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Abstract

A network is often an obvious choice for modeling real-life interconnected systems, where the nodes represent interacting
objects and the edges represent their associations. There has been immense progress in complex network analysis with
methods and tools that can provide important insights into the respective scenario. In the advancement of information
technology and globalization, the amount of data is increasing day by day, and it is indeed incomprehensible without the
help of network science. This work highlights how we can model multiple interaction scenarios under a single umbrella to
uncover novel insights. We show that a varying scenario gets reflected by the change of topological patterns in interaction
networks. We construct multi-scenario graphs, a novel framework proposed by us, from real-life environments followed by
topological analysis. We focus on two different application areas: analyzing geographical variations in SARS-CoV-2 and

studying topic similarity in citation patterns.

Keywords Topological Analysis - Multi-scenario Graphs - Graphlet and Graphlet Degree Distribution - SARS-CoV-2 -

Citation Network - Topic Similarity Network

Introduction

Network analysis is one of the essential tasks for an applica-
tion domain that deals with interconnected systems. This is
mainly for two reasons. First of all, the network provides an
excellent visual representation to realize the environment
and build intuitive ideas Pavlopoulos et al. (2008), So et al.
(2020), Jennifer and Chen (2005). Moreover, the complexity
of an interactive system lies in the collaborative contribu-
tion of many parts of the system; hardly, a single element
can do a task Booher and Innes (2002), Lorts et al. (2020).
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Therefore, a network model is the best way to reflect various
approaches to symbolize the interactions between real-life
objects.

On many occasions, we deal with environments that
encompass different sets of homogeneous objects connected
in a similar context. In biology, this could be thought of as
networks between different genes active in different tissue
types or country-specific networks between viral strains (say,
the strains of SARS-CoV-2). With a completely different
perspective, this could also be considered as networks of
collaborating researchers across different years, country-
specific networks of collaborating researchers, etc. We
can model these scenarios with a novel concept of multi-
scenario graphs. This will consider the networks (between
similar kinds of objects) evolving from multiple but similar
scenarios.

In this paper, we propose the novel concept of analyz-
ing multi-scenario graphs as a generic approach of studying
multiple complex networks. For demonstrating its generic-
ness, we employed it for two completely different applica-
tions. One is understanding the variability of SARS-CoV-2
(the virus attributed to COVID-19) strains across multi-
ple countries, and the other is unearthing topic similarity
in research publication networks. The motivations behind
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Topological Similarity

Scenario 1

Fig. 1 The approach of topological analysis on multi-scenario graphs
is shown. Different scenarios are depicted with separate graphs in
which the nodes are connected in a similar context. Based on topo-
logical similarity, further edges (with weights) are defined between

these applications are described hereunder. The Sect. 2 con-
tains basic terminologies and Sect. 3 describes some related
works. After that, in the Sect. 4, we state the methods as a
generic version followed by the Sect. 5, where we applied
this method in two different applications.

In the first application, we consider hundreds of viral
samples causing COVID-19 that are being sequenced all
over the world. A k-mer distribution of a sequence is the
count of nucleotides of size k found in it. The value of k
should be compromised between computational complexity
and the characteristics of the sequence. We found the k-mer
distribution of the virus sequences collected from different
geographical regions and built a k-mer network by embed-
ding that vector into a node. We found differences among
countries and continents, which supports the hypothesis of
fast mutation of this virus.

In the other application, we work on citation networks
that contain paper sources (denoting nodes) linked by co-
citation relationships (representing edges) Cawkell (1971),
Hummon and Dereian (1989). An author name and many
other details, like his/her age, country, research domain, uni-
versity, date of publication and citation, h-index, the total
number of papers, the total number of citations, etc., are
important. It may be interesting to find some patterns of
these networks across the country, decade, different domains
etc., which can get a thorough insight into the citation infor-
mation. Using a multi-scenario graphical approach, we can
find the real associative or engagement between people.
Each person has his/her unique features or characteristics,
which can be taken as a vector and then mapping that vector
as a node in the embedded network seems justified.
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Scenario 2

Scenario 3

the said scenarios. This leads to a multi-scenario graph. Edges in
the individual scenario graphs and in the multi-scenario graph are
colored in black and red, respectively

Basic Terminologies and Definitions
Let us first introduce the following necessary definitions.

Definition 1 (Scenario Graph) A scenario graph, G = (V, E),
is defined over a set of vertices V = {v,,v,, ..., VIv| } of simi-
lar type and a set of edges E : (v, vj) v, # Vjs Vv, v, € V)
defined for a particular scenario.

The order and size of a scenario graph define the num-
ber of nodes and edges it comprises. Let us assume [S|
denotes the cardinality (number of elements) of a set S.
The other notations have their usual meaning, unless spec-
ified otherwise. We now formally define a multi-scenario
graph as follows.

Definition 2 (Multi-scenario Graph) A multi-scenario graph,
MSG = (Vg, Ep), is defined over a set of scenario graphs
Vo =1{G,=(V.E).Gy = (V. Ey), ... G, = (V. E))}
(such that VinV,n...nV,=0) and E;s are defined
in a similar context) and a set of edges E; : (G;,G))
(G; # G;,YG,;, G; € V).

Note that, a multi-scenario graph is constructed from
multiple graphs that evolve from different scenarios.
These scenarios could be spatial, temporal or anything
else. However interestingly, the interactions in the said
scenarios are defined between node pairs in a similar con-
text. In this work, we aim to construct such multi-scenario
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graphs (see Fig. 1) in different cases and perform topologi-
cal analysis for exploratory study.

Related Work

Topological analysis of graphs is an important aspect of
many different applications Malay and Sanghamitra (2010),
Ha et al. (2020), Dongsheng et al. (2021). Finding similarity
or dissimilarity between two or more graphs is a hard task, as
mentioned in Przulj (2007), and the author proposed a simi-
larity method based on graphlet degree distributions. In Bis-
was et al. (2018), an idea has been proposed to explore the
similarities of multiple graphs using normalized weighted
graphlet frequency distribution. Another approach is called
graph embedding, which transforms a graph’s properties to
a vector that captures the topology, relationship among the
vertices, and much other relevant information such as its
degree distribution, motifs, anti-motifs, frequent graphlets,
special subgraphs, cliques, etc. There has been extensive lit-
erature and different approaches of topological graph analy-
sis like planar embedding Istvan (1948), Tutte embedding
Tutte (1963), progressive embedding Shen et al. (2019). In
some papers, a different idea is proposed for multiple graph
topological analysis by dimensionality reduction Yan et al.
(2005), Yan et al. (2006), which integrates multiple state-
of-the-art supervised or unsupervised algorithms within a
common framework. The authors proposed a new method
called “Marginal Fisher Analysis” and used it in face recog-
nition applications. In Biswas and Bandyopadhyay (2020),
the authors showed a multi-scenario embedding approach
for graph analysis. Very recently, progressive embedding has
been proposed for complex graph analysis Shen et al. (2019).

However, there is no such approach that encounters the
issue of topological insights on multi-scenario graphs. This
paper proposes a novel method to explore the said problem
and its application in wide domains.

Method

The proposed method can be divided into three major sub-
tasks. These are (I) Creating an ensemble of networks by
some state-of-the-art methods from multiple datasets within
a similar domain, (I) Extracting some features from the gen-
erated multi-scenario graphs’ topology, and (III) Applying
a suitable graph analysis or graph comparison methods to
get an efficient insight into the graphs and the given original
dataset. For the third step we have used a topological metric
called ‘graphlet degree distribution’, which was proposed by
Prvzulj et al. in an earlier work Przulj (2007). It is an exten-
sion of the traditional degree distribution. Here, ‘degree’ of

COVID-19
dataset

Dataset

A similarity network
based on Eucledian
distance for each
pair-wise sample

Y

A topolbgical

Generate
multi-scenario
graphs

Topological
feature measure GDDA
extraction has been used
= i
Y Y
Network Variability of SARS-CoV-2
analysis viral genome over
geographical regions

Fig.2 Flowchart of the proposed method and corresponding steps
done with COVID-19 data as an example (contained in the gray-
colored dashed box)

a particular graphlet is the number of nodes touching anyone
of its nodes.

The proposed approach is formally presented below and
the flowchart of the following steps is shown in Fig. 2.

1. Generate Networks: Given multiple datasets over a
particular problem or domain, construct an ensemble
of multi-scenario networks/graphs. For example, in our
first application with COVID-19 data, we generated k-
mer distribution from networks for different countries
and time spans. Thus a set of networks are generated,
but each with different but similar objects, in our case,
different samples of the same virus. A relationship can
be taken as edges in the graphs. Here for our first appli-
cation, we choose the ‘Euclidean distance’, and for the
second application, we used the ‘Jaccard’ Distance’.

2. Topological Feature Extraction from the Generated
Multi-scenario Graphs: Extract topological features
from the generated graphs. A graph embedding approach
is confined within a single graph; here, it is extended to
the multiple graphs which are generated earlier. Since
the graphs are of different sizes and consist of different
objects, we need to extract features that are normalized
and independent.
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Fig.3 All possible 29 non-isomorphic non-directed graphlets or
small graphs of order up to 5. The ‘graphlet degree distribution’
(‘Graphlet Degree distribution’ is the number of nodes touching each

3. Network Analysis: One of the topological features of
a graph is graphlets degree distribution. A graphlet is a
small connected non-induced subgraph of the original
network. The graphlet degree distribution is defined as
the number of nodes ‘touches’ node of size-k graphlets.
A measure using these graphlets’ degree distribution,
which is known as ‘graphlet degree distribution agree-
ment’ (GDDA), is employed PrZzulj (2007), Shi and
Shen (2019). The degree distributions of 29 graphlets
(as shown in Fig. 3) are used in this measure. Due to
computational complexity, the size of the graphlets is
limited to five.

Note that any other network analysis methods could
be done in this step.

Empirical Analysis

In this study, we mainly aim to construct multi-scenario
graphs corresponding to two different application areas,
namely the analysis of regional viral strains and citation
analysis of research papers. These multi-scenario graphs
combine different scenarios, depicted as graphs constructed
in a particular context (refer to Fig. 1). To be precise, we
demonstrate the usefulness of multi-scenario graph analysis
toward analyzing (i) geographical variations in SARS-CoV-2
viruses and (ii) comparing citation networks with topic simi-
larity networks of a well-known KDD Cup 2003 dataset.
These are discussed hereunder.

Application 1: Variability of SARS-CoV-2 Viral
Genome over Geographical Regions

COVID-19 is a highly contagious lung disease attributed
to the newly discovered novel coronavirus SARS-CoV-2
World Health Organization et al. (2020) originating from
Wuhan, China. This disease has caused a long-lasting
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of these 29 graphlets) is used for comparing similarity between two
or more non-directed graphs. This measure is known as GDDA

pandemic since the beginning of 2020. Due to its long
incubation period and high infectiousness, COVID-19 has
quickly spread all over the world. The World Health Organi-
zation (WHO) declared the outbreak of disease as a Pub-
lic Health Emergency of International Concern in January
2020 and a pandemic on March 11, 2020. Since the virus
is newly identified World Health Organization et al. (2020),
its transmission mechanisms were unknown in the earlier
phase Cox et al. (2020), Kakimoto et al. (2020), and drug
practices were arbitrary Afshinnekoo et al. (2021), the threat
of this pandemic is still not over. Till date, more than two
hundred million people have been infected with COVID-19
worldwide. At the beginning, scientists started understand-
ing the disease by sequencing the SARS-CoV-2 genome
(with multiple mutated variants) evolving around the world.
As soon as the genome is sequenced, we obtain an in-depth
comprehension about the variability of this virus that has
spread in different countries. It is already known that being
an RNA virus Domingo and Holland (1997) SARS-CoV-2
mutates itself Pachetti et al. (2020) and there are already
multiple strains found even in a single country Tang et al.
(2020), Phan (2020). Understanding the sequence patterns of
this virus across different countries (depicted as scenarios)
is therefore important. We employ the multi-scenario graph
approach to achieve this.

Dataset Preparation

We downloaded SARS-CoV-2 genomic sequence data pub-
licly available at the NCBI Virus portal (https://www.ncbi.
nlm.nih.gov/labs/virus, accessed on October 28, 2020) that
cover multiple countries and continents. We obtained 22,756
genomic sequences of SARS-CoV-2 collected from humans
as the host. Though some virus samples were available from
other hosts (animals), we restricted ourselves to a single host
in this study. As some of the sequences were released in
incomplete form, we performed an initial pre-processing by
taking only those with a length of more than 29kb. This
resulted in the final selection of 21,273 viral genomes. We
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Table 1 The count of sequences

i § Countries # Released
released. by the countries with SARS-CoV-2
the maximum number of SARS- sequences
CoV-2 samples sequenced till
October 28, 2020 USA 12,034

Australia 7160
India 556
Egypt 235
China 107
Total 20,092

grouped these samples according to their countries. The
chosen viral genomes belong to sixty countries The Table 1
shows the five countries that have the maximum number of
samples in this set.

We observed that the distribution of the number of
SARS-CoV-2 samples sequenced was highly imbalanced
both country-wise and continent-wise. Australia and the
USA (hence, the corresponding continents) both had a huge
number of viral samples as compared to the other countries.
Since the dataset had a huge imbalance, we under-sampled
Australia and the USA down to around 300 samples. Note
that the USA and Australia both had huge numbers of sam-
ples in comparison with India, China and Egypt. As our goal
was to undersample the sequence data only for the USA and
Australia to align with the rest, we took the average of the
number of samples available for India, China and Egypt.
As this particular average count was 300, hence the choice.
Fig. 4a, b show the distributions of the samples before and
after under-sampling, respectively.

We obtained the k-mer distributions within all the viral
genome samples collected from the five countries, namely
USA, Australia, India, Egypt and China. A k-mer distribu-
tion is the frequency of k-mers (occurrence of the differ-
ent combinations of nucleotides of size k) in a genomic

10000 -

samples

5000 -

Australia china Egyot India USA
Country

(a)

Fig.4 a The distribution of samples of SARS-CoV-2 genomic
sequences among the top five countries which reflects a high imbal-
ance in the dataset. b The distribution of samples of SARS-CoV-2

sequence. We calculated the k-mer counts in the genomic
sequences by taking values of k as 1, 2 and 3. Though in
protein synthesis, 3-mers (the codons) play the most crucial
role, however, in DNA analysis 1-mer and 2-mers are also
important as they may bear signatures for promoter regions,
methylation patterns, etc. Hence, the choice.

As in general, there might be only four nucleotides (A, C,
T and G) in a genomic sequence, there could be 4 number of
possible k-mers for each k. Hence, for k = 1 we had 4 k-mers
(A, C, T, G), for k =2 we had 16 k-mers (AA, AC, ..., GT,
GQG), and for k = 3 we had 64 k-mers (AAA, AAT, ..., TTT).
So, in total for k as 1, 2 and 3, we had 84 k-mer counts for
each sample. Note that, because the genomic lengths were
not necessarily the same in different samples, we normalized
the k-mer counts by dividing the number of k-mers in each
sample by the total length of the sequence. These constitute
a feature vector corresponding to each sample.

Creating Scenario Graphs

We reckoned genetic variation between the samples (SARS-
CoV-2 genomic sequences) obtained for the five countries to
generate five different scenario graphs. The distance between
samples refer to the distance between the vectors of k-mer
counts corresponding to the countries. The distance is cal-
culated using the R package philentropy Drost (2018). The
‘Euclidean distance’ is taken as the distance measure. For
each pairwise distance matrix (having a dimension n X n, n
being the number of samples for each country), the respec-
tive median is chosen as a threshold value for converting it
to a binary matrix. The distance values less than the cutoff
are converted to ones and others to zeros. Now this binary
matrix was used as the adjacency matrix to generate the sce-
nario graphs. Note that a scenario depicts a country in this

400 -

] .Il
0- . -

Australia china Egyot India USA
Country

(b)

samples

genomic sequences among the top five countries after k-fold random
under-sampling that balances the distribution
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Table 2 Pairwise similarity scores of k-mer networks across the five
countries reflecting the geographical mutations in the viral genome
till October 28, 2020

Australia  India USA China Egypt
Australia  1.000000 0.240053 0.268511 0.306087 0.280395
India 0.240053  1.000000 0.290913 0.264563 0.289210
USA 0.268511 0.290913  1.000000 0.309002 0.237237
China 0.306087 0.264563 0.309002 1.000000 0.313009
Egypt 0.280395 0.289210 0.237237 0.313009 1.000000

It reflects the mutation of the viral genome over multiple countries
and over time

case. We finally generated k-mer networks corresponding to
each country from the said binary matrices.

Analyzing the Multi-scenario Graph

We constructed a multi-scenario graph from the five differ-
ent scenario graphs based on topological coherence between
a pair of graphs. The GDDA is used as a topological similar-
ity measure to find out the coherence between two graphs
Przulj (2007). The NetworkSim package in R Shi and
Shen (2019) was used to find the pairwise similarity values
of the generated k-mer networks. The pairwise GDDA scores
for the five countries chosen are shown in Table 2.

The pairwise GDDA values between all countries are
shown in the Table 2. Since the start of the pandemic and
samples collected from different countries were vastly non-
identical, it is hard to find any pattern here. For example,
China had early genomic sequence data where the pandemic
hit in December 2020 with a peak in February 2020. India
experienced a later peak in September 2020, and the USA in
between. As the SARS-CoV-2 virus mutated very fast with

Fig.5 Heatmaps of pairwise
GDDA similarity scores
between the month-wise
scenario graphs for the top two
countries, namely the USA
(between March-September
2020) and Australia (between
March-September 2020 except
May due to lack of enough
sequence data). These empirical
results represent the mutation
of the viral genomes in differ-
ent time-zones of a country.

The similarity values (GDDA H H ﬁ ﬁ ﬁ 8 H
score) range between [0, 1], SESaE888
with ‘1’ representing the highest Lo == DO
cimilarity s NgE3_J9
§ y Z2=<3Z5 ZIwm

(a) USA

0.173246 1

a differential pattern across the globe and the five countries
experienced it over a long non-overlapping period of time,
it shows no difference. This is well justified by the trends of
the pandemic across these countries.

To have a better view of the temporal pattern of the
change of the virus, we constructed multi-scenario graphs
from the monthly scenarios. We performed pairwise com-
parison of k-mer networks for the two countries Australia
and the USA with respect to the monthly data (of sequences
collected) between March-December 2020. The respective
heatmaps are shown in Fig. 5a, b. It can be seen from the
month-wise heatmap of the USA (see Fig. 5a) that there was
a sudden change in values after August 2020, which was the
time when the second wave hit the country again. On the
other side, for Australia (see Fig. 5b) there is a significant
difference of k-mer distributions in March 2020 than the oth-
ers, which possibly indicates a local mutation that triggered
the pandemic in Australia.. Thus, analyzing multi-scenario
graphs is important to unearth hidden patterns from scenario
based interconnected systems.

Application 2: Topic Similarity in a Research
Publication Network with Embedded Keywords

A citation is an acknowledgement to others” work (by includ-
ing it in the reference) in a publication. This usually high-
lights the source of information used in a research study.
In academics, a study is always related to, motivated by,
inspired from or originating from some other study. In this
way, the scientific community and human knowledge grow
up step by step throughout history. To put in simple words,
a citation network or graph consists of some nodes, each

0.237112
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Mar 2020 Mar 2020
Apr 2020 Apr 2020
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Table 3 Order and size of (a) citation subnetworks (papers published
in a year and the papers who cited those) and (b) topic similarity sub-
networks (the papers published in a particular year), respectively for
the years 1992-2003

Year Order Size Year Order Size

(@) (b)

1992 872 1968 1992 1367 46740
1993 1958 5299 1993 2058 86277
1994 2775 8907 1994 2377 144840
1995 3708 12799 1995 2303 114136
1996 4412 16489 1996 2606 112936
1997 4847 18901 1997 2673 86352
1998 5327 22805 1998 2758 122037
1999 3101 12423 1999 2803 102497
2000 4139 16726 2000 3126 195617
2001 6005 48241 2001 3153 127010
2002 2981 14636 2002 3312 175793
2003 53 67 2003 1019 34743

representing a unique article and directed edges between
them if a paper i cites another paper j.

In a traditional citation network, a node contains only
a concept or phrase denoting the name of the article. We
argue it captures less information about the different types of
citations. As for example, it does not tell whether a citation
comes from a common or different domain. Notably, a cita-
tion between two papers both from some domain d; is some-
what different from citations of papers from domain d, to d;.

Dataset Preparation

The Stanford Network Analysis Project (abbreviated as
SNAP) http://snap.stanford.edu/data/index.html is a huge
collection of different large networks maintained by Stan-
ford University. We downloaded a citation network dataset
(High Energy Physics paper citation network cit-Hep-
Phhttp://snap.stanford.edu/data/cit-HepPh.html) , which
contains 34,546 articles published in
arXiv (https://arxiv.org/) during 1992-
2003. The data were released in KDD Cup
2003 (http://www.cs.cornell.edu/projects/kddcup/). It has
only those papers that have been cited within the network. It
contains no information on whether a paper cites or is cited
by another work outside the set of around 34k articles. The
data and other details are publicly available on the SNAP
and KDD Cup 2003 website.

We divided the citation network into subnetworks for 12
years which follows the two conditions stated below:

1. Each subnetwork for a year n contains citation network
for the year n and n + 1 and

2. An edge is included between i to j, only if j is cited by
paper i which is published before paper i in the year n
andn + L

The idea is that a paper’s citation index is based on the
recent citations numbers of that paper. The order and size
of each subnetwork is shown in Table 3a.

Paper Abstracts were downloaded for all the papers
(provided as KDD Supplementary Data.zip) in our dataset.
Keywords were generated from the Abstracts of each
paper using an efficient text mining tool named TextRank
Mihalcea and Tarau (2004) in R.

Creating Scenario Graphs

We grouped the research papers by their publication years
(1992-2003) and extracted Abstracts of all the papers.
Since all research papers do not have a separate keywords
section, and the Abstracts have more ‘terminology’-
based keywords, we preferred Abstracts over keywords.
On each Abstracts, a text-mining tool TextRank was
used to generate a few keywords Mihalcea and Tarau (2004).
Total 8538 unique keywords were obtained from all the
papers through text mining. A binary matrix is created for
each year with n rows and k columns. Each row represents a
unique paper of a particular year and each column denotes a
keyword. The column values over a row were taken as one,
if the particular keyword is present in the paper, otherwise
it is set to zero. Thus each row represents a keyword associ-
ated binary feature vector for a paper. A pairwise symmetric
square distance matrix is generated using Jaccard distance
from each of the binary matrices. We converted the distance
matrices further into binary matrices by using a threshold
value, which is the median of the all values in the respective
matrix. This produced a binary matrix of the same size that
was used to create a scenario graph. An edge is included
in this graph (a topic similarity network in this case) if the
corresponding value is one between the respective pair of
nodes. The order and size of the topic similarity networks
for each year are shown in Table 3(b). Apart from that, we
also generated the citation subnetworks from the years 1992
to 2003.

Analyzing the Multi-scenario Graph

We obtained year-wise topic similarity subnetworks and
citation subnetworks from 1992 to 2003. For analyzing this
multi-scenario graph, the GDDA was used as in the previous
application. The value of GDDA score ranges within [0, 1],
‘1’ being the highest similarity between two networks. We
generated the pairwise GDDA scores between the subnet-
works of both citation and topic similarity networks.
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Fig.6 Heatmaps of the year-
wise a citation subnetworks

0
generated from the KDD Cup ——
2003 and b topic similarity sub-
networks extracted through text
mining. Both these heatmaps
reflect a similar pattern
R T e v B R R
[ e e e s e e R R
e s e e e W W e
™ o A A A A
(@)

By comparing the heatmaps between the topic similar-
ity and citation networks during 1992-2003, we observed
that there is a tendency to cite the recent works among the
articles. From Fig. 6a it can be seen that except for the year
1992, the trend of citing recent articles increases. This trend
goes to its peak from 1995 to 1999, in the very last few years
of the previous millennium. Note that, we exclude the sub-
network for the year 2003 because of having a lesser amount
of data. The said network contains only 53 nodes as reported
in the Table 3. The topic similarity heatmap in Fig. 6b shows
more or less the same pattern over the period. There is also
a topic similarity trend found during the years 1996-1999.
This could be highlighting some major discoveries that hap-
pened in physics during that period.

The Fig. 7 shows the year-wise citation subnetworks.
These were generated using the tool Gephi' Bastian et al.
(2009). The topology that we used was the one by Yifan Hu
with the following parameters: Optimal Distance—100, Rel-
ative Strength—0.2, Initial Step Size—20, Step Ratio—0.95,
Convergence Threshold—0.0001.

! https://gephi.org.
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Conclusion and Future Works

The current paper presents an approach of analyzing com-
plex networks constructed across multiple scenarios in a
similar context. Applications of the said approach are dem-
onstrated in two different domains. This highlights how
effectively we can employ this generalized technique for any
kind of scenario-based network analysis. Note that the way
we portray a multi-scenario graph in the examples shown in
this paper can be extended to many different applications by
considering scenarios to be either location-specific or time-
specific. Say, for example, if we consider that a scenario is
specific to a country, we can build a scenario graph for that
country depending upon the interactive activities happening
within it. It could be the transportation patterns between the
States (a node symbolizes a State) or may be collaboration
patterns within the Universities (a node symbolizes a Uni-
versity). In this way, we can build a multi-scenario graph
for several countries taken together for further analysis.
As a limitation, we perceive that this simplistic approach
can highlight only pairwise coherence between intercon-
nected (network-based) scenarios. However, it is possible
to extend this to a more complex approach with the cost of
computation. Moreover, it is interesting to model this kind
of approach in a streaming setting.
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Fig.7 The citation subnetworks
for each year during 1992-2002.
A citation subnetwork specific
to a year contains the papers
published in that year and other
papers that cited those papers.
In this visualization, higher
degree nodes are pushed at the
center. Different colors imply
the papers published in different
years which cited the papers of
a particular year (color figure
online)
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