represent the
number of concordant and discordant pairs. The value lies between
−1 and 1, and it equals to 1 when the ranking results are completely
the same. The statistic result is shown in Table 10, and it indicates that
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Fig. 8. The MAEs of different products.
the ranks of the questionnaire and the social designmechanismare sim-
ilar. The result also shows that when talking about cell phones, most of
the consumers are concernedwith the features of cell phones' multime-
dia, camera, and operating system. It is very intuitive; nowadays, the
smart phone is becoming increasingly popular. People can download
different applications at will and receive emails, watch videos, and
browse the Internet anytime and anywhere. They also use cell phones
to take pictures and upload the pictures to Facebook or Twitter. Thus,
themultimedia, camera, and operating system have a higher discussion
percentage.

To summarize the evaluation discussion, the results of the sales
amount and questionnaires show that the feature importance distribu-
tion and the inferred feature specification are not only consistent with
the market, but also consistent with the consumer need. The proposed
system can produce accurate suggestions for developers to make better
decisions on designing their product portfolio.

6. Discussion and conclusion

Social media empower customers to share their comments on
brands or products instantly and provide an open and accessible
resource to allow enterprises to become closer to their customers by
analyzing customer opinions and deriving market intelligence. Taking
the opinions of customers into the business as beneficial resources will
gradually become an essential trend. It will greatly enhance enterprises'
competitive advantage when they utilize collective reviews from social
media and derive insights for new product development.

In order to discover relevant market intelligence on product portfo-
lios, this study analyzes the opinions expressed by influential reviewers
who have high levels of knowledge and experience of the target prod-
ucts. Through the relationship of people and their profile, the proposed
system could identify the appropriate domain experts of high authority
to filter meaningless data and improve the quality of the information,
thus helping enterprises to reduce their cost and time consumption.
Our experimental results show that the proposed social intelligence
mechanism outperforms that of other benchmark approaches in
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Fig. 10. User acceptance evaluation.



Table 8
The accuracy of each feature.

Screen Processor Memory Camera Battery

Acceptance rate (%) 75.47 81.13 73.58 71.70 71.70

Table 9
The rank of the feature category.

Rank Questionnaire Social design

1 Operating system Operating system
2 Multimedia Multimedia
3 Camera Camera
4 Screen Screen
5 Battery Battery
6 Processor Communication
7 Communication Other feature
8 Other feature Processor
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predicting market trends and customer acceptance in new-generation
product design. According to the individual opinions and experiences
expressed in social media, this proposed framework can effectively
produce the feature importance distribution and the inferred feature
specification for enterprises tomake decisions for newproduct portfolio
development. The proposed framework is particularly applicable to
those product types with clear product features, shorter product gener-
ation life cycle, and trending products.

6.1. Research contributions

The research contributions and practical contributions of this paper
are summarized as follows. Firstly, from the system design perspective,
we integrate the opinionmining and social network analysis techniques
to build social intelligence from social mediawhich can help enterprises
observe the trend of next-generation product development. The major
applications of opinion mining are analyzing product reviews [3,5], or
derivingmarket intelligence for supporting decision-makers [23]. How-
ever, the support of practical applications for new product development
is still insufficient. The proposed system can automatically generate in-
sights (inferred product feature specification and feature importance
distribution). According to the generated information of product fea-
tures, developers can refer to the cost and the selling price of the prod-
uct to decide which features should be added into the next-generation
of product first, and then formulate the development of product specifi-
cations. Secondly, from the methodological perspective, the proposed
social intelligence mechanism allows us to identity the important
reviews so as to balance the quality (wisdom of the professionals) and
quantity (wisdom of the crowds) of online reviews by synthesizing
the components of knowledge analysis and authority analysis and to
analyze corresponding opinions to derive the popular product features
by use sentiment analysis. Comparing with most of the existing works,
the proposed mechanism considers more comprehensive factors such
as review's fitness, reviewer's expertise, reviewer's influence, and
review rating to evaluate the importance of a reviewer. The authority
approach can make up some drawback from the knowledge approach.
For example, the advertisers who mention a lot of product features
and publish the reviews in the same categorywill cause the high knowl-
edge score. By combining with the authority approach, this kind of
reviews will be filtered effectively so as to further enhance the overall
quality of information. Thirdly, from the practical perspective, themeth-
od of focus groups used in traditionalmarket research present problems
the problems of small data quantity, huge cost of expense, and long-
time consumption. The proposed mechanism can automatically gather
opinions expressed in public and analyze preference information from
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Fig. 11. Score ranking of product features.
socialmedia to improve the effectiveness of newproduct design. The in-
ferred product feature specification shows the consumers' acceptable
scope of every feature specification of the product. The product feature
importance distribution indicates the public discussion proportion of
each feature which can be inferred as the priority of consumer decision
making. With these outputs, the enterprise can understand the market,
knowing which features of their product are vital and how the cus-
tomers want it to be. Fourthly, from the empirical perspective, utilizing
the Epinion.com and Amazon.com platform, we verify that our pro-
posed mechanism can effectively suggest the cell phone product's fea-
ture specification and importance. The product feature specification
generated form the reviews on Epinions.com is consistentwith themar-
ket evidences according to the sales amount (sales of top five cell phone
form Amazon.com). For cell phones, the features of their multimedia,
camera, and operating system are the top priority for consideration.
6.2. Limitations and future studies

There are some research limitations and several extended studies
that can be further undertaken. Firstly, while this research recognizes
the domain experts to measure the importance degree of each opinion,
it does not take their basic profiles (occupation, age, gender) into
account. In the real world, the product design process may focus on dif-
ferent customer groups. Secondly, in this study, we discover that several
products in the top sales belong to the same brand and some brands
generate a relatively large number of discussions. Although this study
does not discuss brand loyalty and the snowball effect, we believe that
the brand could be one of the important factors that influence the pur-
chase intention. Thirdly, utilizing the proposed mechanism, enterprises
can improve and refine their products and produce the next generation
of products for themarket. In this cycle, the system plays a role of prod-
uct evolution. However, the system cannot achieve a product revolu-
tion. For example, this study cannot propose the suggestion of new
technology that can be added to the next generation of products. The
issue of how to achieve the product revolution is worth studying. Lastly,
the experimental data are acquired from Epinions.com. There are still
several online review websites like Amazon.com or CNET that have
some different properties. An extended work could conduct experi-
ments over different social media and heterogeneous products. Diverse
social media data can help enterprises make a comprehensive survey of
the market.
Table 10
Kendall's tau rank correlation coefficient.

Questionnaire Social intelligence

Questionnaire Correlation coefficient 1.000 0.857⁎⁎

Sig. (2-tailed) 0.003
N 8 8

Social intelligence Correlation coefficient 0.857⁎⁎ 1.000
Sig. (2-tailed) 0.003
N 8 8

⁎⁎ The mean difference is significant at the 0.05 level.
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