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SOFTWARE METHOD OF SCIENTISTS CLUSTERING BASED
ON AUTHORS ASSOCIATION WITH PUBLICATIONS KEYWORDS

The article describes a sofiware method that allows clustering authors based on their association with the
keywords of scientific publications to search for potential like-minded colleagues and colleagues to develop
collaborative research projects. The proposed work aims to demonstrate the potential and challenges facing
working with Big Data. Big Data technologies make it possible to process a large amount of unstructured
data, systematize them, analyze and determine patterns when the human brain will never notice them. The
article describes the basic tools and methods that are used to process very large data sets. The MapReduse
methodology implemented in Python and Apache Hadoop are used. For research a data set from a DBLP server
is used. DBLP contained more than 1.2 million bibliographic records. The bibliographic records are contained
in XML file2. The DBLP web server lists all known papers published by a person on her/his “person page”.
This simple mapping becomes tricky, as soon as a person has several names (synonyms) or if there are several
persons with the same name (homonyms). The main obstacles are the bad habit to abbreviate (given) names
beyond recognition and spelling errors. On the AWS m5.xlarge instance and Ubuntu Server 18.04 LTS (HVM),
SSD Volume Type, 64-bit x86 is used. For processing data MapReduce are running on five nodes. Mapping
part consists of parsing xml dataset. Tags <author>, <journal> and <title> tags from each <article> block
is extracted. Then non-ascii characters from every parsed tag is removed. Title is divided into keywords. It is
made lowercase and then we remove nonsense words from it, so, it will be like thematic keywords. Reducer
part is collecting information for every author, made it as id for reducing. The author’s name is compared in
way that it written. As a result, the information for every author is collected about the journals where he was
published and keywords in his works are collected too. The k-means algorithm is used for clustering. As a
result of the analysis of these publications, the authors were divided into clusters depending on their keywords.
The disadvantages and prospects of further use of the proposed method are given.

Key words: Big Data, AWS, Hadoop, MapReduse, scientific publication, author, keywords, cluster analysis,
k-means algorithm, Python.

Introduction. Problem statement. Methods and
tools for working with structured data IT industry
has created a long time ago, this is a relational data
model and database management system. But the
current trend is the need to process a large amount
of unstructured data, and this is an area where pre-
vious approaches work poorly or do not work at all.
This need requires a new method of handling data,
and now the model for working with Big Data is
becoming increasingly popular. Dealing with the
problems of Big Data is the task of finding a software
and technical solution that can easily integrate into
the existing infrastructure and provide all three stages

of information processing: collection, its organiza-
tion and analysis [1]. Big Data technology has inter-
connection with a network of publications. A regular
person reads a page of text in about 2 minutes. So,
reading 10 to 20 pages of a scientific paper will take
approximately 20-40 minutes. How long will it take
to read hundreds, thousands, or even millions of such
papers? Not easy task, we can say that it is not even
feasible task for one person or even group. But let’s
imagine that group of people can do it in reasonable
time, but the next task is to combine their acquired
knowledge from these scientific publications and
establish correlations between articles and terms of
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interest, find common patterns related to a specific
subject.

This is one of the major challenges now facing
health professionals and researchers. It’s estimated
that around 2 million new scientific publications
appear every year (with an exponential growth in
the past decade), which brings the total to well over
50 million publications documented. Obviously,
the advancement of science and society relies on
researchers sharing the knowledge and results of
their arduous work via scientific publications. How-
ever, when it comes to consuming and mining that
vast amount of information, there’s clearly room for
improvement [2].

Related research. In paper [3] an unrelated
approach, which integrates community detection
method and author-topic (AT) model is proposed.
Specifically, it consists of three steps: to detect over-
lapping academic communities with the clique per-
colation method, to discover underlying topics and
research interests of each researcher with author-topic
(AT) model, and to label research topics of each com-
munity with top n most frequent collaborative top-
ics between members belonging to the community,
where common topics between researchers are seen

To discaver collaborative topics between authors

as collaborative topics. The framework is composed
of four parts: preprocessing data, detecting commu-
nities in scientific collaboration network, discovering
collaborative topics between authors and to uncover-
ing topics of academic communities (fig. 1).

The method integrates community detection model
using k-clique-community algorithm and the author-
topic model. The approach of k-clique-community
algorithm is to detect overlapping communities in
scientific collaboration network, while the approach
of AT model is to discover topics and authors’ topics.
Authors use common topics of coauthored research-
ers as their collaborative topics. Finally, they count
all collaborative topics and select the most frequent
collaborated topics among authors as research topics
of communities [4].

In paper [5] a principled framework that goes
beyond regular temporal community detection and
can capture sudden changes in network topologies in
dynamic cases is proposed. In this framework, tem-
poral communities are detected with the smoothness
constraint that temporal expected node popularity
preservation is enforced. They argue that although the
observed network may change rapidly, its latent struc-
ture (e.g., node popularity) often evolves much more
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Fig. 1. Framework of the method [3]
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slowly. For example, contact-based social networks
might change from day to day because of people’s
varying daily activities, but the popularity of the indi-
vidual is much more stable. By identifying such latent
time-persistent structure, they are able to uncover the
fundamental continuous evolution of the forces that
form the structure of networks. In most model formu-
lations of existing methods, temporal communities
are detected with the smoothness constraint that the
communities that the nodes belonging to are stable,
but this is not consistent with the evolving real-world
networks. It often occurs that the left of the commu-
nity hub nodes from one community would result in
the movements of large number of nodes in that com-
munity. In this case, the community membership has
a big change, and hence methods with the enforced
community membership smoothness constraint will
suffer from poor performance of community detec-
tion. To solve this problem, they introduce the com-
munity membership transition matrices in our model.
The transition matrices are able to detect significant
changes among detected communities and further
reveal the movements of the inner nodes [5].

The main goal of the article is to solve problem
of association and correlation analysis in scientific
publications and given a set of keywords describing
research area/topics:

1. define and discover associations between
authors and keywords (taken from title and/or the
abstract);

2. perform clustering of authors based on their
association to keywords so as to recommend poten-
tial collaborators.

Dataset and methodology of research. Devel-
oped software allows to analyze and discover interest-
ing collaborations among scientists and researchers.
For this task dataset DBLP was used. DBLP con-
tained more than 1.2 million bibliographic records.
The bibliographic records are contained in XML
file2. The DBLP web server lists all known papers
published by a person on her/his “person page”. This
simple mapping becomes tricky, as soon as a person
has several names (synonyms) or if there are sev-
eral persons with the same name (homonyms). The
main obstacles are the bad habit to abbreviate (given)
names beyond recognition and spelling errors.
The DBLP data set is available from the location
http://dblp.uni-trier.de/xml/

The file dblp.xml contains all bibliographic
records which make DBLP. It is accompanied by the
data type definition file dblp.dtd. dblp.xml has a sim-
ple layout:

<?xml version="1.0" encoding="1SO-8859-1"?>

<!DOCTYPE dblp SYSTEM "dblp.dtd">

<dblp>

record 1

record n

</dblp>

The header line specifies ISO-8859-1 (“Latin-1")
as the encoding, but in fact the file only contains
characters [5]. In this work MapReduce methodology
implemented on Python programming language and
Apache Hadoop is used. We use Hadoop distributed
file system (HDFS), which is responsible for storing
data on a Hadoop cluster and MapReduce system
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Distributed Data Processing Distributed Data Storage
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“l | 2 i
Seconda l
Job Tracker Name Node 4 —masters
Name Node l
Data Node & | < Data Node <=+ DataNode & i
---->¢_[ Task Tracker > | Task Tracker Task Tracker
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Data Node & Data Node & Data Node & ’
Task Tracker Task Tracker Task Tracker .

Fig. 2. Hadoop server roles [6]
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designed for computing and processing large amounts
of data on a cluster.

HDFS repeatedly copies data blocks and distrib-
utes these copies among the compute nodes of the
cluster, thereby ensuring high reliability and speed
of calculations. The Hadoop cluster configuration
consists of one name server, one MapReduce wizard
(JobTracker) and a set of working machines, each of
which simultaneously runs a data server (DataNode)
and a worker (TaskTracker) (fig. 2).

Each MapReduce runs in parallel and (if possi-
ble) locally on each data block. Instead of delivering
terabytes of data to a program, a small, user-defined
program is copied to the servers with data and does
everything with them that does not require shuffling
and data movement. On the AWS m5 xlarge instance
and Ubuntu Server 18.04 LTS (HVM), SSD Vol-
ume Type, 64-bit x86 is used. For processing data

Fig. 3. Authors clustering (groups 0-5)

MapReduce are running on five nodes. Mapping
part consists of parsing xml dataset. Tags <author>,
<journal> and <title> tags from each <article> block
is extracted. Then non-ascii characters from every
parsed tag is removed. Title is divided into keywords.
It is made lowercase and then we remove nonsense
words from it, so, it will be like thematic keywords.
Reducer part is collecting information for every
author, made it as id for reducing. The author’s name
is compared in way that it written. As a result, the
information for every author is collected about the
journals where he was published and keywords in
his works are collected too. The next step was to do
a clustering among keywords that we have after the
MapReduce part. Keyword clustering is the process
of combining related and similar keywords into sep-
arate clusters (groups). This process can show us a
distribution of keywords used by authors and gives
a very useful information for a future work. In the
research k-means algorithm is used.

Given a set of observations (x;, x,, ..., x,), where
each observation is a d-dimensional real vec-
tor, k-means clustering aims to partition the n obser-
vations into k& (< n) sets S = {S,, S,, ..., S;} so as to
minimize the within-cluster sum of squares. This is
equivalent to minimizing the pairwise squared devia-
tions of points in the same cluster [7]. It splits the set
of elements of a vector space into a previously known
number of clusters k. The algorithm seeks to mini-
mize the standard deviation at the points of each clus-
ter. The basic idea is that at each iteration the center
of mass is recalculated for each cluster obtained in
the previous step, then the vectors are divided into
clusters again, according to which the new centers
was closer in the selected metric. The algorithm ter-
minates when no cluster changes at any iteration.
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Given an initial set of £ centers, the k~~-means algo-
rithm alternates the two steps:

1. for each center we identify the subset of train-
ing points (its cluster) that is closer to it than any
other center;

2. the means of each feature for the data points
in each cluster are computed, and this mean vector
becomes the new center for that cluster.

These two steps are iterated until the centers no
longer move or the assignments no longer change.
Then, a new point x can be assigned to the cluster of
the closest prototype. Using Python for implementa-
tion of the k-means algorithm, we get analysis of pub-
lications dataset. Authors were divided into clusters
which depends on their keywords (fig. 3).

Each cluster has its own most common keywords.

Journals for publishing were analyzed. The most
frequent journals are shown on fig. 7.

Conclusions and future work. In this research
the clustering of authors of scientific publications

b

Fig: 6. Most common keywords of a. — 4 clusters; b. — 5 clustérs
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Fig. 7. Amount of publications in journals (1 -“CoRR”;
2 — “IEICE Transactions”; 3 — “Sensors”;
4 — “Applied Mathematics and Computation”)

based on their association with keywords using the
k-means algorithm and Python is done. The selected
algorithm has the following disadvantages for this
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task. We must know in advance the number of clus-
ters. The algorithm is very sensitive to the choice of
initial cluster centers. The classic version implies a
random selection of clusters, which very often was a
source of error. As a solution, it is necessary to con-
duct the object studies to determine the centers of the
initial clusters more accurately. Does not cope with
the task when the object belongs to different clusters

equally or does not belong to one. So one of the tasks
for a future work is to use a more powerful algorithm
for the clustering. The work can be improved in sev-
eral ways: tracking a popularity of journals for pub-
lication in different times, a recommendation system
for choosing a journal depending on the main theme,
using several big datasets with exclusion of the same
records.
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Juuka I.A., €pacroBa B.B., Osnemenko JI.M., FOpuumun B.51. IMPOI'PAMHUI METO/]
KJACTEPU3ALIl HAYKOBIIIB HA OCHOBI ACOLIAIIII ABTOPIB
3 KJIFOUOBUMHU CJIOBAMHU IYBJIIKALIN

Y ecmammi onucano npocpammuuil memoo, Axui 003605€ 32PYNYSamu agmopis Ha 0OCHOGI ix acoyiayii 3 Kio-
YOBUMU CTLOBAMU HAYKOBUX RYONIKAYIU OJis NOULYKY ROMEHYIUHUX 0OHOOYMYIE Ma Kole2 O/t pO3POOKU CRITbHUX
HAYK0B0-00CTIOHUX NPOEKMIB. 3anpononosana pooboma mMae Ha Memi npoOeMOHCMpPY8amu ROMeHYidl ma npo-
onemu Big Data. Texnonozii éenuxux 0aHux 0aioms MOICIUSICHb 0OPOOIAMU 8EIUKY KIbKICHb HEeCmpyKny-
POBAHUX OAHUX, CUCMEMATNUIY8AMU iX, AHANIZYEaAMU MA SUSHAYAMU 3AKOHOMIPHOCTI, KOMU THOOCLKULL MO30K
iXx HiKoAU He noMimumy. Y cmammi ONUCaui OCHOBHI IHCMPYMEHmU ma Memoou, KI GUKOPUCTOBYIOMbCSL OIS
006podKU dydice senukux Habopie danux. Buxopucmosyemuvcs memooonoeiss MapReduse, peanizosana ¢ Python
ma Apache Hadoop. /[ns docnioocenns suxopucmogyemuocs Hadip oanux 3 cepsepa DBLP. DBLP micmumb
nonao 1,2 minviiona Oibnioepaghiunux sanucie. biorioepagiuni 3anucu micmsamocs y gavini XML file2. Beo-
cepsep DBLP nepepaxosye 6ci 8i0omi O0KyMeHmu, onyonikosaui ioouHoo Ha ii «ocodiy. lle npocme sidobpa-
JICEHHSL CMAE CKAAOHUM, 1K MIIbKU Y THOOUHU € KIIbKA IMeH (CUHOHIMIB) ab0 AKWO € KilbKa 0CiO 3 00HAKOBUM
imenem (omonimu). IonosHUMU NEpeuKoOamMU € NO2aHA 36UYKA CKOPOYY8amu (3a0ami) iMena, wo 3yMOGII0E
HOMUIKY Ni0 Yac po3nisHasanus ma nanucauus. Js exzemnaspa AWS mS.xlarge ma Ubuntu Server 18.04
LTS (HVM) euxopucmosyemwcsi SSD, 64-pospsionuii x86. [{ns 0opobru oanux MapReduce npayioe na n’smu
syznax. Yacmuna xapmoepagysanns cknadaemocs 3 ananizy oanux XML. Teau <author>, <journal> i <title>
meau GUMAZYIOMbCS 3 KONHCHO20 010Ky <article>. Ilomim cumeonu, wo ne Hanexcamv 00 00 €kmis, 8UdaIs-
IOMbCAL 3 KOJCHO20 NPOAHANI308AH020 me2y. 3a201060K NOOLISAEMbCA HA KAIOY08I c106d. Bin ymeoproemvcsl
3 Manux pimep, a NOMIM GUOANAIOMbCSL HEOOPEYHI C08A, MONHC 3ANUUATOMBCS MITLKU MeMAMUYHI KII0408]
cnosa. Yacmumna pedykmopa — ye 30upanmsi inpopmayii 01s KOJHCHO20 aemopd, ujo pobums il ioenmugika-
Mopom 07151 CKOpoueHHst. Im’st asmopa nOpiGHIOEMbCS 3 MUM, SIK 6OHO Hanucane. Ak pe3yivmam 30upaemocsl
iHghopmayis 01151 KOJICHO20 A8MOpa Npo JHCYypHAIU, 0e 6iH 0)8 onyONIKO8aANULL, A MAKOIC 30UPAOMbC KII0408]
cnosa y tioeo pobomax. Aneopumm k- means 6uKopucmogyemscs 015 Kiacmepusayii. B pesyiomami ananizy
yux nyonixayit aemopu Oyiu po30iieHi Ha K1acmepu 3a1edcHo 6i0 ix kuouosux ciis. Hasedeno nedoniku ma
nepCnexmugy no0AIbUO020 UKOPUCANHS 3aNPONOHOBAHO20 CHOCO0).

Knrouosi crosa: Big Data, AWS, Hadoop, MapReduse, naykoea nybnixayis, asmop, Kiouosi C106d,
Kaacmepnuil ananiz, k- means aneopumm, Python.
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