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Abstract:For one or more files contained in databases, 

the computer forms a leading site for storage. In the majority of 

large firms, the databases tend to be in central systems, rather 

than on the individual employee computers. It is also worth 

noting that computer servers are contained in these respective 

firm central systems, offering services over networks. The 

implication is that the server hosts database files but, using 

different firm computers, an operator can access the files. An 

increase in database complexity translates into the formation of 

a social network. Therefore, a social network becomes a 

database collection working together. The role of social networks 

lies in their capacity to foster data integration from different 

databases, giving the information new insights. Given that the 

ultimate goal of business organizations stretches beyond data 

storage to support decision-making in relation to the resultant 

data, this paper has established that social networks play a 

critical role towards the achievement of this goal.  

Index terms: Consensus, multi-criteria, group decision, 

Social Network. 

I. INTRODUCTION 

 

Jadhav and Shinde (2012)[4] highlighted that social 

networks offer tools and architecture through which the data 

can be organized and understood systematically, having 

obtained information from a variety of databases. Upon 

storing and organizing data in databases to form social 

networks, the amount of data that seemingly becomes 

overwhelming undergoes the GDM process. Indeed, group 

decision making (GDM) is a practice in which the 

information is analyzed and summarized with the aim of 

producing meaningful information. To achieve this 

procedure, Joseph (2013)[5] documented that sophisticated 

tools of data analysis are employed in a quest to discover 

relationships and patterns in voluminous datasets. Hence, 

the tools stretch beyond basic queries and summaries to 

employ sophisticated algorithms. In a practical illustration 

of the GDM process, an example could be the case of an 

online retailer dealing in a number of products. Given that 

such a business operator could sell many products to a 

significant number of customers in a typical day, business 

improvement requires the leveraging of the resultant 

data.Indeed, it is at this point that the GDM technique 

comes in to give an insight into products that are often 

bought together. In turn, attractive product bundles are 

created. An additional application of GDM in such a case 

entails the 
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development of customer profiles. Based on the past 

purchases, the retailer could employ GDM to predict the 

products that the customer is likely to seek in future [6]. 

One of the features of a social network is that it is 

subject oriented. This feature implies that the warehouse is 

meant to provide information regarding a given subject and 

not the ongoing operations of an organization [7]. The 

subjects include attributes such as revenues, sales, suppliers, 

customers, and products. Therefore, the focus of GDM 

processes does not lie in the ongoing operations. Instead, 

the focus lies in information analysis and modeling to 

support informed decision-making processes. Another 

feature of social networks is that they are integrated. 

According to Shahid et al. (2016)[8], the integration of 

information characterizes the procedure of constructing 

social networks, employing heterogeneous sources that 

include flat files and relational databases. Thakur and 

Anjana (2011) [9]avowed that this feature of integration in 

GDM aids in steering effective analysis of the resultant 

information. GDM is also time variant. In a study by Xu, 

Liao, Li and Song (2011)[10], it was documented that the 

data is linked to certain or particular time-periods; implying 

that the historical point of view characterizes this provision 

of information. Lastly, it has been affirmed that GDM is 

non-volatile. This feature implies that as new data is added 

to the warehouses, the previous information is not erased. 

Given that the social network stays separate from 

operational databases, some of the frequent changes that 

could be made to an organization’s operational database are 

not reflected in social networks, implying that an addition 

of new data does not alter the existing information; making 

the process non-volatile. As mentioned earlier, the role of 

GDM lies in the capacity to enable groups such as business 

executives to use, analyze, and organize information while 

seeking to make informed decisions. From the application 

perspective, Gourshettiwar, Shirbhate and Shete 

(2016)[2]observed that GDM gains widespread usage in 

fields such as controlled manufacturing, retail sectors, 

consumer goods, banking services, and financial services. 

Regarding the major types of social networks in existence, 

information processing has been observed to be one of the 

leading approaches. In the study by Goyal and Rajan 

(2012)[3], it was asserted that information processing as a 

type of GDM allows data to be processes in terms of 

graphs, charts, tables, reporting via crosstabs, basic 

statistical analysis, and querying. Another type involves 

analytical processing. In this type, some of the approaches 

to analytical processing include pivoting, drill up, drill 

down, and slice-and-dice, all constituting OLAP (Online 

Analytical Processing) operations. Lastly, GDM as a 

complementary form to GDM plays the role of supporting  
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the discovery of knowledge via the establishment 

of hidden associations and patterns. It has also been 

established that GDM performs prediction and 

classification, having constructed analytical models.  

 Whereas social networks aggregate or centralize 

data from a number of sources to form a common 

repository, GDM strives to establish patterns in relation to 

the data sets at hand. In turn, the patterns become insightful 

and offer meaningful results to interested parties. Some of 

the contexts in which GDM has been applied in the 

contemporary society include business understanding of 

consumer preferences, needs, and buying behaviors, 

marketing campaigns, and fraud detection [4]. A specific 

example highlighting the practical application of the process 

of GDM is that which entails the use of credit cards. In 

situations where a company detects that a certain credit card 

is being used fraudulently, the legitimate customer is 

informed regarding the vice. The GDM procedure arises in 

this case in such a way that credit card firms hold the 

customer’s purchase history (obtained via GDM from 

various databases). With this information obtained from the 

customer’s past transactions and notifications, the credit 

card company exhibits an awareness of the purchases made 

from the geographical perspective[5].If, all of a sudden, 

other purchases are detected in a geographical zone far from 

the consumer’s location, these credit card firms are alerted; 

pointing to the possibility of fraudulence. The fraudulence 

is detected because information resulting from the GDM 

process suggests that the credit card holder either does not 

or rarely makes purchases from the given city or location 

where fraudulence has been located.  

The implication is that GDM is used to organize 

customer data in terms of purchase history to support fraud 

detection while GDM entails the storage of the information 

based on company-specific preferences. The preferences 

include the time of transaction, location, amount used, and 

the matching or mismatch of credentials provided in 

relation to the login data available with the credit card firm. 

In turn, the GDM procedure’s capacity to monitor and 

detect fraud plays an additional role of providing room for 

the disabling of the card or flagging it to indicate suspicious 

activities [6]. 

From the perspective of GDM, another practical 

illustration that could be used to illustrate the interaction 

with GDM systems is the case of Facebook. The latter site 

engages in data gathering off account user information such 

as the likes and friends of the individual, as well as persons 

who may be stalking him or her. In turn, the information is 

stored in a common repository. Whereas the data is stored 

in separate databases, the aim is to obtain information that is 

deemed most important and relevant before channeling it to 

an aggregated database. A number of reasons prompt this 

procedure. For instance, the aim is to ensure that the 

account owner gains access to numerous and relevant ads, 

and to suggest to the account owner only friends who are 

deemed most relevant. Therefore, GDM in such an example 

involves data aggregation regarding activities such as likes 

and channeling the information to central databases while 

GDM implies that only the meaningful patterns and data are 

extracted (such as suggesting only relevant friends to the 

user). Given that social networks compile and organize 

information to form a common database while GDM 

extracts meaningful information from the resultant database, 

it is evident that the former precedes the latter. Similarly, 

this trend suggests that to detect meaningful patterns, GDM 

is dependent on the nature of data compiled during the 

warehousing procedure.  

II.SOCIAL NETWORK MODEL 

 

We build a model for social network based on graph 

formulation described in previous Section. 

The objective of the social network model is to maximize 

the centrality. The constraints of the model consist of 

Density of a network’s connectivity (D), Betweenness 

centrality (B), and Closeness centrality (Cl).  

 

The model can be formulated as a 0-1 integer programming 

problem. 
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ij
consumption or prevalence factor. 

 

III.MODELING SOCIAL NETWORK 

DYNAMIC 

 

There are several important points are necessarily  to be 

satisfied in order we can say that a person (actor) has a 

dynamic interactions in the social network. These points 

are: 

a) The number of outdegree ties, 

b) Reciprocal relationship, 

c) Transitivity interaction, and 

d) Equilibrium. 

Now we can formulate the model with the objective to 

maximize degree of centrality, the number of outdegree ties, 

and reciprocity relationship. The model can be formulated 

as a binary integer programming problem, which can be 

written mathematically as follows. 
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Consensus measurement can be defined as follows.   

 

𝐶𝐿(𝑉1, 𝑉2, … , 𝑉𝑛)  =
1

𝑛𝑚𝑙
∑ 𝑑(𝑉𝑘, 𝑉𝐶)𝑛
𝑘=𝑙 )     (13) 

 

where𝑑(𝑉𝑘, 𝑉𝐶) is  Manhattan distance between 𝑉𝑘 and 𝑉𝐶 

 

𝑑(𝑉𝑘, 𝑉𝐶) = ∑∑|𝑣𝑖𝑗
𝑘 −𝑣𝑖𝑗

𝑐 |

𝑙

𝑗=1

𝑚

𝑖=1

, 𝑘

= 1, 2, … , 𝑛                                         (14) 
 

If 𝐶𝐿(𝑉1, 𝑉2, … , 𝑉𝑛)  = 0, then all experts should have full 

and unanimous consensus with the collective opinion. 

 

Generally, the optimization model of consensus rule based 

on distance can be formulated as follows.  

 

{
  
 

  
 𝑚𝑖𝑛

1

𝑚𝑙
∑𝑑(𝑉𝑘 , 𝑉𝑘̅̅̅̅ )

𝑛

𝑘=1

𝒔. 𝒕 {
𝑚𝑖𝑛

1

𝑛𝑚𝑙
∑𝑑(𝑉𝑘 , 𝑉𝑘̅̅̅̅ )

𝑛

𝑘=1

≤ 𝜀

𝑣𝑖𝑗
𝑐̅̅ ̅ =  𝐹𝑤

𝑂𝑊𝐴(𝑣𝑖𝑗
1̅̅ ̅, 𝑣𝑖𝑗

2̅̅ ̅ , … , 𝑣𝑖𝑗
𝑛̅̅̅̅ )𝑖 = 1, 2, … ,𝑚; 𝑗 = 1, 2, … , 𝑙

   (15) 

 

Where 𝑉𝑘̅̅̅̅  , (𝑘 = 1, 2, … , 𝑛) and 𝑉𝑐̅̅̅̅ are the decision 

variables. 

 

The consensus optimization model related to social network 

can be expressed as in the Eq. (15), in which the expression 

of Eq. (11) can be written as  

∑ 𝜏𝑖𝑗𝑥𝑖𝑗
(𝑖,𝑗)∈𝛿−(𝑖)

≤ 𝐶𝐿(𝑉1, 𝑉2, … , 𝑉𝑁),

𝑖, 𝑗 ∉ 𝑋;   ∀𝑖 ∈ 𝐸                  (16) 
 

Provided that the value of  𝑉𝑘̅̅̅̅   can be obtained from the 

optimal result of linear program Eq. (15). 

 

IV.THE ALGORITHM 

 

To solve the 0-1 integer programming model, we adopt the 

approach of examining a reduced problem in which most of 

the integer variables are held constant and only a small 

subset allowed varying in discrete steps. 

 

The steps of the procedure can be summarized as follows. 

Step 1. Solve the problem ignoring integrality 

requirements. 

Step 2. Obtain a (sub-optimal) integer-feasible solution, 

using heuristic rounding of the continuous solution. 

Step 3. Divide the set I  of integer variables into the set 

1I , at their bounds that were nonbasic at the continuous 

solution, and the set 2I
, 1 2I I I= +

. 

Step 4. Perform a search on the objective function, 

maintaining the variables in 1I nonbasic and allowing only 

discrete changes in the values of the variables in 2I
. 

Step 5. At the solution in step 4, examine the reduced costs 

of the variables in 1I . If any should be released from their 

bounds, add them to the set 2I
 and repeat from step 4, 

otherwise terminate. 

 

It should be noted that the above procedure provides a 

framework for the development of specific strategies for 

particular classes of problems. 

 

The integer results are kept in superbasic variables set. Then 

we conduct an integer line search to improve the integer 

feasible solution (Mawengkang et al, (2012)). 
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