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Abstract: As a consequence of advanced research occurring in various domains there is always a hunt for
emerging hot topics and expert authors of such trending topics. An interesting phenomenon noticed 1s that the
topics of publications of a group of researchers at a particular time mnterval have similarity and therefore extubit
similar multi hot topic interests. Efficiently finding such expert author communities having similar multi hot topic
mnterests which are closed and complete on a temporal basis 1s the major contribution of this study. The novel
framework proposed mn this study and the maximal Biclique based SMTAC Find algorithm effectively detects
such communities with multi hot topic interests. At first top-k hot-topics of a time interval are discovered
utilizing article clusters created by ontology based domain classification system. Subsequently for a chosen
time slot, the novel maximal biclique based algorithm is employed to detect the expert author communities
having maximal similar multi hot-topic mterests. DBLP dataset and its associated metadata of computer science
articles were used for getting bibliographic information. A synthetic dataset of varying number of authors and
their hot topic interests was used to verify Proposed SMTAC Find algorithm. Analysis and performance of
the algorithm depict that it can efficiently find expert communities in polynomial time for a specified number of
hot topics ‘k” under scoring its effectiveness.
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INTRODUCTION +« To knowledge from a dataset

applying  different overlapping

extract

clustering

From its wutial stages, the field of computer science
has been very broad and ever growing. This fact is
revealed by thouwands of research study which are
published m the field of computer science and
engineering. These researchs study cover broad computer
sclence topics like data minmng, artificial mtelligence,
information extraction, etc., which can be further divided
mto several sub-topics, sub-sub-topics and so on . DBLP
1s a bibliographic dataset which provides metadata about
computer science publications and is now used by many
computer scientists for research purpose (Ley (2002). Rich
mnformation m this metadata has enticed considerable
research interest. Some of them are:

¢ To figure out the experts in relevant fields of
computer science towards consulting as well as for
academic purpose (Deng ef al., 2008)

¢+  To analyze an author’s scientific career and have a
study on the existing computer science communities
Biryukov and Dong (2010)

* To extract author
the strength of association between
(Minks et al., 2011)

cooperation by measuring
authors

methods (Obadi et al., 2010).

Careful analysis of this dataset divulges certain
interesting statistics. For example, analysis of dataset for
a particular time interval, say most recent 12 months
shows that, there will be certain hot topics which will
have more research orientation than other topics. Such
novel topics can be commonly termed as trending hot
topics. Another key observation is that, many of the
multiple  specialized
(Deng et al., 2008). They do not confine constantly in one
area of discipline but exhibit interdisciplinary interests and

authors have research areas

publish articles m more than one topic. Among these
researchers, several may have overlapping topic mterests
which sometimes may emerge as trending hot topics in a
particular time mterval. The novel framework proposed in
this study attempts to identify such expert authors who
have multi-disciplinary hot-topic mterests at a particular
interval of time. Besides, it also proposes an efficient
algorithm to identify all such expert author communities
who have similar top-k hot topic mterests in a specific
time interval providing scope for collaborative work.
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Literature review: The aim of this research is to identify
maximal expert author communities or clusters if any
having similar multi hot-topic mterests m emerging hot
topics. Hence, focus of this research is on topic discovery
from publications, classification based on domain
(Moitheen and Khader, 2014). Topic extraction and
classification from document content have been studied
based on content statistics and generative probabilistic
models. A content statistics-based study has been
proposed and evaluated, (Wartena and Brussee, 2008).
They used most frequent nouns, verbs and proper
names as keywords and clustered them based on different
similarity measures adopting the mnduced k-bisecting
clustering algorithm. A lot of works were based on a
popular topic medeling techmque called generative model
and its variants (Rathore and Roy, 2014). Steyvers et al.
(2004) proposed a new unsupervised learmng technique
for extracting information from large text collections based
on Probabilistic Author-topic models (Steyvers et al,
2004). A few other previous works focused on detecting
bursty and hierarchical structure in streams (Kleinberg,
2003) and discovering evolutionary theme patterns
from text(Mei and Zhai, 2005). Another unsupervised
method of clustermg documents 18 based on
frequent itemsets (Krishna and Bhavami, 2010). Variants
of this Apriori-based algorithm has been studied in
the algorithms FTC and HFTC (Beil et af, 2002). FTC
creates flat clustering and HFTC, a hierarchical clustering.
Both works consider documents as bags of words and
has the limitation that the semantic information present in
the document 13 lost. In our proposed research an attempt
is made to use only titles of documents extracted from
dblp for topic detection considering title as sequential
group of phrases preserving semantics. Mapping of
article titles to topics is based on dissociation of phrases
mto frequent keyword-sets which 1s very fast and highly
scalable, (Shubhankar et al, 2011). We extract phrases
from the titles of the research study and derive frequent
substrings as frequent keyword-sets, maintaining the
underlying semantics.

Detection methods of various clusters from any
static dataset vary according to the requirements and
applications. Onli ne social network analysis reveals that
people with similar mterests tend to form groups and
collaborate with one another. A series of approaches have
been proposed to mvestigate about social networks
and clusters alias communities (McCallum et al., 2007,
Newmar, 2003; Adebiyi et al., 2015). Radicclu et al. (2004)
introduced two quantitative definitions of community
and showed how they are implemented in practice in

the existing algorithms. Wang ez al. (2010) proposed a
novel co-clustering framework utilizing the networking
information between users and tags in social media in
order to discover overlapping communities. Zhang et al.
(2007) used social network analysis methods to identify
Expertise networks in online communities from Tava
Forum, a large online help-seeking commumty Two
generative Bayesian models have been proposed by
Zhou et al. (2006) for semantic community discovery in
SNs. Certain studies have been conducted for community
detection in xml based DBLP dataset { Alwahaishi et al.,
2011; Huang ef al., 2009). Left-Right-Oscillate algorithm
was proposed by Drazdilova et al. (2013) for finding
communities in a large co-author network from DBLP.
Tulasi and Rac (2014) studied about the structural
features in DBLP and LiveJoumal to elucidate community
formation, growth and how the overlaps among pairs of
communities change over time (Backstrom et al., 2006).
But, the aforementioned techniques cannot be used in our
scenarlo since we map authors and topics to a bipartite
graph model. A recent approach for community detection
from social network 13 SWG_Find algorithm based on
bipartite graph and biclique generation (Chalil and
Sendhilkumar, 2014; Pandra and Sendhikumar, 2013).
However, drawback is that this method considers only all
bicliques from the bipartite graph as same wavelength
groups. This leads to overlapping and duplicate clusters
and hence lack of precision. In our research network
relationships are established from xml tags in xml based
dblp dataset by building a Bigraph of ‘Topics® and
‘Authors’. The proposed SMTAC Find algornithm 1s
based on construction of all maximal bicliques from
Bigraph and generates only maximal bicliques of multi-hot
topic expert author clusters, thereby guaranteeing 100%
precision towards identifying maximal similar Multi-hot
topic interest expert author clusters.

MATERIALS AND METHODS

Proposed framework: Architecture of framework 1s shown
i Fig. 1. Main components of the framework are
Bibliographic dataset and a domain classification system.
Metadata of publications are first extracted from dataset.
Then based on titles of publication, publications are
mapped to their corresponding subject topics and
classified accordingly in ontology based domain

classification  system. Thereafter  this  novel
framework tries to find out similar hot topic
expert  author  clusters in  the  polynomial
time.
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Fig. 1: Architecture

Fig. 2: Topic-author interest graph

There are 2 phases in this framework and this
research 13 based on Computer science domain. In first
phase, bibliographic dataset plays a major role. We have
chosen DBLP dataset which list more than 2.1 million
computer science publications and about 1.2 million
authors. For computer science researchers, the DBLP web
site is a popular tool to trace the researach of colleagues
and retrieve bibliographic details. Ranking and profiling of
persons, institutions, journals or conferences is another
sometimes controversial usage of DBLP. It is easy to
derive several graphs like the bipartite person-publication
graph, the person-journal or person-conference graphs or
the co-author graph which 18 an example of a social
network. In this framework titles and authors of
journals are extracted from DBLP xml dataset in the
first step of Phase 1.

The second step of Phase 1 18 mappmg titles of
articles to topic classes in Computer science classification
taxonomy, the 2012 ACM Computing Classification

system. The full CCS classification tree 1s freely available
for download in these formats: SKOS (xml), word and
HTMIL. for educational and research purposes. Mapping
of article titles to topics 1s based on dissociation of
phrases into frequent keyword-sets (Steyvers et al., 2004).
Top-k trending topics of a particular time mterval are
found by statistical methods. In this study, we focus on
algorithm to find similar topic interest expert author
clusters and so the details regarding title to topic mapping
and top-k hot topics identification are considered as out
of scope.

At the end of the two steps in Phase-1, the study, is
classified mto 1its, corresponding topic based on phrases
intitle. Tts research is already extracted from the dblp data
set. We are considering only top-k hot topics and authors
who have published m these topics. Therefore, a
connection between the authors and hot-topics can be
clearly established from Phase-1. Bipartite graph creation
and author community generation is performed in
Phase 2.

In Fig. 2 two set of vertices are presented. One
represents set of 4 hot topics {T1, T2, T3, T4}. Other is
the set of 5 authors denoted by {Al, A2, A3, A4, A5}

Since, there are two classes of vertices such as
authors and topics, a bipartite graph with author-topic
relationship can be used to represent this type of
relationship for a given period in the next phase. A
bipartite graph is one whose vertices can be partitioned
into a pair of non-empty, disjoint partitions such that
within  the

connected by an edge.

no two vertices same partition are
An example of such a

bipartite graph is given in Fig. 2.
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Table 1: Topic-author interest matrix

A Matrics
T Matrics Al A2 A3 Ad AS
T1 Y Y Y Y Y
T2 Y N N Y Y
T3 Y Y Y Y Y
T4 Y Y N N Y

< {T1, T3}, {Al, A2, A3} > is a biclique, but is not maximal; < {TI1,
T3}, {Al, A2, A3, A4, AS}> is a maximal biclique; < {T1, T2, T3},
{Al, Ad, A5} = is a maximal biclique

Fig. 3: Maximal
cluster 1

similar topic-interest expert author

As 1n Table 1, each row represents the hot topics
in which a particular author has published articles. The
Authors are represented in columns of the matrix. There
can be many authors who publish documents in a
particular time mterval. In this research, top-n hot topics
of a time interval are determined and then the authors
corresponding to  those topics are identified and
represented as a bipartite graph. Once the Topic-Author
relationship 1s represented in bipartite graph, the stage is
set for finding the maximal similar multi-hot topic interest
expert author clusters which can be accomplished through
an enumeration of maximal bicliques. A biclique m a
bipartite graph is a complete bipartite subgraph, that 1s, a
bipartite subgraph containing all permissible edges. The
notion is formalized as follows:

Definition 1:- Let G = (U V, E) denote a bipartite graph. A
biclique BC = (17°,V’) is a subgraph of G induced by a pair
of two disjoint subsets 17" U, V* V| such that ull’ vV,
(uv)E.

A maximal biclique 15 a biclique, which 1s not
contained in any other larger biclique. From (2), set of
authors {A1, A2, A3, Ad, A5} is the maximal author set
which is having similar interest topics {T1, T3} which is
shown n Fig. 3.

Fig. 4: Maximal
cluster 2

sunilar topic-interest expert author

From (2), set of authors A1, A2, A3} is an author
set which 1s having similar mterest in topics {T1, T3}. But,
this 1s not a maximal one since there 1s an expert author
cluster superset {Al, A2, A3, A4, A5} which is the
maximal set of authors with interest in topic set {T1,T3}.
This research attempts to detect all maximal clusters with
interest in different subsets of topics.

From (3) Al, A4 and A5 form a maximal expert
author cluster for a time period since they have
published articles in sunilar topies{T1,12,T3} wluch 1s
shown n Fig. 4.

Set notation for bipartite graph representation:For
finding maximal Bigraph, the problem is represented in set
notation. Set notation can be directly derived for bipartite
graph representation as follows. Consider Fig. 2 with hot
Topic set “T" having 4 hot topics (T1, T2, T3, T4) for the
time interval considered.

Hot-Topic Set T = {T1, T2, T3, T4}
Powersetof T = { {T1, T2 T3, T4},
{T1, T2, T4}, {T1, T2, T3}, {T1, T3, T4}, {T2, T3, T4},

{T1, T2, {T1, T3}, {T1, T4}, {T2, T3}, {T2, T4}, {T3,
T4}

15, {123, {T3}, {T4.{} }

Let Author Set A = {A1 A2 A3 A4 A5} the set of
authors who have published m hot topics during the time
interval considered. For Topic T1 the author set is
{AT1,A2 A3 A4 A5, The above notation means that 5
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authors Al, A2, A3, A4 and A5 have published articles in
the hot topic T1 for the considered time mterval. For
Topic T2 the author set 18 {A1,A4,A5}%; For Topic T3 the
author set is {A1,A2,A3A4,A5}; For Topic T4 the author
setis {A1,A2 A5E.

In order to find the sumilar topic-interest expert
author clusters, SWG-Find algorithm calculates expert
subsets  with

author  clusters for all  the

subset-size>1 of the topic set:
T ={T1, T2, T3, T4}.

Hence, in SWG-Find we need to find the reduced
PowerSet from PowerSet [T].
Reduced Power set of T:

T=44T1,T2,T3, T4}, {T1, 12, T4}, {T1, T2, T3}, {T1, T3,
T4y, {12, T3, T4y, {11, T2}, {11, T3}, {T1, T4}, {12, T3},
{T2, T4}, {T3, T4} }.

Then SWG-Find calculates the intersection of all
topic subsets of Topic set T with number of subset
elements >1 and prints resulting expert author clusters
as SWG.

There seems to be always a trend in writing styles

of authors and the way hot topics are dealt in journals.
Hence, at a particular time interval, the number of hot
topics m articles will be always a finite value. On the basis
of above observation, we can deduce that for detecting
similar topic expert author clusters within a particular time
interval, the number of hot topics in the topic set could be
fixed to a finite minimum value and can be computed in
polynomial time. The proposed SMTAC Find( ) algorithm
does not consider all subsets of topics like SWG-Find( )
nor does it return all bicliques as expert author clusters.
Instead it considers only topic subsets (connected-topic
vertices) in which authors have published articles and
returns  only maximmal bicliques which improve
computational time.

Algorithm and complexity analysis: Pseudo code of
SMTAC Find Algorithm for solving the sinilar maximal
topic expert author cluster detection problem based on
hash map data structure is given above in (Fig. 5).

Input is given as a Topic-Author [n x m] matrix If
value of Topic-Author [I][;] =1, it means in Hot Topic 1,
the author j has published an article n the selected
time interval.

Algorithm 1 SMTAC_Find algorithm

3:for(int i=1;i<=author-keys.size();i++)

28: end for
29: end for
30:end for

32:end procedure

1:Procedure SMTAC_Find(Topic-Author-Matrix[T][A]) =

2:get Bi-Graph vertices connection in GraphHashmap[author-keys.pub-topicset]

4: LinkedList<String> ConectedVertices=adjacentNodes(author-keys.get(i));
#BICLIQUE GENERATION

5: for(int s=1;s<=ConectedVertices.size();s++)

6 for(int e=ConectedVertices.size();e>=se-){

7: List<String> SubConected = ConectedVertices.subList(s. e);

8: if(SubConected.size()>1)

=N LinkedList<String> temp=new LinkedList<String>();

10: for(int j= 1;j<= author-keys.size();j++)

11: if(isConnected (author-keys.get(j), SubConected))
1= temp.add(author-keys.get(j)):

13: found=true;

14: end if

15: end for

HCHECKING FOR MAXIMAL BICLIQUE

16: if(found)

17: if (maxBiclique.containsKey(temp))

18: List<String> nodes=maxBiclique.get(temp);
1o if(nodes.size()<SubConected.size())

20: maxBiclique.remove(temp);

21: maxBiclique.put(temp, SubConected):
22; end if

23: else

24: maxBiclique.put(temp. SubConected):

25: endif

28: endif

27 endif

31:return maxBiclique [author-keys,pub-topicset]

Number of topics -T,
Number of Authors-A,

-——=>Similar Interest Author Clusters

Fig. 5: SMTAC-find algorithm
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The algorithm beging with bipartite graph
construction from matrix in step-1 as hash map
[author-keys, pub-topicset | format. For n number of hot
topics and m authors, this can be max O{n>m) steps which
is in polynomial time for a low value of n. Expert author
clusters are found from the first n hot topics in a domain
after ranking the total number of hot topics detected
during a time period. Hence, the number of hot topics ‘o’
is always a minimum, say top-30 topics. From bipartite
graph, published hot-topic set is retrieved for each author
key first. For example if author Al has published in T1, T2
and T3 this connected list< T1, T2, T3 = 1s retrieved. In
steps 4, 5 connected topic vertices list are retrieved for
each author in outer loop. Then in steps from 6-12,
PowerSet (set of subsets) of commected-topic vertices of
author 13 generated m descending order of topic-subset
size. It is verified with other author-keys to see if there is
any other author who has published for this topic-subset.
If it 1s there, then those authors are added to Linked-list
“termnp’. That 1s 1f along with Al authors A2 and A3 have
published in topic-list<T1, T2, T3> then Linked-list “temp’
has values <T1 T2 T3>. This completes a biclique with
Authors[A1,A2, A3] and Topics [T1, T2, T3].

Even though subset generation takes exponential
time, here we are considering only subsets of connected
top-n topics 1<n=<50 of an author for a particular period.
Using a hash map implementation for set, the running time
will be in polynomial time. Now from steps 15-23, the
generated biclique is checked to see whether it is maximal.
If it is maximal, it is added to the result-hash map in O(m)
steps. Hence overall the running time of the algorithm 1s
O(m»n2) which 15 m polynomial time for top-n topics
2<n<50 at a particular interval of time. Algorithm returns
all maximal author bicliques in a Hash Map data structure
in format maxBiclique(author-keys, pub-topicset).

RESULTS AND DISCUSSION

The SMTAC Find algorithm was implemented and
evaluated using hash map data structure of java language
ina system with a configuration of 2.3 GHz, Core i7, Intel
processor and 8GB RAM. We used Eclipse TDE to
unplement and test the algorithm. We mapped top-50
topics to symbols T1, T2, T3... T50 and ‘n’ authors to Al,
A2, A3, An. The number of authors can vary from 2 to
many. We did not consider author size of 1 since, this
case 1s a trivial case.

Input to the algorithm was given m a file with
Topic-Author [n x m] matrix format. Two sample inputs
were given. We have compared expert author cluster
results with SWG-Find algorithm by Chalil and
Sendhilkumar (2014).

Table 2: Topic-author interest matrix

A Matrics
T Matrics Al A2 A3 Ad AS
T1 1 1 1 1 1
T2 1 0 0 1 1
T3 1 1 1 1 1
T4 1 1 0 0 1

Sample inputs and results; case 1: Sample input of 5
authors and 4 topics 1s given in Table 2.

Result: SMTAC Find algorithm: - 4 maximal expert author
clusters returned which are all maximal bicliques:

[Al, A5] [T1, T2, T3, T4],

[Al, A2, A5] [T1, T3, T4],

» [Al A2, A3, A4, AS] [T1.T3].
[Al, A4, AS] [T1,T2. T3]}

Maximal bicliques Returned by SMTAC Find

Analysis:

o  Authors Al and A5 have common interests in hot
topics T1, T2, T3, T4 which is maximal

» Authors Al, A2 and A5 have common interests in
topics T1, T3 and T4 which 1s maximal

»  Authors Al, A2, A3, A4, A5 have common interests in
topics T1 and T3 which is maximal

» Authors Al, A4 and A5 have common interests in
topics T1, T2 and T3 which 1s maximal

SWG-Find Biclique generation method by Chalil and
Sendhklumar (2014). The 11 bicliques returned instead of
4 maximal which leads to lower precision values. Most of
the results are overlapping and non-maximal (Table 3).

Case 2: Sample input of 10 and 10 topics is given below
in Table 4.

Result:

» SMTAC Find algorithm:- 39 maximal expert author
clusters returned which are all maximal bicliques

s  SWG-Find Biclique generation method by Chalil and
Sendhikumar (2014). The 1013 researcher bicliques
returned which leads to very low precision values
(Table 5 and Fig. 6)

Comparison of precision values for case-1 and case-2:

No.of max imalauthor clusters returned y
TotalNo.of author clusters returned

Precision = 100

Analysis: SMTAC Find algorithm retums maximal
clusters with 100% precision always. On Comparison, the
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Perameters

1

2

3

Al, AS]-[T1, T2, T3, T4]
[Al, AS]~[T1, T2, T4]
[A1, A4, AS]-[T1, T2, T3]
[Al, A2, AS]-[T1, T2, T3

[Al, AS]-[T2, T3, T4]
[Al, A4, AS]-[T1, T2]
[Al, A2, A3, A4, AS]-[T1, T3]
[Al, A2, AS]-[T1, T4]

[Al, A4, AS]-[T2, T3]
[Al, AS]-[T2, T4]
[Al, A2, AS]-[T3, T4]

Table 4: Topic-author interest matrix

A matrics
T matrics Al A2 A3 Ad AS Ab AT A8 A9 AlOD
T1 1 1 1 1 1 1 1 1 1 1
T2 1 0 1 0 1 0 1 1 1 1
T3 1 1 1 0 1 0 0 1 1 1
T4 1 1 1 1 1 1 1 1 1 1
T5 1 1 0 0 0 0 0 1 1 1
Té 1 1 1 1 0 0 1 1 0 1
T7 1 1 1 1 1 1 1 1 1 1
T8 0 0 1 1 0 1 0 1 1 1
TO 0 1 0 1 0 1 0 1 1 1
T10 1 1 1 1 1 1 1 1 1 0
Table 5: Comparison of precision
Case SMTAC Find (%6) SWG Find (%0)
1 100 A1) 100 =36.36
2 100 (39/1013) 100 =3.84
120
100
g 80
E .
§ 60 = SMTAC_Find
& 40 o SWG-Find
20
L]
1 F 3 4 5 [ -] 7 -] 9 10
Mo of Topics
Fig. 6: Precision comparison
60 SMTAC_Find Execution time:50 authors fixed —+—
. //
: -
35 /
25 //
15 /
10 //
. S

20 30 40

50

number of topics

Fig. 7: Computation time (number of authors: constant)

precision value of SWG-Find decreases dramatically as
mumber of topics and authors increases as it returns all
bicliques which includes overlapping as well as non
maximal bicliques instead of expected maximal bicliques.

Computation of execution time: For experimental purpose
we considered two cases for calculating execution time. In

both cases, algorithm returned all maximum bicliques in
polynomial time as shown below. We have not compared
execution time with SWG Find algorithm as it generates
only bicliques as same wavelength group rather than the
expected maximal bichques (Fig. 7, 8). Restricted the size
of authors to 50 and considered topics in 25, 50, 75, 100
sizes.
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SMTAC_Find Execution time:Top-50 topics —— |

o 10 20 30 40 50 S0

80 Q0 100 110 120 130 140 150

number of authors

Fig. 8: Computation time (number of topics: constant)
CONCLUSION

The contribution of this study 1s the identification of
expert author communities having similar hot topic
mnterest which 1s maximal from bibliographic dataset. A
novel polynomial time maximal biclique based
SMTAC Find algorithm is proposed to ascertain all the
maximal expert author groups which have similar interest
in more than one hot topic at a particular time period. The
framework 1s mapped to a bipartite graph theoretical
model. Proposed algorithm returns maximal expert author
clusters without any overlaps and duplicates. We have
umnplemented the proposed algorithm with hash map data
structure and compared its performance with the SWG-
Find algorithm. Results demonstrated that the proposed
method has significant performance advantage and it
outperformed SWG-Find algorithm in Precision values on
all cases, demonstrating its effectiveness and efficiency.
This can be very much helpful to researchers looking for
maximal group of authors who have published in a set of
hot topics at a particular interval.

RECOMMENDATIONS

In this research, we concentrated only on top-k
(1<J=c50) hot topics and its non-overlapping maximal
expert author clusters. As a future work, cloud computing
techniques and algorithms can be mtroduced to rapidly
find out maximal expert author clusters from all topics and
research in the dataset for any time interval, significantly
reducing its computational cost.
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