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A social network is a graph made of social entities such as individuals, corporations, collective social units

and organizations linked by interdependencies such as kinships, friendships, common interests, co-authorships,

beliefs, prestiges or financial exchanges. Social network analysis and minings search implicit, previously unknown
and potentially useful relationships from social networks. Most of the data mining techniques concentrate

on finding information from data, or predicting future outcomes, but they provide little or no knowledge of
how users of these data are connected to each other. This survey reviews research on various methods of

subgraph/sequential pattern mining to identify interesting frequently occurring interactions by detecting social

communities through hierarchical clustering, their trend analysis and the visual representation to present the
mined social information.
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1. INTRODUCTION

Due largely to the increasing interest in social network applications, this survey reviews research
on several methods to identify periodically recurring patterns from streams of social interaction
data to facilitate the decision making in the social network analysis by extracting knowledge
buried in those patterns.

The research papers for this survey were found using Google Scholar, IEEE and Springer.

Lahiri and Berger-Wolf [2008, 2010] introduce mining periodic behaviour in social networks,
Leung et al. [2010, 2011] introduce visualization approaches in mining social networks, and
Nohuddin et al. [2010, 2011] introduce social network trend analysis are considered milestones
in this survey. There are 4 other milestones papers including Adnan et al. [2009] who provide
a framework to create a social network as frequent closed patterns and mine to identify social
communities, Hsieh and Li [2010] who propose an algorithm to mine the patterns in a social
network which contain temporal information and forms a connective subgraph, Slaninová et al.
[2010] who propose a framework to identify and extract trends in social network and then group-
ing those trends and identifying the most interesting trends, and Maaradji et al. [2011] who
provide a model for Web Mashups as a form of frequent sequence mining. Of the 10 papers that
are basis for this survey, 3 of the research papers are journal papers and 7 are conference papers.

This survey provides a comprehensive review of research in mining interesting sequential pat-
terns in social network analysis. The survey begins with background descriptions and references:
Section 2 contains the two main methodologies used in the processes of sequential pattern min-
ing, Section 3 contains a brief description of mining frequently occurring behaviours in social
networks, Section 4 contains a short description of visual representation of the mined patterns
to help users finding useful knowledge, and Section 5 describes a brief analysis of social network
trends. Conclusion and annotations are given in the Section 6 and 7 respectively.

Throughout the survey an important observation is made that all the research papers are
based on graph data management and mining, and a visual representation of the networks has
greater expressive power that helps users to gain insights about the useful information mined
from the networks and their feedbacks, and hence it provides validation and evolution of the
methods also.

2. RELEVANT METHODOLOGIES IN SEQUENTIAL PATTERN MINING

Two major methodologies are used in all of the research papers. These are mining commu-
nities and graph patterns in a social network. The goal is to find periodical behaviours in
the social networks. Numerous mining methods have been proposed. This survey focuses on
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subgraph/sequential pattern mining to identify interesting frequently occurring interactions by
detecting social communities. The descriptions are necessarily brief and are intended only to
provide readers with sufficient background for the discussions in sections 3, 4 and 5.

2.1 Mining for Community Detection

Adnan et al. [2009] state that data stored in raw format provides very little decision making
power. Hence data mining techniques are required. But in case of massive network i.e., social
networks, most of the techniques provided little or no knowledge on how users of those data
are connected to each other. Connecting people to useful information and to information to
which other people are connected in a social network are important to make decision. The
authors refer to the work of Kernighan and Lin [1970], Scott [2000], Flake et al. [2002], Girvan
and Newman [2002], Tyler et al. [2003] and Radicchi et al. [2004], Palla et al. [2005] who
researched on finding community structures from social networks. Khan et al. [2002] worked
with text-based segmentation of chat room conservations, Mika [2004] and Staab et al. [2005]
worked with Google webpage frequency, Matsumura et al. [2005] worked with influence dif-
fusion model to establish relationship between actors of social networks. The authors state
that most of the modeling methods are application specific and lack a generalized guideline
to model social networks. The authors propose a social network extraction framework using
frequent closed patterns based on entropy measure to discover communities from the dataset.
In this framework statistical analysis and social network visualization tools can be used to pro-
vide feedbacks. The authors experimented with the framework for synthetically generating a
set of entities and their respective data storages. They experimented with email of people who
have more than 1000 emails in the inbox, using Enron email data. The authors claim that the
features extracted from social network using their framework carry the community structure
information.

E-commerce systems, web applications, web servers generate huge amount of data collections
that are stored in large log files for further analysis for various reasons like system security,
compliance with audit or regulation of processes, system trouble shooting, social network analy-
sis, web usability analysis, user clustering, etc. Web log analysis can be helpful for such analysis.

Slaninová et al. [2010] refer to the work of Shahabi et al. [1997] and Mobasher et al. [2000]
who propose similarity based session clustering, Wang et al. [2002] and Hay et al. [2004] who
propose sequence alignment method, Ting et al. [2009] who propose automatic identification
of web navigation behaviour patterns and Demir et al. [2010] who propose multiobject evolu-
tionary clustering of web page recommendation. Slaninová et al. [2010] state that the previous
work is oriented to clustering of user web behaviour or to clustering of user path navigation,
but user segmentation for finding communities based on similar behaviour is not presented.
The authors propose the user segmentation and its visualization technique using community
structure analysis in social network. The method finds communities and their visualization
based on the similar user’s behaviour on the web site using process mining techniques and com-
munities with similar behavioural patterns are obtained through hierarchical agglomerative
clustering. The authors experimented with their approach by processing web log from apache
server and collecting data by applying the standard data preprocessing methods where records
from search engine and spiders were removed and only web site browsing was leaved. Their
experiment obtained a set of users U defined by the host identification using IP address and a
user’s paths were considered as the sequences S with user requests. The set of user requests
was defined using the combination of standard web log information FromMethod, URL address
and StatusCode. A sequence was then defined using user session on the web site. Because
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of too high amount of sequences, the author performed the sequences reduction using cluster
analysis. Then from the obtained data set, the matrix U x S’ was created and consequently
matrix of similarity of of users was created. That matrix of similarity then visualized using
graph analysis tool called GraphViz. The authors claim that their clustering methods for the
reduction of the amount of types of the sequences and users’ clustering based on the similarity
between sequences, create clusters of users with similar activities, respectively similar behaviour
on the web site. The authors claim that they have obtained two dominant clusters that are
most popular sequences on the web, and then the authors find the components connected to
other subgraphs can be represented as relations between groups of users where these relations
can create synthetic social network on the basis of similar users’ behaviour.

Maaradji et al. [2011] have shown that web services have taken the form of Mashups where
web applications combine existing services such as API, data sources, etc., into a single inte-
grated service. But problems arise within a Mashup platform to suggest which Mashup best
meets the user’s intention in a reasonable amount of time. The scalability and the terminating
condition of the Mashup system are also big challenges to the improvement of Mashup creation
time and quality. To understand the social phenomena in Mashup platforms, the Maaradji
et al. [2011] refer to the use-case approach of Floyd et al. [2007] that highlights the APIs
proliferation on the web in parallel with the number of creative web users. The authors refer
the work of Soriano et al. [2008] who emphasize the growing importance of the user-service
relationship in a Service Oriented Architecture for composing services by introducing EZWeb
in an enterprise context. The authors also refer to the work of Yu and Woodard [2009] who
propose the ecosystem of Mashups which shows one of the major and interesting properties
in social network, power-law distribution. The authors also refer to the work of Greenshpan
et al. [2009] to compute completions of Mashups. Maaradji et al. [2011] propose a fast and
efficient algorithm FESMA for computing frequent patterns and recommending completions fo
Mashups. FESMA uses a compact prefix tree to store all sequences by scanning the database
only once. FESMA also integrates a social-oriented composition framework SocialComposer
(SoCo). To improve the full completion problem, the authors introduce community-based rec-
ommendation strategy and grained strategy to extract interactions between the entities of the
social networks. They experimented with the FESMA algorithm to measure the overhead gen-
erated by the social dimension. The authors claim from their comparison experiment that
FESMA has better performance than the Apriori algorithm and so even other algorithms. The
authors observe that FESMA can manage very short frequent patterns which generally creates
problem to existing techniques because of their large number. The authors also claim that the
minimum support does not influence the performance of the method. From the performance
evaluation experiment, the authors claim that the algorithm’s runtime responses keep the same
behavior with an average of 25% of overload for social dimension. They state that their new
algorithm is innovative since it offers fine grained recommendations. They also claim that their
approach leverages both the community-based principles and a social dimension with a well
balanced importance.

2.2 Mining for Graph Patterns

A social network is made of social entities such as individuals, corporations, collective social
units or organizations that are linked to other entities as their next-to-kin, friend, collaborator,
co-author, classmate, co-worker, team member or business partner. Ugai and Aoyama [2009],
Ham et al. [2009], and Leung and Carmichael [2010] work with Social Computing to compu-
tationally facilitate social studies and human-social dynamics in social networks as well as to
design and use information and communication technologies for dealing with social context.
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Hsieh and Li [2010] tackled the problem of trivial and redundant interactions within current
social networking services. Real world social activities usually follow a certain periodic property,
and the authors consider those activities as a temporal snapshot to find the relationships of
the social network so that these social interactions help to analyse several fields such as disease
modeling, cultural and information transmission, behavioural ecology. Hsieh and Li [2010]
refer to the work of Agrawal and Srikant [1994] who introduce sequential pattern mining using
a method GSP, Pei et al. [2001] who introduce PrefixSpan, Zaki [2001] who introduces SPAD
and Ayres [2002] who introduces SPAM. Hsieh and Li state that all of them are based on the
Apriori method. Yan et al. [2003] present CloSpan and CloseGraph for mining closed sequential
pattern and frequent closed graph patterns respectively. Wang et al. [2007] present BIDE to
mine closed sequential patterns. Hsieh and Li [2010] state that mining all frequent patterns
may consume a huge amount of time and storage. Graph mining methods are usually applied
on the graphs which do not contain interval based temporal information and so the sequential
mining and the graph mining are not efficient methods of finding closed patterns in temporal
heterogeneous information network. They propose the TSP-algorithm based on PrefixSpan,
BIDE and considering the connected requirements to mine closed frequent temporal subgraph
patterns of social networks in a temporal HIN(Heterogeneous Information Network) database.
In this algorithm, a pattern is represented by a sequence of nodes and edges where each edge
is labeled by the relation associated with a time interval. The authors experimented with their
algorithm by using synthetic and real datasets to compare with the modified Apriori algorithm
proposed by Agrawal and Srikant [1994]. The authors claim to have faster execution ability
than the modified Apriori. As the minimum support gets smaller, the runtime of the modified
Apriori increases sharply but TSP increases slowly, and hence the modified Apriori is more
sensitive to the minimum support. The memory usage of the TSP is less than the modified
Apriori.

3. MINING PERIODIC BEHAVIOUR OF SOCIAL NETWORK

Social networks are graphs that are used to model and analyze the structure of relationships
between a set of entities. The discovery of all interaction patterns that occur at frequent time
intervals, can be mined using periodic subgraph mining. The periodic behaviour mining relies
on two potential applications such as periodic interaction patterns can be of qualitative interest
in and of themselves, and by virtue of repeating regularly periodic behaviour can be predictable
behaviour.

Social network analysis is used in variety of fields such as the Internet, animal behaviour,
e-mail habits, mobile phone usage patterns, and co-authorship patterns in research publica-
tions. Lahiri and Berger-Wolf [2008] refer to the work of Juang et al. [2002] who tag wild herds
of animals with tracking devices in order to study their movements and social patterns and
Fischhoff et al. [2007] who show periodic subgraphs in wild movements correspond to seasonal
association or mating patterns which are of biological interest especially if these patterns are
hidden in huge amounts of effectively random animal movements and associations. Lahiri and
Berger-Wolf mention that periodic behaviour can be predictable behaviour and they refer to
the work of Eagle and Pentland [2007] who use dynamic mining predictable interactions from
sensor logs in various types of ubiquitous and mobile computing. Lahiri and Berger-Wolf also
refer to the work of Kempe et al. [2000] and Berger-Wolf and Saia [2006] who detect commu-
nities and analyze graph theoretic properties, Newman [2001] and Baradasi et al. [2002] and
Leskovec et al. [2005] who use random graph models for frequently occurring patterns, Desikan
and Srivastava [2004] and Borgwardt et al. [2006] who use mining for frequently occurring
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patterns.

Lahiri and Berger-Wolf [2008] propose a new polynomial time, single pass algorithm based
on frequent pattern mining in transactional and graph databases, and periodic pattern mining
in unidimensional and multidimensional sequences, to obtain periodic behaviour in dynamic
network. To rank mined subgraphs according to how perfectly periodic they were, the authors
propose a new measure purity. The base of the algorithm is a pattern tree that maintains in-
formation about all periodic patterns in a timestep manner. As each new timestep is read, the
pattern tree is traversed and updated, and if any patterns are no longer periodic are flushed,
and new periodic patterns are also created. They have prove that there are at most a polyno-
mial number of closed periodic subgraphs embeddings in any dynamic network and obtain an
exact upper bound on this number and the mining problem is in the complexity class polyno-
mial. The algorithm accepts minimum support threshold default as 2, minimum and maximum
period, and maximum jitter in period default as 0. The algorithm maintains the pattern tree
and a subgraph hash map data structures. The worst case time complexity is O((V +E)T 3lnT ).

Lahiri and Berger-Wolf [2010] refer to the Apriori-inspired approaches of Han et al. [1999]
who introduce one of the first algorithms to mine partial periodic patterns in multidimensional
sequences through pattern space using a prefix-based data structure called max-subpattern tree,
Ma and Hellerstein [2001] who propose two level-wise algorithms for mining periodic patterns
in the presence of both partial periodicity and imperfect periodicity. The authors also refer to
the work of Yang et al. [2001, 2002, 2003] who propose another level-wise mining algorithm for
detecting ’surprising’ periodic patterns and imperfect periodic patterns. Lahiri and Berger-Wolf
[2010] mine a minimal set of patterns to cover all periodic occurrances of all periodic subgraphs
to eliminate patterns with periods that are multiples of a base period unless they convey some
new information about a periodic occurrence. They propose a single-pass, polynomial time
and space algorithm for mining all closed periodic subgraph embeddings (PSE) in a dynamic
network, called PSEMINER. For each timestep, PSEMINER maintains a list of all PSEs seen
up to timestep t in a simple data structure called a pattern tree which also tracks subgraphs.
Once PSEs cease to be periodic , they are flushed from the tree and written to the output
stream if they satisfy certain conditions like the minimum support. As each timestep is read
from the data stream, the pattern tree is updated with the new information which could involve
modifying, adding and deleting tree nodes. Lahiri and Berger-Wolf [2010] experimented with
their algorithm using four real-world dynamic social networks such as Enron e-mails, Plains
zebra, Reality mining and the Internet Movie Database (IMDB) and found that Reality mining
takes much more time to complete mining than the much larger Enron dataset due to the
density of periodic patterns in it. In a dynamic network with T timesteps, their algorithm has
at most O(T 2lnTσ ) closed PSEs at minimum support σ.

4. MINING AND VISUALIZING SOCIAL NETWORKS

While it is important to discover useful frequent social patterns from social networks, it is
equally important to be able to visualize these patterns because having a visual representation
is generally more comprehensive than its textual representation. Common visual represen-
tations include node-link diagrams where each node represents a social entity and each edge
connecting two nodes represents a relationship or interaction between them. The visualization
can also be represented as an adjacency matrix.

Leung and Carmichael [2010] refer to the work of Lim et al. [2008], Indratmo and Vassileva
[2009], Mislove et al. [2010] to discover knowledge from social networks, and these types of
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knowledge as predicting interests of the social entities introduce by Agarwal et al. [2009],
identifying trends introduced by Gloor et al. [2009], discovering suspicious groups introduced
by Fard and Ester [2009], detecting anomalies introduced by Zhan et al. [2009], and learning
influence probabilities introduced by Goyal et al. [2010]. Leung and Carmichael refer to the fre-
quent pattern mining approach introduced by Agarwal et al. [1993] aimed to analyse shoppers’
market basket data. But these visualization systems are designed to visualize results of data
mining other than frequent pattern mining, and the frequent pattern visualizers are designed
for visualizing shoppers’ market baskets instead of social networks. Leung and Carmichael pro-
pose SocialViz visualizer to show users the connections involving multiple social entities and
provide users with frequency information about connections. The visualizer is connected to a
frequent pattern mining engine such as Apriori algorithm introduced by Agarwal et al. [1994]
or FP-growth algorithm introduced by Han et al. [2000], and after mining SocioViz represents
the patterns in a two-dimensional space where the x-axis lists the social entities and the y-axis
shows their frequencies. SocialViz provides interactive features for selection/filtering so that
users are focus on certain portions of the social network.

Co-authorship networks are one kind of social network where researchers are linked by their
joint publications, contain rich sets of valuable data. Mining this network is helpful in applica-
tions like academic author ranking and expert recommendation. Mining tasks that is finding
frequent patterns about collaboration teams can different types such as classifying origins of
researcher names and analyzing sportiveness between pairs of researchers. While it is important
to discover useful frequent social patterns from co-authorship networks, it is equally important
to be able to visualize these patterns because having a visual representation is normally more
comprehensive to users than its textual representation. Leung et al. [2011] refer to the work of
Misue [2008] and Han et al. [2009] who propose hypergraphs and bipartite graphs respectively
to capture multi-researcher co-authorship and Hansen et al. [2011] who propose node-link di-
agrams for visual representations of social networks, where each node represents a researcher
and each edge represents a co-authorship. But node-link diagrams do not necessarily capture
frequency information associated with researchers and their co-authorship, for example, number
of papers authored by a researcher or the number of joint publications between two researchers.
Furthermore as the frequency information is captured implicitly by hypergraphs or bipartite
graphs, users may encounter difficulties in counting frequency due to overlapping clusters.

4.1 Exploring Social Networks with Visual Tools

SocialViz proposed by Leung and Carmichael [2010] represents frequent patterns in a two-
dimensional space where x-axis provides two options to the users such as canonical order which
facilitates easy lookup of some specific individuals of interest, and descending frequency order
which gives users a quick insight about the frequency distribution of individuals in the net-
work. On the y-axis, SocialViz either shows frequencies in linear scale or explicitly lists only
those existing frequencies values. SocialViz shows each pairwise connection between two social
entities as a horizontal line avoiding crossing over of lines, each individual as a filled diamond,
and a set of k multiple social entities as a horizontal line connecting an unfilled diamond, k− 2
unfilled circles and a filled circle.

Leung et al. [2011] propose SocialVis using SocialViz that visualizes co-authorship networks.
The tool first applies frequent pattern mining algorithms to find teams of frequently collaborat-
ing researchers and their collaboration frequencies. Then SocialVis represents the discovered
frequent patterns in a two-dimensional space where the x-axis lists the researchers and the
y-axis shows the number of their publications. To visualize individual researchers, SocialVis
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represents the number of papers using a diamond-shaped icon in the 2D space. To visualize
the pairs of researchers, SocialVis represents each pairwise connection using a horizontal line
linking the left-pointing and right-pointing triangles in the form of a bi-direction arrow. To
visualize the collaborating researchers in teams, SocialVis uses a horizontal line to connect two
triangles and k-2 circles representing all k researchers in a team where the y-position of the line
indicates the number of their joint publications. To distinguish a complete team from a partial
team, SocialVis replaces the right-pointing triangle with a black bar for the complete team.
SocialVis serves either as a standalone visual analytic tool for finding interesting relationships
among multiple entities in the networks, or as a complement to existing visulizers by providing
users with additional quantitative information.

5. SOCIAL NETWORK TREND ANALYSIS

A frequent pattern trend is a sequence of time-stamped occurrence values for specific frequent
patterns that exist in the social network data that is generated according to epochs. Mining
can be applied in static context which ignores the temporal aspects of the network, or in a
dynamic context which takes temporal aspects. In a static context, patterns are found and
cluster them to group subsets of the networks or build classifiers to categorize nodes and links.
In dynamic context, relationships between the nodes in the network are identified by evaluating
the spatio-temporal co-occurrences of events.

Nohuddin et al. [2010] refer to the work of Agrawal et al. [1993] who introduce Association
Rule Mining (ARM) to find all frequently occurring combinations of a global set attributes that
exist in a binary-valued data set and from these combinations extract relationships defined in
terms of association rules. Subsequent to the ARM algorithm, many alternative algorithms
have been referred such as FP-growth introduced by Han et al. [2000] and Total-From-Partial
(TFM) algorithm introduced by Coenen et al. [2001]. Nohuddin et al. also refer to the work
of Gloor et al. [2008] who introduce a trend analysis algorithm to generate trend s from Web
resources by calculating the values of temporal betweenness of online social network node and
link structures to observe and predict trends on the popularity of concepts and topics such as
brands, movies and politicians. Nohuddin et al. also refer Jumping and Emerging Patterns to
identify trends in time stamped sequences of binary valued ARM data where Emerging Patterns
introduced by Dong and Li [1999] describe patterns with support counts change between time
stamps, and Jumping Patterns introduced by Yu et al. [2004] describe patterns whose support
counts change drastically from one time stamp to another.

Nohuddin et al. [2010] use the Total-From-Partial (TFP) algorithm to identify frequent
pattern and modify it to identify temporal sequences of frequent patterns. But this process
generate a great many trends, so they use a Self Organising Map (SOM) introduced by Cottrell
and Rousset [1997] to cluster similar trends which results in a sequence of maps, one per epoch.
These map can then be compared, an interesting trend is defined as a trend whose location
changes significantly from map to map.

Nohuddin et al. [2011] propose a trend mining mechanism as an unusual application of social
network mining with respect to the Cattle Tracing System (CTS) database in operation in
Great Britain, and a mechanism for generating frequent pattern trends, a process for assisting
the analysis of the identification trends using SOM technology, and an approach to identify
interesting changes in trends.
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The trend mining approaches proposed by Nohuddin et al. [2010, 2011] comprise the following
two stages:

5.1 Frequent Pattern Trend Mining (FPTM)

The input to the FPTM framework is a sequence of n time stamped social networks partitioned
into m epochs. The records in each data set comprise some subsets of a global set of binary
valued attributes A. The set of trends T is obtained by using an extension of the TFP algorithm
introduced by Coenen et al. [2001] called TM-TFP algorithm developed by Nohuddin et al.
[2010]. To limit the overall number of patterns, Nohuddin et al. [2011] use a support threshold
in the same way as in ARM. TM-TFP has two set enumeration tree style storage structures,
the P-tree and the T-tree, where the P-tree is used to summarise the input data and stores
partial support counts; and the T-tree then stores the frequent item sets contained in the input
dataset generated from the P-tree.

5.2 Trend Cluster Using SOM

The FPTM results a great many trend lines which makes difficulty for the decision makers
to interpret the result. Hence Nohuddin et al. [2010, 2011] cluster similar trends using SOM
algorithm, one map per epoch. The SOM is initialized with nxm nodes such that each node
represents a category of trend. The SOM is then trained using the trend lines associated with
the first epoch. The resulting prototype map is then populated with the data for the remaining
E2toEm epochs to produce a sequence of m maps and temporal trend analysis is then applied to
them. The temporal trend changes are defined in terms of the distance a trend moves between
two subsequent SOM maps and encoded in a d̈istance movedm̈atrix. The greater the distance
moved, the more interesting the trend is deemed to be.

Nohuddin et al. [2010] experimented with their framework using a social network derived
from the Cattle Tracing System (CTS) database, and Nohuddin et al. [2011] experimented
with their framework using a social network derived from the Cattle Tracing System (CTS)
database and a star network derived from the Deeside Insurance data. The authors claim from
their experiment that their proposed mechanisms are very useful to identify changes in trends
discovered in the social networks.

6. CONCLUDING COMMENTS

This survey reviews research on social network analysis and mining that searches the social
network for implicit, previously unknown, and potentially useful knowledges such as social re-
lationships, communities. The analysis has been categorized into three steps in this survey by
describing the mining of periodic behaviour of a social network and exploring it in a visual
approach and then analyzing the social network trends. The analysis of social networks is a
relatively new field and recent work has focused on random graph models for the generation
of social networks, mining for frequently occurring patterns, detecting communities and ana-
lyzing graph theoretic properties. Examples of mining tasks include predictive links, learning
influence probabilities, discovering suspicious groups, and frequent pattern mining which was
firstly introduced by Agrawal et al. [1993] to analyze shopping market basket data for revealing
shopper behaviour and now a days very efficient for discovering important social information
from social networks.

This survey reviewed 4 journal papers and 6 conference papers. The following table represents
a summery of these papers:
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Year Authors Title Papers Citing
This Paper

Major Contribution

2008 Lahiri
and
Berger-
Wolf

Mining peri-
odic behavior
in dynamic
social networks

Lahiri and
Berger-Wolf
2010

Combine concepts from fre-
quent pattern mining and ear-
lier formulations of periodic
pattern mining for mining all
periodic subgraphs. Also
accommodate the mining of
noisy periodic subgraphs in
which the period is almost
constant.

2009 Adnan et
al.

Identifying
Social Com-
munities by
Frequent Pat-
tern Mining

none Focus on how a user of the
data connected to the in-
formation represented by the
data and form the social net-
work as frequent closed pat-
terns and select only a few fre-
quent closed patterns based on
an entropy measure to rank
the significant features pre-
sented in the social network
nodes.

2010 Hsieh and
Li

Mining tempo-
ral subgraph
patterns in
heterogeneous
information
networks

none Mine the closed frequent tem-
poral subgraph patterns which
helps characterizing and ana-
lyzing the social interactions.
The mining process reduces
the number of candidate pat-
terns and eliminate non-closed
patterns, and so this pro-
cess is more scalable than the
Apriori-like algorithms.

2010 Lahiri
and
Berger-
Wolf

Periodic sub-
graph mining
in dynamic
networks

none Mine a minimal set of period-
ically recurring subgraphs to
capture all periodic behaviour
in a social network including
a smoothing mechanism for
mining subgraphs that are not
perfectly periodic, and also
rank mined subgraphs accord-
ing to how perfectly periodic a
subgraph is.
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Year Authors Title Papers Citing
This Paper

Major Contribution

2010 Leung
and
Carmichael

Exploring so-
cial networks:
a frequent
pattern vi-
sualization
approach

Leung et al.
2011

Explore the social network
to visualize frequency infor-
mation on social relationship
among multiple entities in the
network using frequent pat-
tern mining.

2010 Nohuddin
et al.

Frequent pat-
tern trend
analysis in
social networks

none Identify and extract trends in
social network data, grouping
those trends and then identify
the most interesting trends.

2010 Slaninová
et al.

User segmenta-
tion based on
finding commu-
nities with sim-
ilar behavior on
the web site

none Automatic user segmentation
based on similar behavioural
patterns that are extracted us-
ing process mining and are
clustered by finding communi-
ties.

2011 Leung et
al.

Visual analyt-
ics of social
networks:
mining and
visualizing
co-authorship
networks

none Use frequent pattern mining
to discover implicit, previ-
ously unknown and poten-
tially useful social informa-
tion such as teams of mul-
tiple frequently collaborating
researchers, their composition
and their collaboration fre-
quency and represent them to
users through a visualization
tool.

2011 Maaradji
et al.

Social web
mashups full
completion via
frequent se-
quence mining

none Compute frequent sequences
of social networks and recom-
mend completions of web full
mashups. The proposed ap-
proach is integrated and im-
plemented in a social- ori-
ented composition framework
named Social Composer devel-
oped at Bell Labs.

2011 Nohuddin
et al.

Social network
trend analysis
using frequent
pattern min-
ing and self
organizing
maps

none The social network trends are
mined in terms of support val-
ues for specific patterns and
are grouped using Self Organ-
ising Map and then a cluster
analysis technique is used to
identify interesting trends.
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By a thorough analysis it can be concluded that all the research papers are based on graph
data management and mining, and a visual representation of the networks has greater expressive
power that helps users to gain insights about the useful information mined from the networks
and their feedbacks, and hence it provides validation and evolution of the methods also.

As a conclusion to this survey, we present future works that have been identified by some of
the researchers. Lahiri and Berger-Wolf [2010] state that the capabilities of their PSEMINER
algorithm can be fully explored if the results of the mining process are presented or visualized
in a concise but insightful manner. The concept of noise could also be extended to discover
noisy subgraphs instead of just noisy periodicities.

Leung et al. [2011] state that the visualization method of SocialVis for the co-authorship
networks can be extended to analysis and visualize higher dimensional relationships such as
where did the research papers published that is the venue and when did the papers published
that is the year.

To improve the response time of FESMA, Maaradji et al. [2011] state that the coldstart
problem that is automated data modeling and the behaviour of small sequences can be consid-
ered.
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8. ANNOTATIONS

8.1 Adnan 2009

Adnan, M., Alhajj, R. and Rokne, J. 2009. Identifying Social Communities by Frequent Pattern Mining. In
Proceedings of the 13th International Conference on Information Visualisation. Vol. 1. IEEE, 413–418.

Problem. Data stored in raw format provides very little decision making power. Hence data
mining techniques are required. But in case of massive network i.e., social network, most of the
techniques provided little or no knowledge on how users of those data are connected to each
other. Connecting people to useful information and to information to which other people are
connected in a social network are important to make decision.
Previous Work. The authors refer to the work of Kernighan and Lin [1970], Scott [2000],

Flake et al. [2002], Girvan and Newman [2002], Tyler et al. [2003] and Radicchi et al. [2004],
Palla et al. [2005] who researched on finding community structures from social networks. Khan
et al. [2002] worked with text-based segmentation of chat room conservations, Mika [2004] and
Staab et al. [2005] worked with Google webpage frequency, Matsumura et al. [2005] worked
with influence diffusion model to establish relationship between actors of social networks.
Shortcomings of Previous Work. The authors state that most of the modeling methods are

application specific and lack a generalized guideline to model social networks.
New Approach. The authors propose a social network extraction framework using frequent

closed patterns based on entropy measure to discover communities from the dataset. In this
framework statistical analysis and social network visualization tools can be used to provide
feedbacks.
Experiments. The authors experimented with the framework for synthetically generating a

set of entities and their respective data storages. They experimented with email of people who
have more than 1000 emails in the inbox, using Enron email data.
Results of the Experiment. The authors claim that the features extracted from social network

using their framework carry the community structure information.
Claims. The authors state that the social network extracted from the data sources represents

the useful communities accurately.
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8.2 Hsieh 2010

Hsieh, H. and Li, C. 2010. Mining temporal subgraph patterns in heterogeneous information networks. In
Proceedings of the 2nd International Conference on Social Computing (SocialCom). Vol. 1. IEEE, 282–287.

Problem. Current social networking services have the problem of trivial and redundant
interactions. Mining all those interactions requires a huge amount of time and space. Hence an
automatic mechanism is needed to find significant and meaningful interactions which can help
us to do decision making in various fields such as disease modeling, cultural and information
transmission and behavioural ecology.
Previous Work. Hsieh and Li refer to the work of Agrawal and Srikant [1994] who introduce

sequential pattern mining using a method GSP, Pei et al. [2001] who introduce PrefixSpan, Zaki
[2001] who introduces SPAD and Ayres [2002] who introduces SPAM. Hsieh and Li state that all
of them are based on the Apriori method. Yan et al. [2003] present CloSpan and CloseGraph
for mining closed sequential pattern and frequent closed graph patterns respectively. Wang
et al. [2007] present BIDE to mine closed sequential patterns.
Shortcomings of Previous Work. The authors state that mining all frequent patterns may

consume a huge amount of time and storage. Graph mining methods are usually applied on
the graphs which do not contain interval based temporal information and so the sequential
mining and the graph mining are not efficient methods of finding closed patterns in temporal
heterogeneous information network.
New Approach. Real world social activities usually follow a certain periodic property, and

the authors consider those activities as a temporal snapshot to find the relationships of the
social network so that these social interactions help to analyse several fields such as disease
modeling, cultural and information transmission, behavioural ecology. The authors propose the
TSP-algorithm based on PrefixSpan, BIDE and considering the connected requirements to mine
closed frequent temporal subgraph patterns of social networks in a temporal HIN(Heterogeneous
Information Network) database. In this algorithm, a pattern is represented by a sequence of
nodes and edges where each edge is labeled by the relation associated with a time interval.
Experiments. The authors experimented with their algorithm by using synthetic and real

datasets to compare with the modified Apriori algorithm proposed by Agrawal and Srikant
[1994]. Both algorithms were implemented in Microsoft Visual C# 2005 and performed on an
IBM Compatible PC with Intel Core 2 Quad CP Q6600 @2.40GHz and 3GB main memory, to
test runtime and memory usage.
Results of the Experiments. The authors claim to have faster execution ability than the

modified Apriori. As the minimum support gets smaller, the runtime of the modified Apriori
increases sharply but TSP increases slowly, and hence the modified Apriori is more sensitive to
the minimum support. The memory usage of the TSP is less than the modified Apriori.
Claims. The authors state that their proposed algorithm can efficiently mine close frequent

temporal subgraph patterns; it is memory reduced. They claim that their proposed algorithm
is more efficient and scalable than the Apriori-like algorithms.

8.3 Lahiri 2008

Lahiri, M. and Berger-Wolf, T. 2008. Mining periodic behavior in dynamic social networks. In Proceedings

of the 8th International Conference on Data Mining. Vol. 1. IEEE, 373–382.

Problem. In a social network, it is hard to detect interaction patterns which are infrequent.
Frequent and periodic pattern mining methods generate a very large number of small patterns
but highest minimum support values. Significant patterns could occur at lower supports and
could be lost in the sheer number of such patterns and so important social interactions may
not be detected.
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Previous Work. The authors refer to the work of Han et al. [1999], Yang et al. [2002], He
and Singh [2006] on formulations of periodic pattern mining, and to the work of Han et al.
[2007] on frequent pattern mining. Furthermore they refer to Elfeky et al. [2005] to utilize the
conception of a projection in order to count all closed periodic supports.
Shortcomings of Previous Work. No shortcomings of previous work are mentioned by the

authors.
New Approach. The authors propose a new polynomial time, single pass algorithm based

on frequent pattern mining in transactional and graph databases, and periodic pattern mining
in unidimensional and multidimensional sequences, to obtain periodic behaviour in dynamic
network. To rank mined subgraphs according to how perfectly periodic they were, the authors
propose a new measure purity. The base of the algorithm is a pattern tree that maintains
information about all periodic patterns in a timestep manner. As each new timestep is read,
the pattern tree is traversed and updated, and if any patterns are no longer periodic are flushed,
and new periodic patterns are also created.
Experiments. The authors implemented their algorithm in C++ and ran it on a dual-core

AMD Athlon 64 system with 2GB of RAM and Linux Kernel 2.6.24; using four real-world
dynamic social networks such as Enron E-mails, Plains Zebra, Reality Mining, and IMDB
Celebrities. In that experiment, Google dense hash map library was used for subgraph hash
map; and for intractable mining they started their experiment at a very high minimum support
value and gradually reduced it until either the size of the mined pattern file exceeded 512MB
or the algorithm did not terminated after 5 days.
Results of the Experiments. The authors claim that the algorithm gets the inherent peri-

odicity in the datasets with no previous knowledge and can be used as a tool for tentative
analysis.
Claims. The authors state that their algorithm is highly tractable in terms of execution time

and storage. They also state that their algorithm is a tractable, polynomial and meaningful al-
ternative to use frequent subgraph mining by efficiently mining all periodic patterns in dynamic
networks.

8.4 Lahiri 2010

Lahiri, M. and Berger-Wolf, T. 2010. Periodic subgraph mining in dynamic networks. Journal of Knowledge
and Information Systems 24, 3, 467–497.

Problem. In social networks, interactions that occur regularly correspond to significant in-
teraction patterns, yet are often infrequent and hard to detect. These periodic behaviours hold
special meaning in real world system indicating interesting relationships between the individ-
uals involved in the interactions. Analysing the periodicities presents opportunities for social
science research as well as commercial applications such as recommender systems, traffic analy-
sis and user modelling. Periodic subgraphs can be an effective way to uncover and characterize
these natural periodicities in a system.
Previous Work. The authors refer to the Apriori-inspired approaches of Han et al. [1999]

who introduce one of the first algorithms to mine partial periodic patterns in multidimensional
sequences through pattern space using a prefix-based data structure called max-subpattern tree,
Ma and Hellerstein [2001] who propose two level-wise algorithms for mining periodic patterns
in the presence of both partial periodicity and imperfect periodicity. The authors also refer to
the work of Yang et al. [2001, 2002, 2003] who propose another level-wise mining algorithm for
detecting ’surprising’ periodic patterns and imperfect periodic patterns.
Shortcomings of Previous Work. No shortcomings of the previous work are mentioned by the

authors.
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New Approach. The authors propose a single-pass, polynomial time and space algorithm for
mining all closed periodic subgraph embeddings (PSE) in a dynamic network, called PSEM-
INER. For each timestep, PSEMINER maintains a list of all PSEs seen up to timestep t in a
simple data structure called a pattern tree which also tracks subgraphs. Once PSEs cease to
be periodic , they are flushed from the tree and written to the output stream if they satisfy
certain conditions like the minimum support. As each timestep is read from the data stream,
the pattern tree is updated with the new information which could involve modifying, adding
and deleting tree nodes.
Experiments. The authors experimented with their algorithm using four real-world dynamic

social networks such as Enron e-mails, Plains zebra, Reality mining and the Internet Movie
Database (IMDB). They also used artificial data to compare the performance of their algorithm
with a periodic pattern mining algorithm SMCA. The authors implemented their algorithm in
C++ and the subgraph hash map was implemented using the Google dense hash map library
optimized for speed over memory usage.
Results of the Experiments. The authors claim from their experiment that Reality mining

takes much more time to complete mining than the much larger Enron dataset due to the
density of periodic patterns in it. The authors observe that their algorithm takes less than
30s to execute and uses less than 40MB of memory in all cases and restricting the maximum
period has a very significant effect on the performance of the algorithm. The authors also
observe that limiting the maximum period of mined patterns has a large impact on reducing
the tree size. The authors claim that a large number of descriptors are flushed from the pattern
tree when the empty timesteps are encountered. The Enron and Reality mining datasets show
strong daily and weekly periodicities. They claim that their algorithm is able to capture and
characterize plausible natural periodicities in human interactions with no prior knowledge about
the datasets.
Claims. The authors state that their algorithm efficiently mines all periodic patterns that

are meaningful for interesting patterns in dynamic networks. They claim that their technique
is able to discover plausible natural periodicities and shows promise as a tool for exploratory
analysis of interaction dynamics.

8.5 Leung 2010

Leung, C. and Carmichael, C. 2010. Exploring social networks: a frequent pattern visualization approach. In

Proceedings of the 2nd International Conference on Social Computing (SocialCom). Vol. 1. IEEE, 419–424.

Problem. A social network is a social structure made up of individuals or organizations and
relationships, connections or interactions between them. Having a visual representation of the
social network is more comprehensive to users than its textual representation. Many existing
visualizers represent the social network as a graph where graphs depict pairwise connections
between two social entities. But these visualizers may not show the connection strength or the
multi-entity relationship. Multi-entity relationship is very much important in social network
analysis to learn the interaction of the social entities.
Previous Work. The authors refer to the work of Lim et al. [2008], Indratmo and Vassileva

[2009], Mislove et al. [2010] to discover knowledge from social networks. The authors refer
these types of knowledge as predicting interests of the social entities introduce by Agarwal et
al. [2009], identifying trends introduced by Gloor et al. [2009], discovering suspicious groups
introduced by Fard and Ester [2009], detecting anomalies introduced by Zhan et al. [2009],
and learning influence probabilities introduced by Goyal et al. [2010]. The authors refer to
the frequent pattern mining approach introduced by Agarwal et al. [1993] aimed to analyse
shoppers’ market basket data.
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Shortcomings of Previous Work. The authors state that existing visualization systems are
designed to visualize results of data mining other than frequent pattern mining, and the fre-
quent pattern visualizers are designed for visualizing shoppers’ market baskets instead of social
networks.
New Approach. The authors propose SocialViz visualizer to show users the connections in-

volving multiple social entities and provide users with frequency information about connections.
The visualizer is connected to a frequent pattern mining engine and after mining SocioViz rep-
resents the patterns in a two-dimensional space where the x-axis lists the social entities and the
y-axis shows their frequencies.
Experiments. The authors experimented with their visualizer to assess the effectiveness in

conveying important social relationships and their frequency information. The experiment was
case-based within which users were required to answer different questions based on the useful
social information depicted by SocialViz on a coauthorship network. The experiment required
12 participants.
Results of the Experiments. The authors state that the experiment results show 75% of the

participants were able to identify the basic meaning behind the representations. The authors
also state that 10 participants were able to correctly answer all the given questions and clearly
describe all relationships and for the other two participants, each makes a mistake on one
question and misses two relationships.
Claims. The authors claim that their proposed SocialViz serves as a standalone visualizer by

revealing interesting relationships among entities in the social network and provides frequency
information to users that is usually unavailable in many existing visualizers.

8.6 Leung 2011

Leung, C., Carmichael, C., and Teh, E. 2011. Visual analytics of social networks: mining and visualizing
co-authorship networks. Journal of Foundations of Augmented Cognition. Directing the Future of Adaptive

Systems 6780, 335–345.

Problem. Co-authorship networks are one kind of social network where researchers are linked
by their joint publications, contain rich sets of valuable data. Mining this network is helpful
in applications like academic author ranking and expert recommendation. Mining tasks that
is finding frequent patterns about collaboration teams can different types such as classifying
origins of researcher names and analyzing sportiveness between pairs of researchers. While
it is important to discover useful frequent social patterns from co-authorship networks, it is
equally important to be able to visualize these patterns because having a visual representation
is normally more comprehensive to users than its textual representation.
Previous Work. The authors refer to the work of Misue [2008] and Han et al. [2009] who pro-

pose hypergraphs and bipartite graphs respectively to capture multi-researcher co-authorship.
The authors also refer to the work of Hansen et al. [2011] who propose node-link diagrams
for visual representations of social networks, where each node represents a researcher and each
edge represents a co-authorship.
Shortcomings of Previous Work. The authors state that node-link diagrams do not necessarily

capture frequency information associated with researchers and their co-authorship, for example,
number of papers authored by a researcher or the number of joint publications between two
researchers. Furthermore they state that as the frequency information is captured implicitly
by hypergraphs or bipartite graphs, users may encounter difficulties in counting frequency due
to overlapping clusters.
New Approach. The authors propose a visual analytical tool SocialVis that visualizes co-

authorship networks. The tool first applies frequent pattern mining algorithms to find teams
of frequently collaborating researchers and their collaboration frequencies. Then SocialVis
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represents the discovered frequent patterns in a two-dimensional space where the x-axis lists
the researchers and the y-axis shows the number of their publications. To visualize individual
researchers, SocialVis represents the number of papers using a diamond-shaped icon in the
2D space. To visualize the pairs of researchers, SocialVis represents each pairwise connection
using a horizontal line linking the left-pointing and right-pointing triangles in the form of a bi-
direction arrow. To visualize the collaborating researchers in teams, SocialVis uses a horizontal
line to connect two triangles and k-2 circles representing all k researchers in a team where the
y-position of the line indicates the number of their joint publications. To distinguish a complete
team from a partial team, SocialVis replaces the right-pointing triangle with a black bar for
the complete team.

Experiments. The authors experimented with their tool by using case-based evaluation pro-
cess where users were required to answer different questions based on the information depicted
by SocialVis such as Ḧow many papers co-authored by Ng? Among them, how many were his
sole publication? Did Ng collaborate with Han & Lakshmanan together? What is the number
of their joint publications?̈. The authors recruited 18 participants without giving them any
information regarding what the icons and representations meant in the visualization.

Results of the Experiments. The authors claim that their experiment results show that 78%
of the participants were able to identify the basic meaning behind the representations and 22%
of the participants had slight problems in distinguishing entire teams from partial teams. Af-
terwards, the authors gave the participants information on how to read the graphs, and then all
participants were able to correctly answer all the questions. Moreover the authors claim that
while asking the same questions to the participants to answer using other graphical represen-
tations such as node-link diagrams, weighted socio-matrices, hypergraphs, dual hypergraphs,
and bipartite graphs, the participants were only able to answer questions about individual or
pairs of researchers but not teams of multiple researchers.

Claims. The authors state that SocialVis discovers useful social information and results of
collective intelligence from the networks and allows users to visualize this information clearly
and explicitly. They also state that SocialVis serve as a standalone tool for mining and visual-
izing the networks and as a complement to existing tools.

8.7 Maaradji 2011

Maaradji, A., Hacid, H., Skraba, R., and Vakali, A. 2011. Social web mashups full completion via frequent
sequence mining. In Proceedings of IEEE World Congress on Services (SERVICES). Vol. 1. IEEE, 9–16.

(Exactly on topic).

Problem. Web services have taken the form of Mashups where web applications combine
existing services such as API, data sources, etc., into a single integrated service. But problems
arise within a Mashup platform to suggest which Mashup best meets the user’s intention in
a reasonable amount of time. The scalability and the terminating condition of the Mashup
system are also big challenges to the improvement of Mashup creation time and quality.

Previous Work. To understand the social phenomena in Mashup platforms, the authors refer
to the use-case approach of Floyd et al. [2007] that highlights the APIs proliferation on the
web in parallel with the number of creative web users. The authors refer the work of Soriano et
al. [2008] who emphasize the growing importance of the user-service relationship in a Service
Oriented Architecture for composing services by introducing EZWeb in an enterprise context.
The authors also refer to the work of Yu and Woodard [2009] who propose the ecosystem of
Mashups which shows one of the major and interesting properties in social network, power-
law distribution. The authors also refer to the work of Greenshpan et al. [2009] to compute
completions of Mashups.
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Shortcomings of Previous Work. The authors state that previous sequence mining algorithms
scan the whole database more than once which is time consuming. These algorithms only keep
track of social information, they do not support the high number of possible combinations due
to the introduction of the user in the process.
New Approach. The authors propose a fast and efficient algorithm FESMA for computing

frequent patterns and recommending completions fo Mashups. FESMA uses a compact pre-
fix tree to store all sequences by scanning the database only once. FESMA also integrates a
social-oriented composition framework SocialComposer (SoCo). To improve the full comple-
tion problem, the authors introduce community-based recommendation strategy and grained
strategy to extract interactions between the entities of the social networks.
Experiments. The authors experimented with the FESMA algorithm using C++ library

on Intel Core 2 Duo T9600 with 2.8GHz of processor and 3GB of RAM, to compare the
performance to existing frequent pattern mining algorithm such as Apriori algorithm on three
different datasets. After that, the authors performed an evaluation process to measure the
overhead generated by the social dimension.
Results of the Experiments. The authors claim from their comparison experiment that

FESMA has better performance than the Apriori algorithm and so even other algorithms.
The authors observe that FESMA can manage very short frequent patterns which generally
creates problem to existing techniques because of their large number. The authors also claim
that the minimum support does not influence the performance of the method. From the perfor-
mance evaluation experiment, the authors claim that the algorithm’s runtime responses keep
the same behavior with an average of 25% of overload for social dimension.
Claims. The authors state that their new algorithm is innovative since it offers fine grained

recommendations. They also claim that their approach leverages both the community-based
principles and a social dimension with a well balanced importance.

8.8 Nohuddin 2010

Nohuddin, P., Christley, R., Coenen, F., Patel, Y., Setzkorn, C., and Williams, S. 2010. Frequent pattern
trend analysis in social networks. Journal of Advanced Data Mining and Applications 6440, 358–369.

Problem. In general frequent pattern mining algorithms, a great many trends in a social
network are typically identified, and so it is difficult to interpret the result from those trends.
So difficulties arise to find trends which are more interesting in the social network.
Previous Work. The authors adopt the Association Rule Mining (ARM) algorithm proposed

by Agrawal et al. [1993] along with an established frequent pattern mining algorithm Total-
Form-Partial (TFP) proposed by Coenen [2004] to identify frequent patterns. The authors
refer to a Self Organising Map (SOM) proposed by Cottrell and Rousset [1997] which is used
by Somaraki et al. [2010] to cluster similar trends according to pre-defined protocols.
Shortcomings of Previous Work. No shortcomings of the previous work are mentioned by the

authors.
New Approach. The authors propose a social network framework Frequent Pattern Trend

Mining (FPTM) by identifying and extracting trends in social network data, grouping those
trends and then identifying the most interesting trends. The input to the framework is a
sequence of n time stamped social networks, partitioned into m sub-sequences (epochs) of n/m
time stamps each. Interesting trends are found as those whose shape changes across two or
more epochs. Shape changes are captured by plotting identified trends on a sequence of SOM
maps, one per each epoch, and determining the distance each trend moves between subsequent
maps. The greater the distance the more interesting the trend is considered to be.
Experiments. The authors experimented with their FPTM framework using two non-standard

types of social network characterised by star network. One of them was Deeside insurance quote
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network and another one was Great Britain Cattle Movement Network characterized. The
Deeside insurance quote network was extracted from records in customer database. Twenty-
four months of data were obtained where 400 records per month and in total 250 normalized
records with 314 attributes. The data was processed in 2008 and 2009 to produce a sequence
of 24 networks divided into 2 epochs comprising 12 months each. In the network, the nodes
comprised postal areas of UK and the links were the number of requests for specific types of
insurance quotes received for the given time stamp. Based on a pre-defined prototype map, a
sequence of m maps were generated and those maps were transferred into a matrix for trend
analysis. The cattle movement network was extracted the Cattle Tracing System database
which was introduced in September 1998 and updated in 2001. The database kept record of
all cattle movements in Great Britain where each record described the movement of each beast
between two holding locations identified by a unique ID. In the network, the nodes comprised
a geographical location and the links were the specific types of cattle movement. For both
networks, the author applied a number of pattern constraints to reduce the number of patterns
to be considered.
Results of the Experiments. The authors claim that when the pattern constraints were im-

posed in the experiment, the number of records to be considered is naturally reduced and so
fewer trends are discovered. They claim that as the support threshold increases, the number
of trends decreases. The authors also claim that their experiment shows the trend shape has
changed significantly, so it is marked as interesting trend.
Claims. The authors state that their framework can be used to identify interesting trends in

social network data very efficiently.

8.9 Nohuddin 2011

Nohuddin, P., Christley, R., Coenen, F., Patel, Y., Setzkorn, C., and Williams, S. 2011. Social network
trend analysis using frequent pattern mining and self organizing maps. In Research and Development in

Intelligent Systems XXVII. Vol. 1. Springer-London, 311–324.

Problem. Social network mining is a popular area of study which extracts important and
useful trends from social networks. Trend recognition process can be applied to both qualitative
and quantitative data such as the forecasting of financial market trends based on numeric
financial data, and usage of text bodies in business news. These types of trend mining can also
be helpful for monitoring data for abnormalities and faults in industrial production. But using
many mining mechanism, a significant number of trends may be identified, too many to allow
simple inspection by decision makers.
Previous Work. The authors refer to the work of Agrawal et al. [1993] who define the first

frequent pattern mining as a subset of attributes that frequently co-occur according to some
user specified support threshold by proposing Apriori algorithm. To consider the temporal
nature of frequent pattern the author refer to the work of Agrawal et al. [1995] who introduce
sequential patterns, Mannila et al. [1997] who introduce frequent episodes, Dong and Li [1999]
who introduce emerging patterns, and Khan et al. [2010] who introduce jumping and emerging
patterns. Furthermore, the authors refer to the work of Coenen et al. [2001] who propose ex-
tended Apriori algorithm called TFP (Total from Partial) and the authors adopt this algorithm
in this paper.
Shortcomings of Previous Work. No shortcomings of the previous work are mentioned by the

authors.
New Approach. The authors propose a Trend Mining Framework that comprise frequent

pattern trend mining, trend clustering and analysis of trend clusters. In the frequent pattern
trend mining step, the interesting patterns are collected by limiting the number of all patterns
using a support threshold. The authors use an extended version of TFP algorithm called TM-
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TFP which incorporate a TM-T-tree to store the desired patterns. The buildTM Tree method
processes the collection of T-trees built from the input data sets, and the addToTMtree method
add an item set node to the TM T-tree with its support value. The resulting trends are the
input data for the clustering process. For clustering, SOM (Self Organising Maps) approach
is used by initializing n x m nodes such that each node represents a category of trends and
one map is created per epoch. The SOM is then trained using the trend lines associated with
the first epoch. The resulting prototype map is then populated with data for all epochs to
produce a sequence of maps. Then a simple cluster analysis technique is applied to identify
trends that change location in the SOM associated with one epoch to the SOM associated with
a subsequent epoch. The change can be measured by translating the trend line maps into a
rectangular sets of coordinates and applying a Manhattan or Euclidean distance function. The
greater the distance moved, the more significant the change.
Experiments. The authors experimented with their framework using two applications: a

social network derived from the Cattle Tracing System (CTS) database, and a star network
derived from the Deeside Insurance data. The CTS database recorded all the movements
of cattle registered within or imported into Great Britain. The data from 2003 to 2006 was
extracted and stored in a single data warehouse such that each record represented a single cattle
movement instance associated with a particular year (epoch) and month (time stamp). The the
TM-TFP algorithm was applied to the network with three support threshold values, 0.5%, 0.8%
and 1.0%. The generated trends were clustered using the SOM technique initialized with 7 x 7
nodes, and trained using the frequent pattern trends produced for the earliest 2003 year, and
identified four categories of meta-pattern such as movement from start points, movements to
end points, movements fro start to end points and movements for other non spatial attributes.
The authors also experimented with their approach by Car Insurance data. In that experiment
they again used 7 x 7 SOM and trained using the 2008 data. The prototype map was then
populated with the 2008 and 2009 data to produce a sequence of two maps that could be
compared.
Results of the Experiments. The authors claim that their TM-TFP is able to generate frequent

time stamped patterns which can be sub-divided into epochs which may then be compared.
They also claim that by employing the SOM clustering method, the large number of trend
lines are grouped to facilitate a better understanding of the nature of the trends and using the
proposed cluster analysis mechanism, trend migrations also can be discovered.
Claims. The authors state that their proposed mechanism is very useful to identify changes

in trends discovered in the social networks.

8.10 Slaninová 2010

Slaninová, K., Dolák, R., Miskus, M., Martinovic, J., and Snasel, V. 2010. User segmentation based on
finding communities with similar behavior on the web site. In Proceedings of IEEE/WIC/ACM International

Conference on Web Intelligence and Intelligent Agent Technology (WI-IAT). Vol. 3. IEEE, 75–78.

Problem. E-commerce systems, web applications, web servers generate huge amounts of
data collections that are stored in large log files for further analysis for various reasons such
as system security, compliance with audit or regulation of processes, system trouble shooting,
social network analysis, web usability analysis, user clustering, etc. Web log analysis can be
helpful for such analysis.
Previous Work. The authors refer to the work of Shahabi et al. [1997] and Mobasher et al.

[2000] who propose similarity based session clustering, Wang et al. [2002] and Hay et al. [2004]
who propose sequence alignment method, Ting et al. [2009] who propose automatic identifi-
cation of web navigation behaviour patterns and Demir et al. [2010] who propose multiobject
evolutionary clustering of web page recommendation.
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Shortcomings of Previous Work. The authors state that the previous work is oriented to
clustering of user web behaviour or to clustering of user path navigation, but user segmentation
for finding communities based on similar behaviour is not presented.
New Approach. The authors propose the user segmentation and its visualization technique

using community structure analysis in social network. The method finds communities and
their visualization based on the similar user’s behaviour on the web site using process mining
techniques and communities with similar behavioural patterns are obtained through hierarchical
agglomerative clustering.
Experiments. The authors experimented with their approach by processing web log from

apache server and collecting data by applying the standard data preprocessing methods where
records from search engine and spiders were removed and only web site browsing was leaved.
Their experiment obtained a set of users U defined by the host identification using IP address
and a user’s paths were considered as the sequences S with user requests. The set of user requests
was defined using the combination of standard web log information FromMethod, URL address
and StatusCode. A sequence was then defined using user session on the web site. Because
of too high amount of sequences, the author performed the sequences reduction using cluster
analysis. Then from the obtained data set, the matrix U x S’ was created and consequently
matrix of similarity of of users was created. That matrix of similarity then visualized using
graph analysis tool called GraphViz.
Results of the Experiments. The authors claim that their clustering methods for the reduction

of the amount of types of the sequences and users’ clustering based on the similarity between
sequences, create clusters of users with similar activities, respectively similar behaviour on the
web site. The authors claim that they have obtained two dominant clusters that are most
popular sequences on the web, and then the authors find the components connected to other
subgraphs can be represented as relations between groups of users where these relations can
create synthetic social network on the basis of similar users’ behaviour.
Claims. The authors state that their method is generic enough to be applied on any do-

main like e-commerce or business application. They claim that their method can be used in
many spheres for example in information retrieval of users’ analysis in e-commerce systems,
recommended systems in e-shops, web site personalization or for further processing through
marketing methods.
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and V. Snášel, Eds. Computer Communications and Networks. Springer-London, 291–318.

Hsieh, H. and Li, C. 2010. Mining temporal subgraph patterns in heterogeneous information networks. In
Proceedings of the 2nd International Conference on Social Computing (SocialCom). Vol. 1. IEEE, 282–287.

Hsieh, H., Li, C., and Lin, S. 2011. Betracker: A system for finding behavioral patterns from contextual sensor

ACM Journal Name, Vol. V, No. N, Month 2012.



22 · Tamanna Sharmin Mumu

and social data. In Proceedings of the 11th International Conference on Data Mining Workshops. Vol. 1.

IEEE, 1227–1230.

Jacquemont, S., Jacquenet, F., and Sebban, M. 2009. Mining probabilistic automata: a statistical view of
sequential pattern mining. Journal of Machine learning 75, 1, 91–127.

Lahiri, M. and Berger-Wolf, T. 2008. Mining periodic behavior in dynamic social networks. In Proceedings

of the 8th International Conference on Data Mining. Vol. 1. IEEE, 373–382.

Lahiri, M. and Berger-Wolf, T. 2010. Periodic subgraph mining in dynamic networks. Journal of Knowledge
and Information Systems 24, 3, 467–497.

Leung, C. and Carmichael, C. 2010. Exploring social networks: a frequent pattern visualization approach. In

Proceedings of the 2nd International Conference on Social Computing (SocialCom). Vol. 1. IEEE, 419–424.

Leung, C., Carmichael, C., and Teh, E. 2011. Visual analytics of social networks: mining and visualizing

co-authorship networks. Journal of Foundations of Augmented Cognition. Directing the Future of Adaptive
Systems 6780, 335–345.

Li, Y., Lin, Q., Zhong, G., Duan, D., Jin, Y., and Bi, W. 2009. A directed labeled graph frequent pattern

mining algorithm based on minimum code. In Proceedings of the 3rd International Conference on Multimedia
and Ubiquitous Engineering. Vol. 1. IEEE, 353–359.

Maaradji, A., Hacid, H., Skraba, R., and Vakali, A. 2011. Social web mashups full completion via frequent

sequence mining. In Proceedings of IEEE World Congress on Services (SERVICES). Vol. 1. IEEE, 9–16.

Nohuddin, P., Christley, R., Coenen, F., Patel, Y., Setzkorn, C., and Williams, S. 2010. Frequent pattern
trend analysis in social networks. Journal of Advanced Data Mining and Applications 6440, 358–369.

Nohuddin, P., Christley, R., Coenen, F., Patel, Y., Setzkorn, C., and Williams, S. 2011. Social network

trend analysis using frequent pattern mining and self organizing maps. In Research and Development in

Intelligent Systems XXVII. Vol. 1. Springer-London, 311–324.

Nohuddin, P., Christley, R., Coenen, F., and Setzkorn, C. 2010. Trend mining in social networks: a study
using a large cattle movement database. Journal of Advances in Data Mining. Applications and Theoretical

Aspects 6171, 464–475.
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