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Abstract Evaluating the innovation of a new idea before its implementation
is a complicated but important phenomenon as it plays a critical role in the
success of a product. The literature widely uses sentiment analysis as a tech-
nique for product designers to ascertain users’ opinion towards an idea before
its implementation. However, that technique focuses only on determining the
opinion of users studied. It does not assist designers in providing insights in
terms of what needs to be done to propagate the popularity of the idea further
to ensure its success. One framework by which this can be done is by consider-
ing social network structure and representing users as nodes of that network.
In this paper, we investigate how a social network structure can be used to
influence a user’s opinion among the society. Our proposed framework consists
of four main components, namely data collection, sentiment extraction, budget
approximation and presentation. After gathering customers’ comments in the
data collection phase, the opinion of users who have expressed it is analyzed
in the sentiment analysis phase. The budget approximation component then
determines the cost of spreading positive opinion among the network of users,
including those who have not given it. For that, influence maximization is used
to compare the cost of convergence of the general opinion of society in the di-
rection of innovation. In presentation component, the comparative information
will be used by product designers to assist them in determining the viability
of selecting an idea for implementation. The simulation results show that the

Fateme Akbari
Degroote School of Business, McMaster University, Hamilton, Canada
E-mail: akbarif@mcmaster.ca

Morteza Saberi
School of Information, Systems and Modelling, University of Technology Sydney, Australia
E-mail: morteza.saberi@uts.edu.au

Omar K. Hussain (Corresponding author)
School of Business, University of New South Wales (UNSW), Canberra, Australia
E-mail: o.hussain@adfa.edu.au



2 Fateme Akbari et al.

network structure and the individuals’ positions are important factors in the
acceptance of an innovation by society. This framework can be used to com-
pare different innovative ideas and provide decision makers in organizations
with informative reports as decision support materials.

Keywords Innovation Evaluation · Decision Support System · Product
Development · Influence Maximization · Social Network

1 Introduction

In the current proliferated and competitive market, product developers have
the challenging task of introducing innovative products that will stand the test
of time. They achieve this by utilizing the well-known process of New Product
Development (NPD). As shown in Figure 1, the NPD process starts with the
step of idea generation, in which ideas to make the product in question inno-
vative are generated, and ends with the step of commercializing, in which the
selected innovative ideas are introduced in the market. However, as shown in
Figure 1, between these two steps product designers need to do many other
steps. Our focus in this paper is on the step of idea screening. The objective of
this step is to consider all the generated ideas from the step of idea generation
and weed out those ideas from passing to the next steps of NPD, that are not
innovative. Among the various decision criteria used by the product designers
to achieve the aim of this step, the ability of an idea to make the product
innovative is one of them.
However, according to Hagedoorn and Cloodt (2003), innovation is a com-

plicated metric and cannot be measured or judged by a single indicator. Fur-
thermore, with the constant evolution of computing paradigms, the process of
evaluating the success of an innovative idea has changed, from being a closed
process to an open one. In the closed process, the success of an innovative idea
was judged and decided by the product designers themselves. However, with
the growth of User-Generated Content (UGC) in social media, this changed in
the open process where the opinion of the end users and customers on whom
the success of an innovative idea depends on, is taken into consideration by the
product designers when deciding about the success of an idea. This is because,
in recent years, we have observed the rapid development of social media, which
has drastically transformed the way by which people communicate and obtain
information. In the business field, consumers increasingly rely on other users’
reviews to evaluate products and services prior to making a purchase. Thus,
such user-generated content provides an excellent platform for product devel-
opers to understand consumer sentiment and visualize relationships between
them to pre-determine if an idea will be innovative or not.
True to its importance, the use of user-generated content to evaluate the level
of innovativeness of ideas while NPD has attracted much attention Markham
et al. (2015); Mirtalaie et al. (2017a); He et al. (2015); Rathore et al. (2016);
Jeong et al. (2017); John (2014); Mirtalaie et al. (2017b). However, most of
this work focuses on considering the customers’ sentiment values which they
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Fig. 1: New product development Process

have expressed towards the ideas in question. Although this provides valuable
information to the product designers to judge the feelings of the customers
that have expressed their opinion, it does not capture the multitude of other
social media customers who have not expressed their opinion, and for whom
the product designers are not sure on how will they judge the innovation
of a particular idea. However, considering such unknown opinion of the cus-
tomers’ is important because as mentioned in the literature, an individual’s
decision whether to adopt a product or innovation is extremely dependent on
the choices made by its individual peers or neighbors Bharathi et al. (2007).
For example, it may be the case that a person whose opinion is known and
has a negative opinion may be a very influential person, who will impact other
people opinions. So in such case, even if there is only one person with a neg-
ative opinion, the product designers should know it to develop appropriate
strategies to overcome them.
We address this problem in this paper by making a social network structure of
how users are linked in the form of a graph and studying it. In our proposed
framework, by using the graph structure we focus on the position of users
whose opinion is known and aim to examine the impact of the dissemination
of this opinion on the unknown members of the society (graph structure) to
achieve a more realistic estimate of their acceptability of the innovation level of
the idea in question. It is worth mentioning that the problem of influence and
spreading in networks has been widely studied Ballester et al. (2006); Galeotti
and Goyal (2009); Kempe et al. (2005); Soma et al. (2014); Shirazipourazad
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et al. (2012); Wu et al. (2015); Zhang et al. (2016); Tzoumas et al. (2012); Alon
et al. (2012); Borodin et al. (2017) but we note a research gap in the literature
on using the social network structure and the structural position of members
with positive or negative opinion about an idea in measuring the success of an
innovation. This will be addressed in this paper whose main contributions are
as follows:

– Presenting a novel framework for innovation evaluation with an emphasis
on the possibility of opinion cascade.

– Considering the impact of network structure on the acceptability of inno-
vation and the estimation of potential customers’ behavior.

– Pay attention to the individuals’ position in the network in addition to
considering the content of their comments.

– Analyzing the proposed framework using simulation.

The remainder of the paper is organized as follows. Section 2 provides a review
of application of sentiment analysis and influence maximization in business.
Section 3 proposes a framework for innovation evaluation based on social net-
work. Section 4 describes how a social network can be used to measure and
propagate the innovativeness of an idea. Simulation results are presented in
section 5 Finally, Conclusions and future research are given in Section 6.

2 Literature review

According to Baregheh et al. (2009) innovation is the multi-stage process
whereby organizations transform ideas into new/improved products, service
or processes, in order to advance, compete and differentiate themselves suc-
cessfully in their marketplace. Since implementing innovations burden financial
cost on firms, innovation evaluation plays an important role in the success of
innovative ideas in companies. Frishammar et al. (2019) believe existing in-
novation evaluation frameworks neglect some major trends in real world.one
of the most important of them is shifting from an analog to a highly digi-
talized world. Bilgram et al. (2019) focuses on the role and characteristics of
lead users in online communities to decrease the risk of innovation acceptance
by customers. There are several works with the aim of providing metrics for
assessing evaluations in terms of cost, the likelihood of success or competitive-
ness Rietzschel et al. (2010); Georghiou (1998); Hart et al. (2003); Boly et al.
(2014). Bad metrics can lead to poor diagnosis, which in turn results in bad or
poorly designed policies with unintended consequences Milbergs and Vonortas
(2004). Madźık (2019) considers four criteria to calculate idea priority number.
Market share potential is one of the criteria so that the more score an idea get
for market share potential, the more chance it get to be successful. Olshavsky
and Spreng (1996) is directed toward understanding the process of innovation
evaluation by customers to understand this process in order to present an in-
novative product in a more effective way and thus increase the likelihood that
consumers will respond to the innovation favorably.
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In order to succeed in a competitive market, innovation must be able to meet
the needs of a large part of the users in a distinct way from competitors consid-
ering the customers’ preferences. Therefore, the importance of customer feed-
back/review in innovation evaluation is undeniable. Recently, social network
analysis has attracted a lot of attention on a variety of topics, including inno-
vation management and new product development in order to convert a large
amount of qualitative information into qualitative insights on product features
and innovative ideas so that companies can make informed decisions Ireland
and Liu (2018). Salehi and Taghiyareh (2014) used multi dimensional opinion
cascade to present managerial dashboards improving organizational market-
ing strategies. A social media competitive analytics framework with sentiment
benchmarks is presented in He et al. (2015) a competitive analytical tool for
business-driven social media is developed to analyze tweets associated with
five major retail companies with the aim of generating meaningful business
insight reports. In Hajikhani et al. (2017) user-generated content (UGC) in
social network services is analyzed using advanced text analysis techniques. In
this work, a comparison between UGC polarities in the sense of being positive
and negative is made. They discuss the relationship between UGC polarity
in social media and other major innovation ranking indexes. Ozaygen and
Balague Ozaygen and Balague (2018) conducted a network analysis based on
participants’ ideas and comments and found that activities such as present-
ing ideas, commenting on ideas, and various network centrality degree impact
on the positive evaluation received or given by participants. They show that
network position criteria of participants are key indicators to analyze idea eval-
uation process on current crowd innovation contests. Innovation diffusion has
been extensively employed to study innovation evaluation. Leite and Teixeira
(2012) shows that network size, informational spillovers, and the behavior of
innovation prices are important factors in forming the diffusion process. In Kim
et al. (2011), a model is presented in which a consumer bases its multi-attribute
decision-making on fuzzy TOPSIS and three purchasing forces influence The
decision-making process: experts product information provided by mass media,
subjective weights on product attributes assigned by individual consumers and
social influence. They have demonstrated that the network structure affects
the speed of product diffusion. Opinion formation process is considered as a
predictive method to anticipate the popularity of different products in social
marketplace Salehi and Taghiyareh (2016, 2019). They applied Agent based
modelling method and introspective agents to model and simulate opinion
formation process in a social marketplace to predict the pattern of user pref-
erences toward different products. Kim and Hur (2013) analyzes the impact of
different influence relationship structures existing among individuals. In Pe-
goretti et al. (2012), the impact of different information regimes on innovation
diffusion and competition is taken into account. They differentiate between a
perfect information situation, in which customers are perfectly informed about
the existence of different innovations and an imperfect information situation,
where not all potential customers are informed about innovations availability.
Despite these numerous works in the application of social analytics in innova-
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tion management and NPD, we notice a gap in existing works that the impact
of social structure in innovation evaluation is almost neglected. Considering
relationships among individuals and identifying influential people in the net-
work can lead to better innovation management through estimating the cost
of spreading positive opinion about an innovation or new product among cus-
tomers.
Also, there are several works in viral marketing that aim at finding best mea-
sures to select a subset of customers for a marketing campaign, in order to
achieve a maximum dissemination of messages. If information about the cus-
tomer network is available, centrality measures provide a structural measure
that can be used in decision support systems to select influencers and spread vi-
ral marketing campaigns in a customer network Shirazipourazad et al. (2012);
Wu et al. (2015); Zhang et al. (2016); Wu et al. (2013); Kiss and Bichler
(2008); Kratzer et al. (2016). In recent years, we have observed the rapid de-
velopment of social media, which has drastically transformed the way in which
people communicate and obtain information. Currently, social media has be-
come ubiquitous and plays an increasingly critical role in today’s business en-
vironments. A number of companies use social media tools such as Facebook
and Twitter to provide a variety of services and to interact with customers.
As a result, a large amount of user-generated content is available on social me-
dia sites. User-generated content offers opportunities and challenges to busi-
nesses. In the business field, consumers increasingly rely on user-generated
reviews to evaluate products and services prior to making a purchase. Thus,
companies are expected to harness this user-generated data to extract entities
and themes, to understand consumer sentiment, to visualize relationships and
to create their marketing intelligence to excel in the business environment.
In particular, organizations can benefit from User-generated content analysis
to become aware of customers’ opinion about their products and innovative
ideas. Advanced data analytics is one of the most revolutionary technological
developments in the 21st century, which enables us to discover underlining
trends via sophisticated computational methods. On various e-commerce and
social platforms, millions of online product reviews are published by customers,
which can potentially provide designers with invaluable insights into product
design.
Despite the importance of social network structure, there is a research gap on
the impact of social network structure and the structural position of members
with positive or negative opinion about an innovation in the success or failure
of an innovation. In our proposed framework, we focus on the importance of
the graph structure and position of individuals with the aim of examining their
impact on the dissemination of opinion in society in order to achieve a more
realistic estimate of the acceptability of innovation in the customer network.
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3 Proposed framework

In the current business world, social media plays a major role in shaping the
opinions of people in society. Social networks as a means of expressing opin-
ions of individuals contains a wide range of information about the views of
people in society around various issues. So gathering and reviewing these user
generated contents will play a significant role in determining the marketing
strategies. Our proposed framework for evaluating the innovativeness of ideas
by using social network structure consists of four components as shown in Fig-
ure 2.
The first component is data collection that collates the data required for fur-

Fig. 2: The proposed framework for innovation evaluation through information
propagation in a social network

ther analysis in the next components. The data collation is done at two levels,
namely feature extraction and feature data gathering. At feature extraction
level, the objective is to identify which existing features are close representative
to the idea whose innovativeness is being evaluated. Such identified features
form the basis in the feature gathering level, for gathering relevant information
from the potential customer community. For example, let us suppose we want
to examine the innovativeness of using face recognition in a gadget. This can
be done by first extracting the relevant features of that idea (face recognition)
and then either holding a campaign to have explicit opinion of customers on
that idea or capturing customers’ comments from social network about that
idea in products with similar features, such as the mobile phones, and review-
ing them.
This leads to the second component of the framework, namely sentiment ex-
traction. In real world scenarios, not every person expresses his/her opinions
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about an issue. So, from the customers’ community (formed social network
structure) used in feature data gathering task, we may have a group of cus-
tomers who have expressed their opinion while another group have not. How-
ever, as our objective is to make a good representation of what customers think
about the innovativeness of our idea, we need to know the opinion of the whole
customer community. For this, we divide the customers’ community into two
parts; namely known and unknown. Known represents those customers’ who
have expressed either their +ve or -ve opinion towards the idea whereas un-
known represents those customers who have not expressed their opinion. +ve
refers to positive atitude of customer towards an idea so that make him adopt
it while -ve represents negative attitude. The objective in this component is
to determine the sentiment of the opinion expressed by the known customers
(nodes of the social network structure) and then use it as a basis to determine
the level of innovation of the whole customer community towards an idea. This
is by considering the connection between the known and unknown users.
This will be done in the third component of the framework, namely budget
approximation. Our objective in this component is to estimate the cost of prop-
agating the positiveness about an idea among the unknown customers by using
the sentiment of the known customers. We do that by defining budget as the
metric, which determines the number of customers (nodes) from the unknown
group whose opinion needs to change to make the overall opinion of commu-
nity towards an innovation idea as positive as they need. In other words, this
component for an idea approximates the budget needed to impress the nodes
which are representation of whole community beyond a certain threshold, to
ensure that it is accepted by the customers when introduced. This analysis is
utilized in the fourth and last component for decision-making.
The fourth component of the framework is presentation in which the analysis
of the previous components is used for decision-making. In this component, a
report will be generated which provides decision makers (product designers)
with comparative information on the various potential innovation ideas being
analyzed. The top ranked ones can be selected further for implementation by
the product designers depending on how much resources they can invest. In
our previous work, we have developed approaches that assist product design-
ers in the data collection and feature extraction phases Mirtalaie et al. (2018,
2017a,b). Our focus in this paper is on the third component of the framework,
namely budget approximation. As discussed earlier, the objective of product
designers in this component is to assess two aspects. The first is to assess the
position of users whose opinion is known and aim to achieve a realistic estimate
of their acceptability of the innovation level of the idea in question. Based on
that, the second is to determine how much of effort do the product designers
need to invest to change the opinion on the unknown members of the society
(graph structure) if they want to increase the innovativeness of an idea. We
explain that further in the next section.
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4 Using social networks to assess and propagate the innovativeness
of an idea

To explain our proposed approach of how social networks can be used to
determine the innovativeness of an idea and propagate it further among nodes
whose opinion is unknown, let us consider the social network structure as
shown in Figure 3a. From this figure, we see that node A, which is a known
customer with a positive opinion is connected to other nodes of the network,
whose opinion is neutral or non-negative at this stage. So, in the current state,
the level of innovativeness of an idea being evaluated is very low, as only one
node out of the fourteen is known to be as positive.
To measure the second aspect of how much of an effort does the product

designers have to make to propagate the innovativeness of an idea further in
the network, we assume that for each unknown node if a pre-specified portion
(in this case, 50%) of its neighbors are positive to an opinion, then that node
accepts that opinion too. So, when node A is positive towards an opinion and
becomes active (which refers to a node who has positive opinion about the
idea), then among its neighbors (B, E, F , G, I, J , K, H), in the first step
only four nodes (E, F , G, I) as shown in Figure 3b, will be affected by the
opinion of node A. This is because at least 50% of neighbors of these nodes
are active. For example, F and I have two neighbors which among them, one
(A) is active and E and I have just one neighbor, A which is active. But for
nodes B, J , K and H, less than 50% of nodes are active, so these nodes will
not become active at this step. In the second step, there are five active nodes;
A, E, F , G, I, and these nodes will affect their neighbors B and J to become
active, as shown in Figure 3c. The opinion of other nodes will not change
because less than 50% of their neighbors are active. This will change in the
next step, as shown in Figure 3d where nodes C, D, K will become active. In
the next step, node H will become active as shown in Figure 3e and in the
next step, nodes L, M will become active as shown in Figure 3f. Finally, in
the last step, node N will become active as shown in Figure 3g.
Using such an approach, the product designers can determine not only how
much of effort they need to propagate the innovativeness of an idea among the
unknown nodes but also the influential node of the network to start the process
from. The above analysis shown in Figure 3 is based on starting the process
from node A. Let us suppose that instead of node A, node I is activated at the
initial stage. This will not result in any change in the opinion of other nodes.
However, in the case of selecting node D, only node C will change his/her
opinion. This demonstrates the importance of determining the inferentiality
of the starting node and its role in propagating the innovativeness of an idea
among unknown nodes. For example, with a slight change in the structure of
the network by adding two links (E−C and B−I) from Figure 3a as shown in
Figure 4, node A is not as influential as how it was in Figures 3a to 3g. In other
words, it can only influence nodes F and G of the network from the fourteen
available nodes. Therefore, apart from the structural position of each node in
the network the overall structure of the network too plays an important role
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(a) (b)

(c) (d)

(e) (f)

(g)

Fig. 3: The process of opinion diffusion among nodes of a social network

in opinion diffusion.
Despite the importance of social network structure, there is a research gap on

the impact of social network structure and the structural position of members
with positive or negative opinion about an innovation in the success or failure
of an innovation. In our proposed framework, we address that by focusing on
the importance of the graph structure and position of individuals with the aim
of examining their impact on the dissemination of opinion in society in order
to achieve a more realistic estimate of the acceptability of innovation in the
customer network.



Title Suppressed Due to Excessive Length 11

Fig. 4: The effect of network structure change in opinion diffusion

5 Using social network to propagate the innovativeness of ideas

In this section, we present by using simulation how social network can be used
by product designers to determine and propagate innovativeness of ideas while
developing new product. For basing the results on real-world data, we exploit
the Amazon book review dataset He and McAuley (2016) and assume that
each book in that review represents an innovative idea. We extract 23 ideas in
this step. In the second component of the framework, we analyze the relevant
reviews on each book and use the method presented in Socher et al. (2013) to
identify the sentiment associated with each review. For sentiment analysis a
Treebank which consists information about the sentiment of phrases is used.
For each sentence, the Treebank as shown in Figure 5 is constructed by ex-
tracting its phrases and determining the sentiment of each of them.
The sentiment of each phrase in the treebank is determined by using Recursive
Neural Tensor Network (RNTN). This method receives a sentence as an input
and by forming a binary tree of the words and phrases in the text, extracts the
sentiment of phrases. Subsequently, it proceeds recursively on different levels
of the word tree to extract the sentiment of the entire sentence. The sentiment
of each phrase is determined over five levels, namely very negative, negative,
neutral, positive and very positive. However, in our approach we do not con-
sider the severity of the opinion. In other words, the polarity of negative and
very negative are considered as -1, neutral is considered as 0, and positive and
very positive are considered as +1. Figure 5 shows the tree of a sample review
statement.
The next task is to generate the social network that represents the customers
in whom the company wants to test the popularity of the idea. As the social
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Fig. 5: Tree of a sample review

Table 1: Structural features of generated networks

Feature Scale Free Complete graph Random graph WattsStrogatz
number of nodes 1000 1000 1000 1000
Average Degree 10 249 10 10
Density 0.01 1 0.01 0.01
Clustering Coefficient 0.0606 1 0.0102 0.717

network of individuals is not presented in dataset, we need to generate this
graph synthetically and then assign extracted sentiments for each idea from
previous stage to different individuals in order to simulate different potential
cases in real world. To construct the social network of individuals, in our simu-
lation we use four different types of graphs; namely complete graph in which all
nodes know each other, random graph in which links between nodes are gen-
erated randomly Bollobás (2001), WattsStrogatz network in which each node
generate a certain number of links to the next nodes and rewire the existing
links with a predefined probability Watts and Strogatz (1998), and scale free
network whose degree distribution follows the power law R and Albert-Lszl
(2002). Some structural features of generated graphs are presented in Table 1.
As we have a real data set of customer’s reviews which is used as the opinion

of customers but we do not know their social relations, we need to assign the
extracted sentiments to nodes in different types of graphs. For assigning the
sentiment of ideas to the nodes (or individuals) we used three methods, namely
random method, MaxMin and MinMax. In MaxMin method, positive senti-
ments, extracted in previous step, are assigned to nodes that have the highest
degree and negative extracted sentiments are assigned to nodes with the low-
est degree. Similarly, in MinMax method, positive sentiments are assigned to
nodes that have the lowest degree whereas negative sentiments are assigned
to nodes with the highest degree. In random method we assign sentiments to
nodes randomly. The pseudo-code for assigning the nodes with the sentiment
is presented in Figure 6. Nodes with no assigned sentiment are considered as
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INPUT: reviews ({��, ��, …, ��}), reviewers id, social network structure ( G(V,E) ), marketing budget 

(budget), assignment method ({M�, M�, …, M�}) 

OUTPUT: sentiment of each review, final state of graph after opinion diffusion for each budget 

FOR i = 1 … r DO: 

 sentiment <-  RNTN(��); 

 SentimentFile <- write(sentiment, reviewer id); 

END FOR 

FOR i = 1 … m DO: 

assign sentiment to reviewers in social network based on method M� 

Cascade positive and negative opinions based on LTM 

FOR b = 1 ... budget DO: 

Based on LTM and a greedy method Select b individuals whose positive opinion have 

maximum effect on social network  

Calculate agents with positive opinion (P), negative opinion (N) and neutral (L) 

BudgetFile <- write(M�, b, P, N, L) 

 IF L = 0 THEN 

  Break 

 END IF 

END FOR 

END FOR 

 

Fig. 6: The pseudo-code for assigning sentiment value to the nodes

those having a neutral sentiment. The number of nodes considered in the social
network structure is 1000. Figure 7 shows the initial distribution of positive
and negative sentiment for the 23 innovative ideas among 1000 individuals. A
decision based on this distribution leads in selecting innovative idea 12 as it
has the highest level of positive opinions for it. However, this decision output
does not consider the important point that for most other ideas, a large por-
tion of community is neutral, so there is a strong potential to impress them
by using opinion propagation.
Linear threshold model(LTM) Mark (1978) is used for opinion propagation

or influence maximization. This model describes the process of diffusion of an
opinion in the society. In this model, nodes are connected to each other with
weighted links. The sum of input links’ weights equals to 1 for each node. A
node is said to be active when it is exposed to an opinion and accepts it, and
it is said to be inactive when it is not exposed to an opinion or rejects it. An
inactive node becomes active if it receives and accepts the message. Also, a
threshold(θ) is defined for each node. In each step, if the total weight of the
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Fig. 7: The number of individuals with non-neutral (positive /negative) opin-
ions about different innovative ideas

input links from the active neighbors of a node is greater than the defined
threshold, the node will be activated. For example, in Figure 8, we have a
social network with four nodes and three links between them, v2 and v4 are
active at the time instant t. At time t + 1, the node v1 will be activated be-
cause w(v1, v2) + w(v1, v4) ≥ θv1 . We use LTM for modeling the distribution
on the network, we try to find the minimum number of people who can maxi-
mize the impact on the network. In our simulation activation threshold for all
nodes equals to 0.5 and the weight of each incoming link to node i equals to
1/Li, where Li is the number of incoming links for node i.
Figure 9 illustrates the number of nodes that have accepted innovation 1

according to the influence propagation/maximization strategy used. The hor-
izontal axis shows the budget which is used for influence maximization and
the vertical axis shows the number of nodes that have accepted innovation 1.
As mentioned before, we have extracted the opinion sentiment of people, but
we have no information about the structural position of people in the commu-
nity. Structural position of nodes is important in opinion propagation because
it can affect the amount of influence that they might have on other people
in the community. Thus, we applied three methods for assigning extracted
sentiments to nodes in the network; MinMax, MaxMin and Random. Using
these three different methods results in assigning positive, negative or neutral
opinion to people with different positions in the community. Now, we want
to analyze the effect of structural position on the budget needed to spread
opinion throughout the communities with different relational topology.
Figure 9a shows this information for the case when the social network is a
complete graph. In this figure, all three methods of initial assignment act the
same because the threshold for activating a node is 0.5 and in a complete graph
each node has n− 1 links, so half of the nodes must be activated so that the
propagation occurs. Therefore, in each step only the node which is activated
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Fig. 8: Node activation in Linear Threshold Model

by influence maximization budget is added to active nodes. Figure 9b shows
the information for the case when the social network is a random graph. In
this figure, all three methods of initial assignment act almost the same because
links are generated randomly and node degrees are almost similar. However,
the difference between structural position of nodes, which are selected for ini-
tial opinion assignment, resulted in minor difference in the number of affected
nodes. Figure 9c shows this information for the case when the social network
is a scale free graph. As the degree distribution follows power law, there exists
a few nodes with a high degree, named hub. These nodes usually play a criti-
cal role in opinion propagation. In this figure, there are distinct differences in
the budget needed for opinion diffusion throughout the network. In MaxMin
method, the hubs are being activated first, so the opinion is propagated among
more than 90% of individuals using only two units of budget. When random
method is used, more budget is needed for propagation throughout the net-
work. In Min- Max method, the negative opinions are assigned to the hubs, so
the opinion is propagated among network slowly. Figure 9d shows this infor-
mation for the case that the social network is a Watts-Strogats graph. In this
graph, we assume that there are n nodes and each node is assigned with an id
from 1 to n. there are two parameters; D for nodal degree and P for rewiring
probability for each link.
In the Watts-Strogats graph, each node generates a link to the D next nodes
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(a) (b)

(c) (d)

Fig. 9: Opinion diffusion using different assignment methods in (a) complete
graph, (b) random graph, (c) scale free graph and (d) Watts-Strogatz graph

and the last nodes generate links to the first nodes in a cyclic manner, so the
outgoing degree of all nodes is the same. Using MaxMin assignment method, 1
is assigned to the m first nodes (1 to m) in the graph and −1 is assigned to the
k last nodes (n−k to n), where m is the number of positive sentiments and k is
the number of negative ones. As in the simulation only the opinion of neutral
nodes can change, the first nodes’ opinion remains unchanged, and the prop-
agation of negative sentiment stops because nodes with negative sentiment
mostly have links to nodes with positive sentiment and cannot change their
opinion. For positive nodes, next D nodes are mostly neutral and the prop-
agation of positive opinion is probable. Using MinMax method everything is
reversed. It is noteworthy that, although the outgoing degree of all nodes is
similar, the position of nodes with positive and negative opinion and the dis-
tance between them in a graph can influence the opinion diffusion. Figure 9
illustrates that the position of nodes with different opinion can affect the final
opinion of the community.
Figure 10 shows that even by using the same method for assigning opinions

to nodes, the network structure can influence the way in which an opinion is
propagated in the society. In each of the graphs of Figure 10, we can see that
using any method of assigning opinions, networks with different structures
display different behaviors in such a way that it is impossible to establish a
specific ranking for the preference of the network structures or certain rules
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for decision making. Therefore, the dissemination of opinion and its impact on
the whole society in each case require a comprehensive and complete exami-
nation.
Regarding the graphs presented in Figure 9 and 10, it can be clearly seen

that the network structure and the position of each individual in the network
can influence the overall opinion of the community. Therefore, giving attention
only to customer reviews, regardless of the network structure and the position
of the reviewer in the network, can lead to inappropriate decisions. In this
simulation, we assumed that for each innovation, 30 units of budget are allo-
cated. For each innovation, we try to make the most impact on the network
with the lowest possible budget so that the highest number of people have
positive opinion about the innovation. In fact, the goal is to investigate the
amount of budget needed to make the most impact on the society. This budget
is considered as the innovation cost. In order to compare innovations, it should
be examined how much of money is required to affect the community so that
the most possible number of customers have positive opinion. The maximum
budget is 30. Thus, the simulation stops in two cases; first, when there is no
other neutral node to change his/her opinion, that is, all nodes opinions are 1
or −1. Second, when the marketing budget is over.
Figure 11 shows the final opinion of the society at the end of the simulation
considering opinion propagation. This figure shows the information for the
case when the initial distribution of opinion is random. Figure 11a shows the
information when the social network structure represents a complete graph,
Figure 11b shows it for a random graph, Figure 11c shows it for a Watts-
Strogatz graph and Figure 11d shows it for a scale free graph.
From the figure, it can be seen that for complete and random graphs, the

best possible idea is the same (Innovation idea 12) as Figure 7. This inno-
vation with a budget of zero influences nearly 50% of the community. In the
Watts-Strogatz graph, innovations 7, 8 and 11 affects almost all of the com-
munity but innovation 11 uses the least budget. Also, innovation 14 too is
worth exploring. Innovation 1 in the scale free graph has good conditions.
This innovation, even though uses the total budget, has been able to affect the
entire community. Thus, by using such analysis, product designers can make
informed decisions of which innovative idea should they choose and why.

6 Conclusion

In this paper, a framework for innovation evaluation is presented that considers
the social structure of customer network. The proposed framework consists of
four major components; a component for data collection, a component for ex-
tracting the sentiment of customers, a budget approximation component and
the presentation component. First, in data collection phase, data is gathered
considering related features to the innovations and it is used to analyze senti-
ment of customers. Then, the budget needed for spreading the positive opinion
about the innovation is estimated, and finally generated informative reports
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(a)

(b)

(c)

Fig. 10: Opinion diffusion in different graph structure applying (a) MaxMin,
(b) MinMax and (c) Random method
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(a) (b)

(c) (d)

Fig. 11: The overall influence and used budget for each innovation in (a) com-
plete graph, (b) random graph, (c) Watts-Strogatz graph and (d) scale free
graph

will be presented to decision makers. The proposed framework has been sim-
ulated using Amazon dataset, and results confirm the importance of taking
the network structure into account in making a decision about implementing
an innovation prior to product development. While novel, the proposed ap-
proach has directions of future work in which it can be improved further. In
this work, we assumed that the network is known while in several areas the
network is partially known, so the relation between nodes should be predicted
to create a graph closer to the real one. Although we assumed that the cost
of changing opinion for all nodes is the same, in reality, the cost of changing
people’s opinions varies. Moreover, the probability of unsuccessful attempts to
change the opinion of individuals should be considered. In our framework, we
only focused on positive opinion while in real world people may have negative
opinion toward a product or an idea. modeling the effect of negative opinion
can be considered to improve proposed mehod For the simplicity of the model
we assumed that all nodes have the same threshold of acceptance while users
are heterogeneous and have different acceptance thresholds that vary from one
to another and may also be affected depending on the type of product or idea
that is spreading in the network. Also, innovation evaluation in the presence
of other competitors is a challenging issue that could be considered. Another
aspect that can be considered is the allocation of variable budget to different
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ideas. Also applicability of the proposed framework in other applications like
political and organizational area can be investigated.
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