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Marketing companies explore several strategies with a fundamental goal of increasing sales; one such popular
emerging strategy is Social Media Marketing. People are more likely to adopt a product recommended received
from their acquaintances or based on product reviews. In this regard, a mixed influence model is used for
studying the effect of comments on a product post. Also, a Greedy discounting technique targeting potential
customers with an objective to maximize revenue as well as increase the social contagion. Here, we aim to
increase the influence on people by offering the product for free to potential buyers who are capable of influencing more people and then the product is offered at increasing price, i.e., decreasing discount rates and
increasing the revenue as well as the growth of the influence among customers’ acquaintances. Computational
experiments are conducted on real-world networks representing different scenarios with varying complexities
and tested the effectiveness of these algorithms.

1. Introduction
Online social networking sites have become a popular way to share
and disseminate information contents like the quality of the products,
price changes, delivery speed, recommendations, etc. Promotion
through these networks is a cost-efficient digital marketing method
thereby increases your business’ visibility. The massive popularity of
social networks has led to the adaption of different techniques with the
objective to maximize the spread of information about the content,
products, and ideas on these sites. Social networking sites have attracted millions of users in recent years that lead to generating a huge
amount of data. Hundreds of million posts and comments are published
daily on Twitter and other social networking sites like Facebook,
Instagram, etc. Among these social sites, Facebook and Twitter are
considered the most crowded ones. Facebook with 1.7 billion daily
active users (Shiau, Dwivedi, & Lai, 2018) has become one of the biggest influential platforms for boosting purchase intentions of consumers. This data directly or indirectly shows the interests or opinions
of the users on various topics. The more influential a user is - the wider
the spread of information (Subbian, Sharma, Wen, & Srivastava, 2014),
and it is considered as social influence. In online marketing, even the
product that is used for promotion should be chosen wisely (Yang &
Hao, 2011). Also, marketing strategies like advertising, product
launching and promotion schemes are chosen tactically. Due to such
constraints, occasionally it is challenging to predict the sales data. How
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social influence can be utilized to increase the sales of a product has
been addressed in this paper. In this paper, we worked with people’s
opinions and their influence on their neighbors. Also, proposed techniques for maximizing the influence considering their opinions and
social ties.
Lin, Li, and Wang (2017) stated that companies are investing a
significant part of their advertising budget towards social media for
reaching more customers across the globe. Nearly 69 million people
preferred online shopping in 2016, and it is expected that this number
reaches 120 million by the end of 2018 (http://www.assocham.org/
newsdetail.php? id = 6130). Posting time, posting frequency, posting
style, etc. effects the responses of social network users (Liu & Jansen,
2018; De Vries, Gensler, & Leeflang, 2012). Competing companies are
targeting online customers using different strategies to increase their
sales. Comments given by the users plays an important role in finding
the key influencers, and these comments lead to significant changes in
sales of the product. Several companies try to maximize their revenue
but fail to find an optimal way, where a specific group of people is
chosen and given discounts leading to revenue maximization. Based on
this motivation, to tackle this challenging problem, we have considered
influencers to address influence maximization using the discounting
method in a social network.
Recent research shows that the role of social media on user’s purchase decisions is pleasantly surprising. Two critical points affect the
individual’s decision towards a product. Firstly, the person’s own
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valuation about the product and the other is the opinion of peers about
the product (Kapoor et al., 2018; Liu, Cheung, & Lee, 2016; Liu, Huang,
& Zhang, 2016). Customer’s experience is associated with purchase
intentions and opinion about the product (Hsu & Tsou, 2011). Opinion
from weak ties is also effective when the opinion is delivered by a user
who has already purchased the product (Koo, 2016; Shiau, Dwivedi, &
Yang, 2017). This opinion may be in favor of or against a product;
social recommendations have a significant influence on an individual’s
decision (Chen, Lu, & Wang, 2017; Davis & Agrawal, 2018). The company has to recognize these two values before targeting a customer to
maximize their publicity. Influence on an individual can be of two
ways; one is the recommendations that they get from their friends and
the other way is by seeing the review comments that are posted about
the product. However, maximizing the influence to purchase the product plays a major role in increasing the sales of the product. In the
present paper, we propose a model for determining the influence created by the users by commenting about the products of a firm on social
networking sites. Further, it is shown how to maximize the influence of
individuals on a social network thereby leading to maximizing the
revenue using the discounting technique.
The remainder of the paper is organized in five sections. In the first
of these, a brief background on influence diffusion in social networks is
presented. In the next section, we described the problems for maximizing the revenue. The subsequent section explains our solution approach for determining and maximizing the influence in a considered
network. The section following that provides results and discussion
when applied these approaches in a real-world network. The final
section, Conclusion, summarizes and suggests future research.

maximizing influence in social networks and its improved versions are
also developed and compared with other models (Chang, Yeh, &
Chuang, 2018; Chen, Wang, & Yang, 2009; Wang, Cong, Song, & Xie,
2010). The authors focused more on the role of social networks in
spreading the information.
In summary, compared to the presented literature, this paper introduces the concept of estimating the increase in demand for a product
when it is advertised through social networking page. How the comments received on these posts affect the sales of a product is captured
through a mixed influence model. Moreover, information diffusion and
revenue maximization are acquired when users receive discounts to
motivate their neighbors for purchasing the product. Maximizing the
influence of individuals on a social network is obtained through greedy
discount approach.
3. Problem description
In the present era, social networks are used not only for connecting
people but also for promoting products and maximizing the influence of
a product that helps the company in maximizing their revenue (Hajli,
2015). In order to achieve this, key questions to be answered are 1. How
to predict the increase in the sales when the product diffuses in social
networks and 2. How to maximize the influence of purchasing a product
based on the recommendations from the peers in a network. To tackle
these questions there are some efforts made by Ballantine, Lin, and Veer
(2015) and Babaei et al. (2013), and we are extending it by proposing
different solution approaches. Usually, the new arrivals will get posted
in social networks on the company’s page regularly for network diffusion and users have options to like, comment and share these posts.
Comments are more influential (Ballantine et al., 2015) and give more
impact by showing both likes and dislikes on the product (Xu, Wang, Li,
& Haghighi, 2017). Online cumulative sales, online review information,
and product price are the main factors that affect consumers when
making purchase decisions (Fagerstrøm & Ghinea, 2011; Liu, Cheung
et al., 2016, 2016b). In this problem, we have focused on the comments
given by the users as shown in Fig. 1. Also, their influence on the other
users that urge them to purchase the product, thereby increasing the
sales of a product which needs to be predicted. Influence depends on
these comments, it can be either positive or negative and it purely
depends on the opinion of the user towards the product. Most active
nodes (users who are having a high positive score) are to be identified
and direct them to influence the other nodes.
On the other side, social network interactions have a major importance in spreading the information. In social networks, people will
also get influenced by recommendations from their peers. Homophily
principle states that users that are connected on the social network have
a high likelihood of sharing similar interests (Zarrinkalam, Kahani, &
Bagheri, 2018). Generally, influence propagation of a product through
the social network has an impact on sales diversity (Kim & Kim, 2018).
In order to achieve this, it is necessary to motivate the users to recommend the product to their peers. With respect to these constraints,
we focused on maximizing the influence and thereby increasing the
revenue. It is very interesting and challenging to maximize the sales of a
product through the social network.

2. Literature review
Rich literature is available related to the influence maximization
problem, but very few studies have been carried out on maximizing
influence through social networks and its effect on the product demand
in the future. A few prominent ones are critically reviewed here.
What is the impact of prior opinions on later viewers’ opinions? is
discussed in (Guo & Zhou, 2016; Wan, Ma, & Pan, 2017). Here we
identified scope to determine the effect on sales based on these opinions. Kempe, Kleinberg, and Tardos (2003) discussed maximizing the
spread of influence through a social network and proved that the optimization problem of selecting the most influential nodes is a Nondeterministic Polynomial-time (NP)-hard problem. They presented a
greedy approximation algorithm, and it guarantees that the influence
spread is within (1 − 1/e) of the optimal influence spread. Later,
Bharathi, Kempe, and Salek (2007) used this approach in competitive
circumstances. Bimpikis, Ozdaglar, and Yildiz (2016) discuss that a user
in a social network gets influenced by the recommendations that they
get from their peers. Candogan, Bimpikis, and Ozdaglar (2012) presented the profits of a seller who effectively considers the network effects compared to the one who does not use this information. Babaei,
Mirzasoleiman, Jalili, and Safari (2013) conducted an experiment
where only discounts are considered but not the influence on artificial
and real networks, and it is carried out in this paper. Mirzaei, Ødegaard,
and Yan (2015) planned a user reward program in social media for
increasing the site visit and maximizes the net revenue. Developing a
method to get or attract more likes on Facebook has been widely notable in applied marketing because the marketers believe that the more
likes on a single electronic page can enhance the popularity of the page
(Heimbach, Gottschlich, & Hinz, 2015).
The strategies that competing apparel brands follow for social interactions are studied by Schultz (2016) from their posting and response behavior. Chen, Yuan, and Zhang (2010) stated that the linear
threshold model has unstable performances on the different real-world
network. This can be handled when the threshold is calculated based on
the information collected from the specific network, and it is being
addressed in this paper. A greedy algorithm is used by many authors for

4. Mathematical model and solution approach
In fact, estimating the influence of comments made by previous
users has been addressed by building different kinds of models.
Personal valuation signifies the personal opinion of an individual about
a product whereas social contagion is the spread of effect or behavior
from one user to another. In the proposed method, the linear threshold
model is used for diffusion constraint then the impact of influence on
sales of the product are discussed in Section 4.1. In order to address the
second problem, the greedy discount approach is used where influence
is maximized through discounting method. A similar method was
45
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Fig. 1. Comments posted on Zara’s official Facebook post.

compared by Babaei et al. (2013) where there was no scope for the
eligible user to become an influencer. A key plank to be explored under
the discounting method is converting the eligible users as influencers at
the end of every iteration in greedy discount approach. A more elaborate description of the mechanism is given in Section 4.2.

unique users, the user’s average sentiment score is considered. Same
way, recent comment creation time is considered as the weight of the
edge. Suppose, consider a node v is getting influenced by each neighbor
w according to influence weight bv,w given in Eq. (1) based on the time
at which w has commented on the post.

4.1. Mixed influence model

bv, w =

As explained earlier, there is a dual influence that affects the individual’s decision towards a product. First, the person’s own valuation
or opinion about the product can be termed as a tendency to adopt.
Second, the opinion of peers about the product known as social contagion may go in favor of or against a product. A customer reads the
comments to gather information and to avoid uncertainty about the
product (Ahmad & Laroche, 2017). The company has to recognize these
two values before targeting a customer to maximize their sales. This
mixed influence model contains two types of users, influencers who
already have an opinion and commented on the product, adapters who
get influenced by these comments and tend to purchase the product. A
user who has commented earlier on the product and the sentiment score
of those comments gives a personal valuation of the user. Calculation of
sentiment score of comments is discussed further. Whether the user is
an influencer or an adapter will be decided based on his/her sentiment
score (compared with respect to a threshold value). NotationsVAdapter
nodeWInfluencer nodebv,wInfluence weight between v and wtwRecent
comment creation time of the influencer wtvRecent comment creation
time of the adapter v or the current time at which adapter v is getting
influencedθvThreshold value for an adapter v to become an influencerVvTotal valuation of a user vpActivation probabilitydvPersonal valuation of user v µ Mean of average sentiment scores of all the users
Standard deviation of average sentiment scores of all the users
Here a user is considered as a node and it contains comment creation time, User ID, comment and the sentiment score of the comment.
The weight of the edge can be measured in different ways, like, number
of clicks, number of posts, number of friends etc. (Chen, Tang, Wu, &
Jheng, 2014). In this paper, the weight of the edge or relation strength
between influencers and adapters is considered as the time difference
between their comments. It is also possible for an influencer to comment more than once on the company’s post. So in order to select

(

(

1
tw

tv

)
1

w ActiveNeighbors (v ) tw

tv

)

(1)

In order to measure the personal valuation of an influencer, sentiment analysis is carried out through Valence Aware Dictionary and
sEntiment Reasoner (VADER) algorithm as proposed in Hutto and
Gilbert (2014). Average of sentiment scores are normalized to be between -1 to +1. This algorithm is employed because of its fast, accurate
and computationally economical results. There are other machine
learning techniques like Support Vector Machines, Bayesian Network
etc. but they take longer computational time and are difficult to inspect
or modify. In fact, the genesis of this algorithm is come out of research
findings of Hutto and Gilbert (2014) where the development, validation, and evaluation of VADER are described. It uses well-established
word list like Linguistic Inquiry and Word Count (LIWC), Affective
Norms of English Words (ANEW) and General Inquirer (GI). In this
algorithm, all the comments given by an influencer are taken into account and the average of that is calculated as a sentiment score or
personal valuation dv. Linear Threshold model is the core of all the
information diffusion models. In this model, as shown in Eq. (2) a
threshold value θv is used as the minimum weighted fraction of v after
that an influencer v is recognized as an eligible member for influencing
adapters. The value θv is calculated as the average sentiment score of all
the influencers.

b v, w
w ActiveNeighbors (v )

v

(2)

Personal valuation and influence weight multiplied by activation
probability are accounted to calculate the total valuation of a user as
given in Eq. (3). Influence from the peers cannot add up directly to the
personal valuation. The proportion of each attribute is not the same and
should be given different weights (Yang & Xie, 2016). Influence affects
46
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the valuation of a person with some probability and it is termed as
activation probability. Activation probability p is the probability of
gaining the weighted influence of an influencer on an adapter. Once the
total valuation crosses the threshold value of θv, thereby adapter will
change to influencer.

Vv = d v + (p × bv, w )

Algorithm 1 shows the classified group of influencers and their
targeted adopters. This classification gives the exact adopters whom
influencers should target in order to maximize the influence. This algorithm distributes the load of influencing the adopters among the influencers. For each group, influence weight is calculated of all the active neighbors and then total valuation is calculated for each adapter as
given in the Eq. 3. In each iteration, the adapters whose valuation
crosses the threshold value θv will be considered as the influencers for
the further iterations and the results are found to be significant. This
shows the influence of comments about a product on the people. As
discussed earlier, adapters also get influenced by the recommendations
from peers. In the following section, the greedy discount approach is
used for maximizing the influence on a network based on peer’s recommendations.

(3)

Based on reviews given by the users it is easy to identify the most
influential users on social networking sites. In general, users who are
extremely satisfied with the product have a more positive impact on
their peers and who are not satisfied will have low sentiment score and
diffuses negative opinion. In order to carry out the analysis, influencers
are categorized into four types based on their sentiment score as follows:
Supreme status: Users whose score is greater than: µ + 2
High status: Users whose score is between: µ + & µ + 2
Medium status: Users whose score between: µ
&µ+
Low status: Users whose score is between: µ 2 & µ
In order to increase the sales, the influence should be maximized
and predict the sales beforehand. To maximize the influence, a group of
influencers and their targeted adapters must be chosen tactically.
Algorithm 1 shows the classification of adapters and influencers into
three groups based on their valuation. It shows the effective way to
maximize the influence if these adapters get targeted by the classified
influencers.

4.2. Greedy discount approach
An approach has been proposed where initial seeds are selected and
the product is offered free. Later, discounts are offered for an effective
set of users and revenue can be maximized. Here, real-world Facebook
network datasets from Stanford large network dataset collection (2018)
is considered to test the spread of the influence. This network is a scalefree network with 4039 nodes, different network densities, and node
out-degree distributions. It is obvious that if a product is being sold at a
price lesser than the price he/she is expecting the product, then he/she
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buys the product. Basically, it is assumed that the revenue increases
monotonically as the influence increases. The revenue function is assumed to be monotone, i.e. the number of buyers increases as more
number of their peers purchase the product.Notationsi,j,kNodesdiDegree of node i µ Average degree of the networkVSize of the networkfiDistribution of the valuation of buyer iinfijThe influence of node j
on node iPSet of buyers already purchased the productvi(P)Value of the
product for buyer ipNumber of regionsDArray of nodesBShape parameterYRandom variablex1, x2Lower boundsy1, y2Upper bounds
Degree di of a node i is calculated as the number of its connections it
has with other nodes and µ is the average degree of the network with V
nodes. infij is generated using uniform distribution in the interval [0,2].
In a network, a node can only see its neighbors and when neighbors
influence the node, its function can be written as vi = fi ( j P infij) .
Where, fi is the distribution of the valuation of buyer i
infij is the influence of node j on node i
P is set of buyers already purchased the product
vi(P) is the value of the product for buyer i as given in the Eq. (4)
that will be in the interval [0,1]. Where, k V infik is the scaling factor
for normalizing the influences.

vi (P ) = fi

j P { i}

infij
k V

infik

x1

x2

1X

whereX (i ) =

(

k V infik

)<Y

i

V /P

0Otherwise

y
e
b2

V /P

(7)

j P {i}

infij
k V

infik < y2

i

V /P

(8)

We investigate the performance after applying the models introduced in the previous sections. In Section 5.1 mixed influence model
is tested with real-world data taken from Zara’s Facebook page. Similarly, the greedy discount approach is implemented on an ego network
from Facebook. It is a scale-free network and the results are discussed in
Section 5.2.

y2
2b2

i

5. Results

We choose a concave function as our model exhibits monotone
properties. In this order, Rayleigh probability density function is employed to calculate the valuation of the buyer indicating the monotone
behavior of the model as described in Eq. (6).

vi (.) =

infik < y1

Here x1, x2, y1, and y2 are the region bounds where the influence
through potential buyers and the revenue can be maximized and it is
discussed in Section 5.2. Initially, the range of normalized influence
[0,1] is divided into p regions then identify the set of people in D who
will influence the maximum number of influential nodes in the region
[x1, y1]. In any region, not all the people satisfy the conditions given in
step 2 of the algorithm for getting a product for free. So, trace out n1 set
of people who get the product for free to maximize the influence between [x1, y1]. These n1 set of people are in a network where they are
connected to other peers and they will be influenced as neighbors in n1
set got the product. Each individual has their own level of getting influenced, depending on the number of peers who own the product.
After calculating the influence, consider the people who are at a maximum value of function f(.) as buyers for the further iterations. In later
iterations, chose n2 number of people for offering the product at a
discounted price of f(x2). These people are chosen by maximizing the
influence on potential buyers in the range of [x2, y2] and offered with
discounted price of f(x2). f(1/2) is the value where the product is at its
highest price and nodes at this point are the people who are ready to
purchase the product at the highest price. More iterations will be carried out if significant changes in the results are found by influencing the
people further. The proposed methods are tested using real-world data
and discussion about the performance is given in the following section.

(5)
j P {i} infij

k V

5 For the rest of the potential buyers, the product is offered at a price
of f(1/2).

In the network considered, degrees of the nodes are taken in an
array D and then sorted in descending order. Here, the aim is to influence as many nodes as possible by offering potential influencers either for free to propagate the initial influence or giving discounts to
selected nodes according to the revenue maximization algorithm
(Babaei et al., 2013). The value of p, i.e. the number of regions that the
revenue function is divided is chosen appropriately such that neither
very few nor very large number of buyers are considered to increase the
normalized influence and divide the area under the revenue function
vi(.) into p regions. To maximize influence in selected region [X,Y], it is
required to find the value of n to maximize

X (i )

infij

3 Find the people who got influenced and ready to purchase at the
maximum value of the function f(.) which occurs at f(1/2).
4 Then, find the n2 number of people who satisfy di > µ/2 and maximize the influence using Eq. 5 on the influential nodes in the region
[x2, y2] as shown in Eq. (8) and offer the product with a discounted
price of f(x2). Ensure that no node from n1 includes in set n2.

(4)

P = D [1: n], i V / P / di > µ /2

j P {i}

(6)

Where, y = 2x aims to maximize the value of a buyer with ½ as normalized influence, i.e., vi(P) = ½. Parameter b = 1 makes Rayleigh
function a concave in the interval [0, 1] and vi(.) is constant value of
vi(1/2) afterwards. An algorithm is conceptualized for maximizing the
influence where, in each iteration, intervals are chosen such that revenue can be maximized. Steps of the proposed algorithm are given as
follows:
Algorithm 2 Maximizing Influence based on peer’s recommendations
Input: Network of nodes and their valuation
Output: Discounting sequence of potential influencers

5.1. Implementing mixed influence model
The performance of the mixed influence model for determining the
influence created by the users while commenting about the products of
a firm in social networking sites is evaluated through the count of influencers before and after the influence as shown in Fig. 2. We have
considered comments of all products posted in Zara official Facebook
page from April 2016 to March 2017. It contains 9577 comments
generated by a total of 4148 users.
In the considered network, a maximum number of users are influenced and are shifted to the right side of the graph and it shows the
increase in the sales and proportionally the increase in revenue generated. The proposed algorithm helps a company to identify the potential users who should be targeted in order to maximize the influence
in a considered group of people. Fig. 3 shows the sudden increase in the

1 Sort the nodes in decreasing order of their degree in an array D.
2 Find the n1 number of people who satisfy di > µ/2 and maximize the
influence using Eq. 5 on the influential nodes in the region [x1, y1]
as given in Eq. (7) and offer the product at no cost.
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Fig. 2. Status of users before and after the influence.

Fig. 4. Number of ties vs Frequency.
Fig. 3. Iterations Vs Active nodes.

number of active nodes after few iterations, where such changes in real
time make a huge difference in the sales leading to a drastic modification in inventory management and may cross risk tolerance level by
a company.
5.2. Greedy discount approach practical implication
For implementing this approach, scale-free Facebook network with
4039 nodes and their distribution are considered as represented in
Fig. 4. Here p-value is taken as 8 as discussed earlier and n1 is calculated
by dividing normalized influence in the range of [0,1] into 8 regions.
After sorting down the users in array D, select the first n1 users which
give maximum influence in the range [2/8,5/8] and offer the product
for free. Usually, fundamental nodes are considered (Chen, Peng, & Lee,
2012) i.e. a group of nodes with more number of ties as n1 and it varies
depending upon the type of product that is considered. Offer given to n1
users influences their neighbors in the network and the resultant frequency of and their influence values are illustrated in Fig. 5 where
everyone was at zero initially. It indicates that all users have zero influence at the beginning of the algorithm. Select the n2 users who give
maximum influence in the range [3/8,6/8] and offer the product for f
(3/8) until n2-n1 users accept the offer. The resultant frequency of and
their influence values are illustrated in Fig. 6. Offer the remaining potential buyer with price f(1/2).
Fig. 7 demonstrates the number of people becoming buyers at each

Fig. 5. Influence vs value function of non-triers after iteration 1.

iteration. Blue bar indicates the number of buyers from the previous
iteration. Red region indicates the number of people being targeted for
giving products for free or at a discounted price in iteration 1 and 2
respectively. Green area represents the number of people getting influenced and buying the product at each iteration. In each iteration, the
number of buyers increases because of the influence from the peers in
the network. After a few iterations number of buyers becomes constant
as the function places key role in revenue management. Offering any
49
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influence on adopters. In our second model, the peers’ connections are
considered to influence a user. The greedy discount approach implemented for maximizing the influence is adopted from Babaei et al.
(2013). Additionally, we have considered all the users who have purchased the product earlier as the influencers other than just the potential
buyers who are considered as users highly connected in the network.
6.2. Managerial implications
Models discussed in this paper are mainly to identify the potential
users for maximizing the influence in a given network. Targeting potential group of people by offering the product either for free or at a
discounted price depending on their possibility to influence will diffuse
the information and influence their neighbors effectively for revenue
maximization. This finding provides the required benefits for marketers
regarding the future of advertising. Marketers know that following
traditional methods to motivate consumers in any social network might
not always be effective. If marketers motivate any informal member of
social networks without their knowledge by offering free or discounted
products to initiate and launch any product related information, this
can then be an effective strategy for social network advertisements.
(Shareef, Mukerji, Alryalat, Wright, & Dwivedi, 2018).

Fig. 6. Influence on non-triers after iteration 2.

7. Conclusions and future work
The effect of review comments on the sales of a product is analyzed
when introduced in Facebook page. Mixed influence model is used to
calculate the total valuation including the personal opinion and the influence of previous review comments on the post. Here, personal valuation is calculated as the average of their sentiment score using VADER
algorithm. After implementing this algorithm on data from Zara’s
Facebook page, there are some interesting results showing a sudden increase in the number of people getting influenced after a few iterations.
Such changes are to be estimated beforehand by the company and required steps to be taken in order to stay away from the lost sales. A future
extension would be interesting by adding more social media futures such
as likes and shares from sources like Twitter, Instagram, Pinterest etc.
In the second model, people tend to purchase a product when most
of their friends purchase a similar product. In order to obtain information diffusion in a social network, the product is offered free for
few users and the result shows after a change in peers’ tendency about
purchasing the product after receiving the offer. Later, the product is
offered at a discounted price of f(x2) to n2-n1 potential influencers in
[x2, y2] of people. Discounted price and the range of people receiving
the offers are chosen using revenue maximizing function and again one
can study the change in the influence of peers. This work can be extended by implementing this algorithm on dynamic networks and
budget and time constraints can be imposed for influencing.

Fig. 7. Number of buyers at each iteration.

more discounts may lead to increase in number of buyers but it is not
profitable for the company.
6. Discussion
The results of this study shows that mixed influence model can be
used to identify the potential users whom a company can target and
also can decide the budget that can be spent on each category of such
users based on their level of influencing others. Ballantine et al. (2015)
have made the hypothesis testing and observed the positive and negative comments’ influence on the individuals. Further to this, our study
identified the different set of users based on their level of tendency
towards the product. This helps to segregate the adopters by whom they
will be getting influenced instead of using all the buyers to influence all
the adopters. Also, the experiment is conducted on the real work network and found interesting results. Babaei et al. (2013) proposed a
greedy discount approach for influence maximization assuming that
only potential buyers influence the triers. The results show more
number of people are getting influenced after considering all the buyers
as the influencers other than considering only potential buyers.
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