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ABSTRACT 
 

Social network mining (SNM) has become one of the main themes in the Semantic Web agenda. Social 
network can be extracted from different sources of information, and the resources – like documents/web 
pages - was growing dynamically not only require a flexible approach, but need behavior recognition. Each 
social network has the resources, but the relationship between resources and information sources requires 
explanation. It is SNM and it is not social network analysis, but it is possible to bridge social network and 
social network analysis. There is the behavior of resources of social network, and this article is to explore 
them by using the concept of clusters in theory and the statistical computation for conducting an 
experiment. That is using multiple-regression, where with applying graph as representation of relation 
between resources the growing the resources depend on each other. In a conclusion, there is a positive 
effect on the relations between resources for growing the social networks, where the behavior also 
indirectly indicates the extraction of engagement for the communities in the extracted social network. 

Keywords: Superficial method, stand-alone cluster, multiple-regression, association rule, positive effect, 
research group, social network analysis. 

 
1. INTRODUCTION  

Extracting the social network (SN) from the 
Web-based on a superficial method is one of the 
approaches [1], where modality relations form a 
notion of the social networks that depend heavily on 
the co-occurrence for representing relations 
between individuals, groups, or organizations 
[2][3]. Modality, in this case, is like interests, 
requirements, exchange, hobby, etc., or something 
that causes them in textual appear on one Web page 
[4], for example [5]. In particular is the co-
authoring relationship (co-authorship). 

The extracted social networks are the results of 
the methods of social network extraction. Whereby 
actors, relationships, Web, vertices, until edges are 
the resources of SN that not only can use to manage 
any organization [6], nevertheless to administrate 
information also [7], that is the social network 
mining (SNM) is to provide a means of discovering 
the behavior of resources [8]. Namely, it is to trace 
early the formation of research groups following 
seed as the first authors in related scientific fields. 
Social network mining (SNM), therefore, is not the 
same social network analysis (SNA) [9]. Although 
SNA involves vertices and edges in a unit analysis 
such as size, density, degree, geodesic distance, and 
all properties associated with centrality [10], SNM 

plays a role as a bridge between the resources of SN 
and SNM by revealing different sides of the SNA. 
Of course, in order to uncover research groups 
based on seeds, the use of resources such as vertices 
and edges and the relationships between them is 
taken into consideration. Therefore, this article aims 
to address the behavior of resources and find out the 
relation between them. This article starts from 
concept development to theory in the section of the 
problem definition [11].  Then we propose an 
approach as a method to prove some assumptions 
and using the statistics computationally, multiple-
regression for getting relations between resources 
and generating its behavior [6],[9],[12]. The section 
of experimental results is the disclosure of evidence 
through computation [13],[14]. 

2. PROBLEM DEFINITION 

Through already used methods, extracting the 
social networks from information sources requires 
engineering, modeling, and casting [15]. 
Engineering requires a plan for implementing 
scientific superficial method [16]. Modeling is to 
determine the initial solution of a problem [17]. 
Meanwhile, casting as a siting or template is 
generally stated as data modeling [18]. It also needs 
to recognize the behavior of the information sources 
[19]. Therefore Web as a resource of SN is also an 
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information source. The Web to be as big data 
keeps growing and dynamic has parts that can 
separate as a stand-alone cluster – in other literature 
it is introduced as a singleton [20], or the 
interconnected cluster – in the literature expressed 
as a doubleton [21]. The singleton and the 
doubleton go straight to hit counts, while the stand-
alone cluster is to reveal what’s behind the 
singleton and the doubleton [22,23]. 

Let the word “Web” or the phrase “World Wide 
Web” represents an object according to what we 
think [24]: The computer network is a social 
network [25],[26],[27],[28], then any social actor in 
the literal text is a term tk = (w1w2…wk) where wk, k 
= 1,2,…,K, are words. For example, tx = Mahyuddin 
Khairuddin Matyuso Nasution. Let k is a number of 
words w and l is number of vocabularies (tokens) in 
tk, then l ≤ k and |tk| = k is size of tk [11]. In this 
case, |tx| = k = 4 words and l = 4 tokens. In dynamic 
information space Ω, as Web, containing the 
ordered pair of the terms tki and web pages ωkj: 
(tki.ωkj), where i = 1,…,I and j = 1,…,J, or Ωk = 
{(tk.ωk)ij} is the subsets of Ω, all of web pages 
indexed by a search engine be Ω and |Ω| is the 
cardinality of Ω [29], for example, |Ωx| = 296 for tx 
in a query summited into Google search engine. 
Based on this concept, we will express some of the 
characteristics of big data formally as a behavior of 
resources [30],[31], as follows [32]. 

Definition 1: Suppose a search term ta in q and q is 
a query. If an implication ω => ta is TRUE, then a 
web page ω in Ω is relevant to q or Ωa = 1 if ta in q 
is true at ω in Ω else Ωa = 0 otherwise, and Ωa as a 
cluster.  

Definition 1 describe that for each search term tk, 
there a set of singleton search term of search engine 
Ξ such that tk in Ξ, (tki.ωkj) is subset of dynamic 
information space Ω, or Ωk is a subset of Ω, thus Ωk 
is a singleton event of web pages that contain an 
occurrence of tk in ω in Ω [11],[12]. Independently, 
we define it as follows [33],[34]. 

Definition 2: Suppose there be a set of attributes 
literally, B = {b1, b2, …,b|B|}. Let Mi is a set of 
transactions are subsets of attributes or Mi are 
subset or equal to B. The implication Ωb1 => Ωb2 
with two possible values TRUE and FALSE as an 
association rule if Ωb1, Ωb2 are subsets of B and 
Ωb1∩Ωb2 = Ø. 

Definition 3: Let B = {b1, b2, …,b|B|} is a subset Ω. 
A cluster Ωb1 is as the stand-alone satisfies Ωb1 => 
Ωb2 are subsets of B, Ωb1∩Ωb2 = Ø (association 
rule). 

Lemma 1: Suppose there be a set of actors, A = 
{a1,a2,…,a|A|}. If tai in q, i=1,…,|A|, then Ωai is the 
stand-alone clusters for the social actors [11]. 

Proof. Based on Definition 1, we have ω in Ω => ta 
in q such that Ωa = {(ta,ωa)ij}. Thus Ωa is a cluster 
that contains web pages ωa and ta. Let there be tai in 
qi and taj in qj, we have Ωai => Ω and Ωaj => Ω, but 
based on Definition 2 and Definition 3: Ωai∩Ωaj = 
Ø, even though Ωai => Ωaj or Ωaj => Ωai. Thus Ωa 
has property as the stand-alone [11]. 

Definition 4: Suppose tak in q and tal in q is a query. 
If an implication ω => tak ˄ tal is TRUE, then ω in Ω 
is relevant to q or Ωakl = 1 if tak ˄ tal in q is true at ω 
in Ω, else Ωakl = 0 otherwise. 

Lemma 2: Let A is a set of social actors. If tak,tal in 
q, then Ωakl is a stand-alone cluster for a pair of 
social actors [11]. 

Proof. As applicable in Lemma 1, ω in Ω => 
{tak,tal} in q, ω in Ω => (tak ˄ tal) in q, then (ω in Ω 
tak in q) ˄ (ω in Ω tal in q), and we have Ωakl {(tak ˄ 
tal,ωa)ij}. If i = k ˄ l, then {(tak ˄ tal,ωa)ij}, and Ωakl = 
{(ta,ωa)kj} ˄ {(ta,ωa)lj}. Thus Ωa is a cluster that 
contains web pages ωa, tak and tal. However, based 
on Definition 2 and Definition 3, for Ωak => Ωal => 
Ω and for Ωal => Ωak => Ω such that Ωak ˄ Ωal => Ω 
or  

(Ωakl => Ω) = ((Ωak ∩ Ωal) => Ω).   (1) 

Thus, there is a stand-alone cluster containing a pair 
of social actors.  

Lemma 2 has stated that for two search terms tx 
and ty, there a set of doubleton search term of search 
engine Ξ such that tx in Ξ and ty in Ξ, ({txi.tyi}ωxyj) is 
subset of dynamic information space Ω, or Ωxy is a 
subset of Ω, thus Ωxy is a doubleton event of web 
pages that contain an co-occurrence of tx in ω in Ω 
and ty in ω in Ω [11],[12]. Then, we have the direct 
consequence of Lemma 1 as follows. 

Proposition 1: If Ωakl is a stand-alone cluster for a 
social actor, then Ωakl is representation of the actor 
[11]. 

Definition 5: Any cluster Ωa has the behavior if 
there are a function γ that describes it one or more 
attributes b1, b2, … as descriptions of the cluster. 

In a big-data context, (semi)-automatic extracting 
a social actor from Web is to produce information 
of the actor and to generate about another actor 
[35], i.e. the behavior of actor as resources of social 
network [36]. Therefore, the characteristics of big- 
data be the clues of the behavior of each social actor 
[37],[38],[39]. 
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Proposition 2: If Ωakl is a stand-alone cluster for a 
pair of social actors, then Ωakl is a representation of 
relation between the actors [11]. 

Proof. Let Ωakl is a stand-alone cluster of a pair of 
social actors. Eq. (1) states that Ωakl = Ωak ∩ Ωal, or 
γ(Ωakl) = γ(Ωak ∩ Ωal) = γ(Ωak,Ωal,∩) where 
{Ωak,Ωal,∩} is a set of attributes of Ωakl. Whereas 
Ωak and Ωal, respectively, are a stand-alone cluster, 
when ∩ as an attributes was connecting a cluster 
with another, i.e. the behavior of Ωakl as a function, 
or there are a relation r such that r(Ωakl) = {∩} [11]. 

In a dynamic context, the automatic extraction 
method of social networks collects information 
about ties between all pairs (dyads) [40]. The ties 
connect a dyadic of actors by one or more relations 
in R (as a set of relationships), thus social network 
based on big data give a complete picture of 
relationships in the population [10],[41]. 

Theorem 1: If the behavior of a cluster describes the 
behavior of a social actor, then the behavior of other 
actors is expression of the relationship between the 
clusters [11]. 

A social network can be modeled very naturally 
by a graph G(V,E) where SNM uses an approach to 
find out a behavior of the network that consists of 
vertices in V as a set of actors and edges in E as a 
set of relations for all ej in E, j = 1,...,J [42]. 
Meanwhile, extracting social networks may be 
represented by SN =<V,E,A,R,B,γ1,γ2> with the 
conditions as following [9]: 

a. γ1(1:1) : A  V. 

b. γ2 : R  E in order to ej = γ2(rs(ak,al)) = 
γ2(Bak∩Bal) 

where rs in R, R = A×A, ak in A, al in A, Bak is a 
subset of B, Bal is a subset of B, and Bak∩Bkl is a 
subset of B. Especially, based on the superficial 
methods, rs means the strength relations between 
two actors  ak and al in A by involving one or more 
of the similarity measurements [43]: mutual 
information, Dice coefficient, overlap coefficient, 
cosine, or for example Jaccard coefficient is 

Jc = (|Ωak ∩ Ωal|)/(|Ωak|+|Ωal| - (|Ωak ∩ Ωal|))  (2) 

in [0,1]. In this concept of similarity, Bak∩Bal = 
(|Ωak ∩ Ωal|)/(|Ωak|+|Ωal| - |Ωak ∩ Ωal|) =  Jc such 
that ej in E if rs > 0. However, the behavior of rs 
(0≤rs≤1) depends on the behavior of: Ωak as a subset 
Ω, Ωak as a subset of Ω, and Ωak ∩ Ωal as a subset of 
Ω, where |Ωak|≤|Ωal| or |Ωak|≥|Ωal|, |Ωak∩Ωal|≤|Ωak|, 
and |Ωak∩Ωal|≤|Ωal| [11]. If another measurement 
concept is similar to Jc, then Theorem 1 is proved. 

Corollary 1: If the behavior of social actors behaves 
in a cluster based on the information source then the 
behavior of the clusters is representation of 
extracting social network from the information 
source [11]. 

A social network, has been extracted SN have 
behavior that is based on the resources, whereby 
they can be recognized through statistical theory 
[44].  

3. AN APPROACH 

By population, in literal word or term in Web 
represent objects or things are discussed or events 
that occur in the real world [41],[45],[46]. Web as 
social media becomes an overview of the social 
behavior directly related to the personality of social 
actors or coherence of the social community [47]. 
One of the social communities that have an 
influence on changes in the world is the academic 
community [48],[49]. We will take therefore from 
the academic population some communities, 
namely the academic actors as the seed to form a 
growth picture of the social network [3]. The 
community of academic actors, as a sample, has 
continuously generated the web pages and then 
directly clustering of web pages. To explore the 
behavior of clusters we propose an approach based 
on statistical theory and graph theory [6],[9]. 

Suppose ta = Zainal A, Hasibuan and ta in q when 
q submitted to any search engine. It will generate a 
cluster Ωa. It represents the hit count |Ωa|, or a 
number of an actor name already present on the 
Web. Similarly, ta = “Zainal A, Hasibuan” and we 
have a cluster Ω”a”. It represents the hit count |Ω”a”|, 
is as number of an actor well-defined name already 
present on the Web [12].  

That is a number of web pages that contain the 
name of an actor. Therefore, the hit count represents 
the behavior of social actors in the form of 
academic activities: dissemination of knowledge 
through scientific works and it forms a behavior of 
the clusters produced by a search engine for a query 
[50]. 

For engendering the behavior from the data and 
all of things represented by the data, the data should 
show measurable characteristics. That is 
representative sample: Quantitatively, for the 
sample size n > 20 sample distribution close to the 
average μ and variance σ of the normal distribution 
Z [51]. Furthermore, for a quantities sample which 
consists of n clusters may be measured by  

Y = |Ω1| + |Ω2| +…+ |Ωn| 
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in order to produce a constant of internal 
consistency of the sample behavior in general, that 
is α Cronbach [52] or 

α = (n/(n-1))(1-Σi=1…n (σ|Ωi|)2/(σY)2)  (3) 

by which (σY)2 is the variance of the score total was 
observed while (σ|Ωi|)2 is the variance of i-
component for sample Ωi. Variance is calculated 
using (σ|Ωi|)2 = (1/n) Σ|Ωi|-|Ωi| in which |Ωi| is the 
average. In general, the rules of use α are to use the 
marker as follows [9,13,53]: 

1. α≥0.9: The internal consistency of 
behavior is very good. 

2. 0.7≤α<0.9: The internal consistency of 
behavior is good. 

3. 0.6≤α<0.7: The internal consistency of 
behavior is acceptable 

4. 0.5≤α<0.6: The internal consistency of 
behavior is poor. 

5. α<0.5: The internal consistency of 
behavior is not accepted. 

A social network that extracting directly from the 
dynamic resources, such as the Web, creating a 
social network dynamically. To avoid ambiguity 
and bias, extraction of social networks based on the 
name of a well-defined social actor as a seed [13]. 
Thus, expressing the behavior of growing social 
network initially is from a seed. It is based on using 
the multiple-regression to generate the behavior of 
relationship between resources [54]: actors/vertices, 
relationships/edges, and documents/web pages [55]. 
In the multiple-regression, the independent 
variables xi i = 1,…,n and dependent variable Y, the 
average of Y|xi given by linear regression models 
[56] 

μY|xi = b0 + Σi=1…n bixi 

and the estimation of responses obtained from the 
regression equation of a sample is 

ỷ = β0 + Σi=1…n βixi,    (4) 

Suppose there are 3 (three) independent variables, 
x1, x2, and x3, in equation (4), the relationship of 
each variable to the other builds a directed graph, 
the arrangements of vertices in graph for 
determining effects namely s1 = (x1x2), s2 = (x1x3), s3 
= (x1y), s4 = (x2x3), s5 = (x2y), s6 = (x3y), and s7 = 
(x1x2x3). Direct effect of the seeds toward edges is 
s3, while the indirect effect is s1 + s2 + s7. 

The first case yields ỷ as a representation of 
papers growth to be regressed against one or more 
factors [57]:  

1. x1 as a representation of web pages or 
number of documents (NoP). 

2. x2 as a representation of vertices growth or 
number of social actors (NoA). 

3. x3 as a representation of edges growth 
(NoE). 

The second case, in a similar way that is by 
involving the accretion of seeds in each year, 
building a social network for an academic 
community is realization. But it did not involve the 
hit count. 

Revealing the behavior of relations between 
resources can be modeled naturally by a direct 
graph G(V,E) as an approach to visualize the 
behavior that consist of: the vertices in V as a set of 
factors and the direct edges in E as a set of relations 
between resources with weights, i.e. βi, i = 1,…,n of 
each linear regression models [58],[59]. Based on 
the direct graph we can compute a total relation tr 
as follows 

 

Figure 1: A social network based on seeds. 

tr = Σi = 1…nΠj=1…I βj      (5) 

where β1 = Πi=1 βi means a direct effect and Πi=2…n 
βi means the indirect effect from a resource to a 
destination.  

Generally, for mining the extracted social 
network, the steps in this approach are as follows: 

1. Determine the seeds and set as collection 
of social actors, A. 

2. Collection of documents based on seeds 
from DBLP where there are authors and 
co-authors, titles of documents, and others. 
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Collection of authors and co-authors into A 
follow the time of appearance. 

3. Collection another actors from set of co-
authors in step 2. 

4. Generate |Ωa| or |Ω”a”| for each actor social 
a in A. 

5. Compute α in equation (3) for number of 
documents from DBLP (P), |Ωa|, and 
|Ω”a”|, make the marker and determine 
initial behavior. 

6. Generate social networks following time 
of year for each seed, and accumulative 
social network by reducing the overlap 
vertices and edges. 

7. Calculate the prediction of the model by 
using multiple-regression for each seed 
and for all seeds. 

8. Compute relations between resources of 
social networks for generating β factors. 

9. Based on relations between resources, 
determine behavior of social actors, 
community, and social networks. 

 
4. RESULTS AND DISCUSSION 

For an experiment, we have defined several 36 
names of actors as the seeds and then generate other 
actors and build social networks like Figure 1, 
which consists of 17 Professors (Pr) and 19 
Associate Professors (AP) with a transition tr. For 
each seed, we collect from DBLP: the number of 
papers pi in P, i = 1,…,36, the cardinalities of 
clusters (hit count) with query q with and without 
“…”, i.e. |Ω”a”| and |Ωa|, respectively, see Table 1.  

We obtain the average of pi, |Ω”a”| and |Ωa| are p 
= 21.194, |Ω”a”| = 15226.64, and |Ωa| = 53422.22, 
respectively. We provide label lb for item of data: If 
pi ≤ p, then lb = -1, otherwise lb = 1; and similarly 
for |Ω”a”| and |Ωa|. We have taken a community (of a 
university): 31 actors of the first sequence are a 
sample. The rest is coming from different academic 
communities as the additional sample. In this case 
based on T in Table 1., we have grouped each of the 
data set by the run r ⌂ {18,8,14}. Generally, for 
significance level α = 0.05, all values Z in Z-½α < Z 
< Z½α. Therefore, the behavior about resources: 
Papers or web pages  randomly represent either the 
seeds or the social networks. Each cluster represents 
the behavior of actor as a seed. It is also supported 
by the internal consistency of behavior, that is very 
good, where each of the data set (Table 1) have αC 
= 1.0286 > 0.9. In other words, each cluster Ωα of 
the second and third samples can generally be 
represented by the sample in the collection of 
papers. Figure 1 shows that adjacent vertices are 

social actors that do not have a stronger 
relationships with distant vertices topologically or 
in a graph generally represented as leaves.  It is 
based on different treatment by using unsupervised 
method, distant relation extraction has been an 
effective way only for texts in corpus and using 
supervised method [60].  

Table 1: Seeds, number of documents and hit count for 
each seed. 

Set Data 
T Pr, Pr, Pr, Pr, AP, 

AP, AP, Pr, AP, Pr, 
AP, AP, Pr, AP, AP, 
AP, AP, AP, AP, AP,  
AP, AP, AP, AP, Pr, 
Pr, AP, Pr, AP, Pr, 
AP, Pr, Pr, Pr, Pr,  
Pr 

P 28, 53, 66, 11, 8,  
13, 4, 48, 7, 29,  
6, 8, 28, 8, 16,  
13, 8, 18, 14, 18,  
12, 9, 11, 56, 48,  
37, 40, 12, 10, 33,  
12, 33, 7, 9, 12, 
10 

|Ω”a”| 6830, 5410, 4690, 28200, 380000, 
1590, 336, 14300, 1610, 6720, 2120, 
1920, 3900, 5640, 1890, 2030, 1840, 
1870, 1970, 2930, 2690, 1630, 2140, 
1280, 5750, 2850, 267, 3100, 2150, 
2740, 3610, 10700, 4150, 2030, 16400, 
876 

|Ωa| 383000, 131000, 5290, 93300, 487000, 
2130, 14700, 15900, 1920, 238000,  
6400, 4240, 19200, 1890, 2340,  
13300, 2120, 2300, 2670, 10800, 
25100, 2220, 7700, 4700, 40100, 
19000, 17700, 1920, 4770, 20000, 
12000, 102000, 4540, 3950, 17000, 
243000 

 

Concentrated vertices randomly in the center are 
vertices of on different sides. Topologically, vertex 
behavior will underlie the formation of structured 
communities, where maybe an actor occurs 
connected or not with other actors [61]. Other 
vertices growth with following years, but stem from 
seeds in particularly and differently. The vertices 
are clustered around the seed, and it is possible to 
form a research group.  

In the context of exploration, the behavior of 
growth of the social network bases on the prediction 
models of resources takes heavy a position as a 
conduit of information about the dynamism of 
social network. Multiple regression is one of the 
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methods is to determine the causal relationships 
between factors as resources of the social network. 

Table 2: Number of documents in DBLP for Prof. 
Shahrul Azman Noah (SAM) [9] and Tengku M. T. 

Sembok (TMTS). 

++ SAM TMTS 
Year NoP NoA NoE NoP NoA NoE 
1990 
1995 
1996 
1998 
1999 
2000 
2002 
2003 
2004 
2005 
2006 
2007 
2008 
2009 
2010 
2011 
2012 
2014 

 
1 
 

2 
3 
4 
5 
6 
8 

14 
15 
17 
18 
23 
32 
41 
47 
48 

 
2 
 

2 
2 
3 
5 

12 
13 
19 
20 
23 
24 
40 
55 
71 
74 
78 

 
1 
 

1 
1 
2 
5 

33 
37 
49 
51 
55 
56 

195 
235 
272 
278 
301 

1 
 

2 
 
 

4 
5 

11 
13 
16 
20 
21 
22 
25 
26 
33 
34 
40 

2 
 

4 
 
 

7 
10 
26 
27 
30 
35 
36 
37 
49 
51 
56 
62 
71 

1 
 

4 
 
 
11 
17 
69 
74 
83 
92 
94 
96 

227 
230 
243 
277 
321 

 

From Table 2., we conduct the modeling: In 
accumulation into a year, the dependent variable y 
successively is the number of papers (NoP), number 
of actors (NoA), and number of edges (NoE), while 
the first independent variable is the number of seeds 
(NoS) and then on the following equations 
respectively. The independent variables involved 
are NoP and NoA such that the models are 

ỷ = -57.4284 + 12.0279x1   (6) 

ỷ = 183.3478 – 0.3471x1 + 1.2190x2  (7) 

  ỷ = -1454.4764 – 768333745.9175x1 +  

 11.0897x2 + 10.4489x3   (8) 

Based on equations (6), (7) and (8), we have the 
relations between resources: β1 ⌂ {(NoS(Year)-
NoP), (NoS-NoA), (NoS-NoE)}, β2 ⌂ {(NoP-NoA), 
(NoP-NoE))}, β3 ⌂ {(NoA-NoE)}.  

Data collection from DBLP is based on the 
following principles: Every year there are additional 
published documents, which are accumulatively 
stated the number of documents up to that year. If 
different authors appear, there will be additional 
social actors accumulatively, but if the documents 
come from the same author, there will be no 
additional social actors. Thus, automatically the 
number of edges follows the addition of vertices, 
and the addition of edges is not proportional to the 

addition of social actors. If there are no additional 
documents in that year, it means that they are 
cumulatively the same as the previous year and do 
not need to be stated in a table, such as Table 2. For 
each seed, the data collected is related to the NoP, 
NoA, and NoE, see also Table 3. To reveal the 
overall growth of the seeds, the data collected were 
NoS, NoP, NoA, and NoE, see Table 4. In the same 
way, equations of multiple-regression: (6), (7) and 
(8) generate relations between resources for the 
seeds SAM, TMTS, ZAH, and another, 
respectively. Similarly by using equations of 
multiple-regression for generating relation between 
resources based on all of seeds. 

Table 3: Number of documents in DBLP for Prof. Zainal 
A. Hasibuan (ZAH) and … 

++ ZAH Another seed 
Year NoP NoA NoE NoP NoA NoE 
2003 
2004 
2005 
2006 
2012 
2013 
2014 

2 
3 
6 
8 
9 

10 
12 

3 
6 

10 
13 
14 
15 
18 

2 
8 

18 
22 
23 
24 
31 

… 
… 
… 
… 
… 
… 
… 

… 
… 
… 
… 
… 
… 
… 

… 
… 
… 
… 
… 
… 
… 

Table 4: Number of documents in DBLP for all of seeds 

++ All of Seeds 
Year NoS NoP NoA NoE 
1990 
1992 
1994 
1995 
1996 
1997 
1998 
1999 
2000 
2001 
2002 
2203 
2004 
2005 
2006 
2007 
2008 
2009 
2010 
2011 
2012 
2013 
2014 

1 
1 
1 
2 
2 
3 
3 
4 
4 
7 

12 
16 
17 
24 
25 
28 
30 
31 
34 
36 
36 
36 
36 

1 
2 
3 
5 
6 
8 

10 
13 
18 
21 
35 
50 
60 
84 

101 
123 
154 
224 
284 
460 
517 
567 
633 

2 
4 
6 
9 

13 
16 
19 
22 
29 
37 
57 
71 
91 

129 
148 
175 
200 
273 
334 
559 
610 
673 
730 

1 
2 
3 
4 

10 
13 
22 
25 
37 
46 
79 

144 
165 
304 
336 
413 
468 
729 
891 

1473 
1629 
1818 
1998 

 

By using equation (5), we get the behavior of the 
social networks in Table 4, i.e., the behaviors of 
growth of social network based on the seeds: For all 
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of the seeds as generator of the social networks, 
there is a positive effect of the seeds on the growth 
of papers, so there is a positive effect of papers on 
the growth of vertices and edges, and then a 
positive effect of actors for growing the edges in 
social network, although generally there is no 
positive relationship between the resources of social 
networks in growth based on a single seed, i.e.,  

[Seed-1]: SAM, there are direct effect  

β1 = -736280.5940,                (9) 

indirect effects  

β1β2 = -75.6156,    (10) 

β1β3 = 8.7688,    (11) 

β1β2β3 = -736496.2024,   (12) 

and  

tr = -736496.2024.  (13) 

[Seed-2]: TMTS, there are direct effect  

β1 = -471371.6258,   (14) 

indirect effects  

β1β2 = -56.8788,    (15) 

β1β3 = 100.6473,    (16) 

β1β2β3 = -297.7641,   (17) 

and  

tr = -471826.9160.   (18) 

[Seed-3]: ZAH, there are direct effect  

β1 = -2253.4364,    (19) 

indirect effects  

β1β2 = -7.2707,    (20) 

β1β3 = -10.6096,    (21) 

β1β2β3 = -76.6508,   (22) 

and  

tr = -2194.6659.   (23) 

[Seed-…]: another. 

In this case, there is an effect of a collection of 
papers on the growth of edges, where β in multiple-
regression. The behavior of each cluster Ωa (like in 
Table 1) also contains the relationship between the 
actors who produce the edges in social networks. In 
other words, If every web page representing the 
activity of a social actor, then the class of web 
pages represent the behavior of a social actor. The 
behavior is hidden behind the source of the 

information [12]. Thus, data with a system that is 
incorporated in the web as a source of information 
becomes a document that has an influence on the 
formation of social actor behaviors [62]. Equations: 
(9) until (23) or etc., case by case reveal addition 
evidence experimentally against Theorem 1. That 
is, it is an implication: SN => V,E; V => A and E => 
A×A, a in A => ω in Ω. It states that any added 
webpage or document effect the behavior of the 
social network. Meanwhile, social network 
behavior determines the behavior of a social actor.  

Furthermore, every web page represents the 
communication (modality) of social actors, where 
the web pages represent direct the behavior of the 
relation between social actors. Thus, the individual 
behavior of social actors also accumulates into 
social network behavior as expressed through social 
actors and emphasized by the relationship between 
social actors [12]. The behavior of different 
resources, on the growth of social networks 
dynamically, has proven Corollary 1 by 
experimental data, where there are similarities in 
behavior [63], i.e., a similarity between events and 
similarity between structures of web such as a 
consequence of computer networks.  

 

Figure 2: The communities in a social network. 

Based on statistic computation of Table 4, direct 
effect  

β1 = -768333745.9000,   (24) 

indirect effects:  

β1β2 = 133.3858,    (25) 

β1β3 = -3.6268,    (26) 

and  
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β1β2β3 = 153.2019,   (27) 

where  

tr = -768333463.0000.    (28)  

In implication: Behavior of equations (9)-(23) 
means that behavior of equations (25)-(28). 

In other words, in context of that behavior, it is 
shown computationally statistics on the equations 
(9) until (28) that the social network based on seeds 
have behavior like in Figure 2. Figure 2 reveals the 
formation of communities through social networks 
in Figure 1. All seeds form the core of social 
networks, although among the seeds also form 
communities and it reveals that academically there 
are research groups. Meanwhile, the members of 
the same community are outside the core 
boundaries of the community. The members form a 
community of newcomers who are particularly 
close to the core community. Member behavior is 
the same as core behavior. The behavior of the 
same members in particular expresses the closeness 
of their fellowmen as the formation of self-
concentrated vertices in Figure 2.  

Members of community individually or 
collectively engagement with certain levels with 
seeds individually or the core community [64], 
where there is collaboration between individuals as 
the core of the community.  But also, when the core 
communities collaborated, and this was followed by 
other members of the community, where each a tree 
has engagement with another and then become a 
forest of communities in a social network [65,66].  

 
Indirectly, social network extraction through 

mining carries out engagement extraction to reveals 
the attractiveness of each community 
[67],[68],[69]. It is what Figure 2 shows 
structurally, representing the social network in 
Figure 1. Thus, research groups that interact with 
each other and have the same scientific mission 
form a center of excellence. For example, Center 
for Artificial Intelligence Technology (CAIT), 
Fakulti Teknologi & Sains Maklumat (FTSM), 
University Kebangsaan Malaysia (UKM), Bangi, 
Selangor,Malaysia (http://www.ftsm.ukm.my/cait/) 
[70], wherein some of the seeds in Table 1 are Pr 
and AP which developed the research groups of 
CAIT. Meanwhile, research group outside of CAIT 
based on the concept of attraction are in a 
collaborative position and look out for the outside 
of the core social network. Likewise, members of 
the research group as students initially and later 
become alumni and free from the research group 
are also on the outside of the core social network. 

Figure 3 shows one of flyers of CAIT-FTSM-
UKM.  

 

 
Figure 3: One of flyers on Website of CAIT, FTSM, 

UKM, Malaysia. 

Therefore, the extraction of social networks from 
information sources based on seeds has 
demonstrated the growth behavior of the resources 
and the relations between them, and that the 
behavior of each seed supports the behavior of a 
community as a whole. Data processing of the 
extracted social network based on multiple 
regressions is one way of mining social networks, 
and it differs from applying the degree of vertices 
in social network analysis [25]. Thus, it indicates 
the extraction of engagement as a consequence of 
social network mining based on scientific 
publication documents.  

 
5. CONCLUSION  

In this social network study, we have presented a 
different way for finding behavior of resources of 
social network where it is not social network 
analysis, so it is a social network mining. A 
statistical measurement of the experiment is to 
complete the proof of the proposed theory. Each 
actor has the influence for concept of clustering 
web pages, where its representation is the behavior 
of the actor or their socials. Based on statistic 
computation, the resources have the similar 
behaviors towards growth of social network, where 
there are the positive effects on relation between the 
resources based on prediction models of multiple-
regression. It has shown that social network 
behavior based on community behavior and the 
community behavior based on seeds behavior. Then 
social network extraction also reveals engagement 
extraction. The future work will involve the 
extraction of a social network to describe the 
research collaboration. 
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