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ABSTRACT
Social network is an important part of people’s daily life, which essentially can be considered as a black box,
providing great insight into the current trends of people. It has been proved that data obtained from Social Network
platforms, including Facebook, Twitter, Instagram, Baidu etc., can be employed in a variety of different fields.
Technically, social networks can be shown as nodes and edges, inspired from graph theory, this theory play an
important role to express the structure and relations of the network. Big data mining, natural language processing
(NLP), text mining and machine learning techniques are mainly utilized for processing and analysing the data. The
analysis of social web can reveal the real trends of the people on any subjects, can detect terror activities before
attacks, can help to understand political tendencies, cultural or global believes etc. This study is a review of social
web mining that aims to examine the literature of social web mining and help to understand the techniques. However
this study also proposes some novel approaches by taking into accounts data of the images on the web which will
enrich the handled information while mining the social web. The study also points to the semantic web for reaching
more clear inferences from social networks than at present.
Keywords: Social web mining, big data, text mining, graph theory, natural language processing, semantic web.
1. INTRODUCTION
Personalization [1] which are interpreting, sharing of feelings, opinions, and thoughts lies [2] in the philosophy of
social Networks. Nowadays very huge data flows over social networks. A critical manner is required for first
acquiring these data and then processing them to get valuable information. However, it is a fact that social networks
are portrayed on a graphical theorem, in which individuals are nodes in social networks and edges that indicate
relationships between them. Accordingly, social networks can be analyzed on graph theory by determining the nodes
and edges for target groups to identify the structure of them as subgroups. On the other hand, the fact that big data
arising from the flow of information between these nodes can be processed with data mining techniques to reveal
different patterns, rules and trends [3]. Under the concepts of opinion mining, sentimental analysis and clustering
very important inferences can be made [4]. For instance, clustering on a graphical model can reveal links, nodes, and
subscripts of a community. Besides, the information in the data obtained from the shares can be analyzed and
interpreted and new deductions can be made. According to recent statistical studies, the number of social network
users is expressed in billions and increasing day by day, as seen in Fig.1 [5]. In the aforementioned image, the data
obtained from 2016 is illustrated, detailing total number of social network users. For instance, in 2012 alone, the
content produced by social networks and web based applications is more than content of all written documentations
during previous 6000 years until then [6]. Analyzes obtained using social network mining will shed light on future
health, education, trade, politics and minds. For example, any terrorist organization or attack can easily be detected
even when the initiative is still in the preparation phase. It can be quickly determined in which regions a disease is
spreading or political tendency in a country can be deduced that the thoughts about a political issues are positive or
not. Regarding with increasing use of mobile devices and rapid social sharing and the ability to make inferences in
the analysis of these data prove that the future of the social network mining is so brilliant.
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Figure.1 Active User Numbers of Leading Social Networks by April 2016
1.1. Social Network Mining Components
The process of obtaining the data from the sources is the first step of the data mining section of the social network
mining problem. Afterwards, the data is pre-processed and cleared so to create corresponding document word
matrices. Analyzes of document similarity are made using those matrices [7]. At this point, workspaces such as text
mining, machine learning, etc. are introduced which are able to analyze the current situation or create prospective
predictions [8]. On the other hand, in the study of nodes and edges in social networks, it is tried to find people with
the most effective publishing power in a social network by means of centrality measurement by going over the
theory of graphs [9]. Social networks are presented as nodes and edges by the theorem of graphs, and then the
associated subdivisions or communities are tried to be found by using the clustering methods [10]. Hierarchical
clustering can follow a strategy either from top to bottom or from top to bottom. On the other hand, the data on the
web increase drastically over a short period of time. As well as data is diversified. Consequently this data is called
big data for the definition. At this point, researches regarding the big data field also play an important role in social
networking [11]. However for some analysis works to be done as understanding the emotional situations of people’s
comment about any subject, the natural language processing is introduced which provides that the human languages
are understood and interpreted by the computers [12]. However, studies such as analyzing texts with text mining,
passing frequency values through statistical studies, or doing similarity analyzes through document matrices can be
performed, thus all these constituting the steps of the data mining [13]. Therefore, all of these work field titles that is
considered in this study can be included in the context of the study and which are also critical for social networking.
1.2. Big Data
It's the bigger thing computers can not handle. This data is constantly growing. A better definition of this is the “5V”
definition, namely, volume, velocity, variety, veracity and value [14]. When it comes to big data, it is actually the
greatest volume as the first dimension to the mind. The second ‘V’ is Velocity. For example, a large number of new
messages are written every day on facebook, and a certain processing speed must be caught to process them. It is
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also possible to mention the variety of the data which is the third of the 5V concept. Briefly, different sources come
from different contents with different characteristics. Therefore, big data has volume, speed and resource diversity
[15]. Therefore, in big data studies, we try to solve the problems of volume, diversity, speed and reliability
expressed by 4 V, and valuable information that can be obtained, that is to say the value that will result in 5 V, is
produced [16]. The daily Wiki data that can be expressed at Terabytes level can serve as a good example for big data
[17].
1.3. Natural Language Processing
Natural language processing (NLP) is an area of research that allows computers to analyze and understand natural
language texts or human spoken language. The aim of researchers in this area is to develop tools and techniques that
enable computers to understand and manipulate natural languages, such as understanding and using natural
languages, so that they can fulfil their duties [18]. Natural language processing involves computer science and
disciplines such as informatics, mathematics, electrical and electronics engineering, artificial intelligence, robotics
and psychology [19]. Besides, it involves Applications comprising computer translation, natural language text
processing and summarization, user interfaces, CLIR, speech recognition, artificial intelligence and expert systems
[20]. Another very important area of work is to be able to take full advantage of the resources available through the
Internet and digital libraries using multilingual language processing and the CLIR [21]. Natural language processing
is used to capture the meaning of texts, such as whether the texts obtained in web mining are negative or positive or
the summary of it in short to be able get foremost meaning, and therefore they can establish a significant step in the
process of the social network mining.
1.4. Text Mining
Text mining is a popular data mining operation and considered as one of the important pillars of the social network
mining. It employs text data as the only source and aims to obtain structured data via text. Classification of texts,
segmentation, subject extraction from texts, production of class particles, emotional analysis, text summarization,
entity relationship modelling can all be considered in this working field. In order to reach these goals, several
different methodologies are employed such as information gaining, syllable analysis, word frequency distribution,
pattern recognition, labelling, information extraction, data mining and even visualization within the scope of text
mining studies [22].
1.5. Graph Theory
Graph Theory is mainly used to show nodes and nodes groups in a network and details relationships between them.
In terms of social sciences, these demonstration influencers and followers are given names. In other words, in a
social network, other sources have this effect while others have a resource efficiency dissemination feature.
Especially in very big databases, the use of the graph theory has an even bigger proposition [23]. Although the
diagram theory is used to visually show a social network in books and other sources, it is possible to operate directly
on the data without visualizing the problem. Although the methods used are graphical theorem methods and
problems can be solved through matrices, tables or equations [24]. The centre of centrality measurement allows us to
find the user with effective emission power. This approach is based on a simple computation based on the simple
theorem, the parametric centre analysis methods [25] are applied by simple matrix operations through the creation of
the α-centrality metric or connection matrix which based on a simple operation as counting the number of attenuated
paths. These methods do not need to visualize while being implemented [4].
1.6. Clustering
Each node represents a person as social networks are designed as graphs, Subgroups, in which more than one node
come together, can be thought of as a cluster. At this point, there are different algorithms for how many clusters
there are. The simplest and most basic of these is the k-means algorithm. In the K-means algorithm, cluster centres
are determined, out-of-centre samples are classified according to their distances, new centres are obtained according
to the classification made, and this process continues until the centres become fixed [26]. The division of the society
into sub-communities can be dealt with in several different ways. For instance, the Girvan-Newman algorithm
divides social constructs into sub-social constructs according to their intensities [27]. On the other hand, a different
method of community extraction in a very detailed approach is discussed in [28]. Hierarchical clustering actually
unifies the power of independent groups by combining many other methods and divides the network into subgroups.
Here, it is expected that how many segments are to be included or some parameters in the algorithm, for example
threshold values, should be defined. As it has been previously mentioned, one of the simplest and primitive
algorithms used for segmentation is the k-means algorithm. The algorithm forms the cores of segments according to
a value of k average of segments. For this algorithm, the number k must be given as the default. Figure.3 shows the
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example of clustering by using K-means algorithm in which the clustering process is performed by giving the
number of cluster information.

Figure.3 K-means Clustering Example Demonstration
2. PREVIOUS STUDIES
When the social network mining studies are evaluated based on their contents, It is revealed that the data obtained
from the web is cleared and the text mining passes through the steps such as training the machine so as to create
new knowledge or prediction using the corresponding analyzes results . On the other hand, by the theory of graphs,
it is tried to determine the communities related to each other by accepting the relations between the individuals
which are nodes and the relations between them are edges in the social network. Here, clustering is performed and
meaningful segments are formed on the graph. K-means is one of the most well-known segmentation algorithms and
the work done with this algorithm [29] is available. One of the biggest problems in the cluster is how many clusters
will be determined. In this context, for example [30], the connections are primarily defined in an empty network
with a hierarchical segmentation approach, which can be used in previous studies when segmented in the graph
theory, and the initial value is assigned as 0. These associations are then weighted according to the degree of
relationship. The highest weighted individual is the centre, since the process from highest to weakest weight is
performed.
As the type of relationship weakens, the likelihood of error increases so that it is not true that the individual with a
link belongs to that group. Alternatively, the Girvan-Newman algorithm [27] makes the exact opposite of the
hierarchical algorithm's segmentation. Instead of starting with centralized individuals, they start with individuals
who have remained in the vicinity and have low weighted connections. This continues to work by squeezing the
remaining individuals. Again, contrary to the hierarchical segmentation, instead of adding a new individual to the
system at every step from an empty network, Girvan Newman takes an individual at every step in his algorithm.
There are also other clustering methods and studies. For instance, in addition to traditional methods such as graph
partitioning, vertex similarity, hierarchical clustering, partitioned clustering or spectral clustering, the new
approaches as overlapping communities, statistical methods, or capture of varying communities methods can be
implemented too [28]. On the other hand, the Girvan-Newman algorithm proposes a new method to calculate vertex
betweenness, which is considered as a critical innovation. The concept of middle individual has been studied for
centrality for a long time [24]. The middle individual value for any individual is the number of the shortest paths that
pass through corresponding individual. Let’s assume that n nodes is defined in a network, while middle individuality
is calculated, the number of edges connecting the shortest path in Girvan-Newman algorithm is calculated, when
nodes are normally counted on the shortest route from one node to another (See Figure.4)
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Figure - 4 Example Nodes and Paths Between them (Relations)
In the Girvan-Newman algorithm, the median individual evaluation varies slightly and is calculated by the number
of the shortest paths that passes over for any connection that connects two individuals with the concept of edge-toedge. x-y: {a} x-z: {b} x-u: {f} x-t: {f, e} y-z: {a, b} or {d, c} y-u: {d} y-t: {d, e} z-u: {c} z-t: {c, e} u-t: {e} lists
the edges showing the shortest path between nodes . Then the algorithm counts that how many times each edge has
passed; a: 2 b: 1 or 2 c: 2 or 3 d: 2 or 3 e: 4. As a result, the busiest link is located at “e side”. If more than one
connection has the same number of shortest paths, these connections can be related to each other to achieve a longer
connection [27]. The link with the highest medium connection value is removed and thus the segmentation is
achieved. Then the intermediate connection values are recalculated for the remainder, resulting in a top-down tree.
This algorithm produces better results in segmentation. The approach called HITS and HUBS is another algorithm
of graph theory that solves the connections between web pages. It has been widely used in search algorithms,
including wiki, blog and social network analysis applications [6].

Figure-5 is the HITS and HUBS Algortiması Sample Scheme.
This algorithm which is another graph theory algorithm, designed based on the principle that find outs the links
between web pages. The algorithm is executed over two sets, one of which is the root and the other is the base set.
While searching web documents in the root cluster, the documents that carry the best results are kept in the base set,
and documents referring to the documents in the root set are linked. Then, a two-step calculation is performed in
order to calculate the number of web documents under influence, that is, the number of web documents under the
influence, and in the second step, the effect values of the documents affecting the other web documents are summed
to obtain HITS values. These are mostly works on the side of the graph theory where the nodes are evaluating the
web pages, while there are studies that analyze the contents obtained on the side of the tree and make predictions
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about the findings and forward. Examples include text mining, intellectual mining [31], text summarization, social
network mining (Liu, D and Friends 2016), opinion extraction, and relationship rule extraction [32]. For example, it
is the idea mining work to show semantically the idea of social media sharing. Attempts are performed to determine
the formation of ideas on a community. The idea is that it is personal, not the truth, but the ideological case is
checked. In general, it is determined whether there is a positive opinion about the subject within the context of
emotional analysis [33]. While e-mail analysis and simple text mining problems can be categorized, there is now a
sophisticated classification of where different opinions differ, or where the seller is, and to what extent the margin is
affected by sales [34]. The frequency based idea mining is done through frequency of words such as number of
words, name, adjective, adverb, or verb while ideas are derived from the texts. It is based on the recognition that
ideas are expressed in terms of the relevant words. In a survey conducted in 2011, it was found that a significant
proportion of ideas (60-70%) were based on the words in the text [35]. It has also been found that frequently
recurring names in opinion-based mining reflect the views of the people. Another approach is to search for specific
templates in the text to achieve certain results. For example, it is possible to obtain a view from the values coming to
A by finding patterns such as "great A", "with A", "consist A" and then it is possible to make idea mining with
polarity analysis [36]. The frequency-based idea mining can also be achieved by labelling words according to their
linguistic. The concept of POS-Tagging is to label words in a text according to their properties such as name,
adjective, and even number adjectival, special name. On the other hand, the model-based idea mining methods are
applied to untagged texts that are previously labelled and thus formed from texts known to contain an idea, and try
to come up with ideas from unconventional texts [37]. In another study it is developed a new hidden Markofian
model with a subset approach and created a statistical model based on changing weights based on their relevance to
the position of view and emotion level values [38]. An important part of the newly emerging opinion extraction
work is a hybrid model arising from the use of view-based, frequency-based, or model-based approaches and graph
theory. It includes approaches in which users having the same idea are grouped together in the same cluster and
social network. Clustering could be done according to age groups or sex by means of intellectual mining methods in
studies using a method that can also be evaluated for peer-review studies [39]. However, because of the
unpredictable change of the web environment, the necessity of studying dynamic methods has been revealed. In
order to overcome these problems the use of web 3.0 semantic networks come along with new web technologies that
data analysis and inference will gain a very different dimension [40]. Because the semantic webs express the
concepts (words) according to their contents on the web, the texts, videos, paragraphs, texts, block HTML tags and
web content, the data analysis has gained a different dimension as it defines the relations of the connections between
the entities [41]. Extracting useful information from the web is the most significant issue of concern for the
realization of semantic web. This may be achieved by several ways among which Web Usage Mining, Web
Scrapping and Semantic Annotation plays an important role. Web mining enables to find out the relevant results
from the web and is used to extract meaningful information from the discovery patterns kept back in the servers
[42]. Recent studies show that advanced mining, opinion, emotion analysis as well as data mining studies are carried
out on semantic web and the conversion of exponentially increasing data into meaningful information in social
network mining is being continued [43].
3. OVERALL CONCLUSIONS
As a review article some specific points of web mining subjects are evaluated which focused on making
improvements in the web mining research area. Some valuable researches are considered such as social web mining,
terror activity dedection and health protection depending on core methods in web mining which are machine
learning, information retrieval, text mining, natural proceessing language and graph theory. It is pointed that if
image data as well as semantic data on the web is used to produce hidden information beyond them, big
contributions will be made [44]. Ragarding to all these, rapidly growing popularity of social networks and data
sharing have led to attempts to make further inferences, especially to develop new methods for computer scientists.
By applying big data mining and statistical methods, data pre-processing and machine learning to the data coming
from social networks from the web environment, it is possible to make valuable information available to the public
so that forward-looking predictions can be presented [45]. Rapidly growing popularity of social networks and data
sharing have led to attempts to make further inferences, especially to develop new methods for computer scientists.
By applying big data mining and statistical methods, data pre-processing and machine learning to the data coming
from social networks from the web environment, it is possible to make valuable information available to the public
so that forward-looking predictions can be presented [46]. The necessity of processing and monitoring the data on
the social network effectively seems to be undeniable. Although data mining techniques include computer science as
a field of statistics and application, it is thought that the techniques used on social networks in the future will be fed
from different disciplines such as behavioural sciences, social sciences or business. If you imagine a web
environment that runs on semantic networks with web 3.0 in the coming days, it is not hard to imagine that the data
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mining will go far beyond the understanding of today's data through meaningful data to be obtained from it [47]. It is
understandable how important these studies are when we consider important information that can be obtained from
education, politics, economy, security and health issues. Knowledge is power. Table-1 shows an overview and the
most outstanding publications referenced in this survey.

Authors

Table- 1 Summary of milestones in web data mining.
Category
Strategy

Outstanding Methods

[1],[9],[10],[23],[27],[28],
[32],[35],[40]

Social Web Mining

User – Groups Detection

Graph Theory, Clustering

[8], [9],[13],[22],[31],[34]

Text Mining

Sentiment Analysis,
Summarization

Classification, Frequency
Analyze

[12],[18],[19],[20],[21],[35]

Natural Language
Processing

Get the main idea of the
article.

Information retrieval,
Artificial Intelligence

[1],[6],[32],[34]

Data Mining

Make future predictions,
show unknown relations of
the data

Information retrieval,
Machine learning

[3],[11],[13],[14],[15],[16],[25],
[45],[46]

Big Data Mining

[7],[40],[42],[43],[44],[47]

Semantic Web Mining

Make future predictions,
Information retrieval,
show unknown relations of Machine learning, Parallel
the streaming huge data
programming, Map and
reduce
Get meaningful inferences
over annotated data

Semantic Web, SparQL
queries
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