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ABSTRACT

Due to the advancement of computer and information technologies, numerous papers have been published. As new research fields

continue to be created, users have a lot of trouble finding and categorizing their interesting papers. In order to alleviate users’ this

difficulty, this paper presents a method of grouping similar papers and clustering them. The presented method extracts primary keywords

from the abstracts of each paper by using TF-IDF. Based on TF-IDF values extracted using K-means clustering algorithm, our method

clusters papers to the ones that have similar contents. To demonstrate the practicality of the proposed method, we use paper data in

FGCS journal as actual data. Based on these data, we derive the number of clusters using Elbow scheme and show clustering

performance using Silhouette scheme.
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Table 1. Top 10~30 Keywords

Top 30 (21~30)

Top 20 (11~20)
Keywords

Top 10 (1~10)
Keywords
1 [Cloud Computing| 11

Keywords
Map-Reduce | 21

Game Theory

Internet of

2 Things 12 | Semantic Web | 22 | Data Mining
Ener, High
3 Big Data 13 nergy 23| Performance
Efficiency .
Computing
4 Security 14 | Virtualization |24 Provenance
Scientific - . - | Performance
5 Workflow 15 Clustering % Evaluation
.\ . . . Machine
6 Scheduling 16 Smart City 26 Learning
Resource Task .
4 Management 17 Assignment 27| Mabile Cloud
8 | Cloud Storage | 18 QoS 28 | Cloud Security
. Distributed
9 Privacy 19 Hadoop 29 System
Distributed Wireless Sensor
10 Cloud 20 Computing 30 Networks
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Algorithm 1. Word Count Map-Reduce Algorithm

¢ Map:
Input(Input file line offset, line content)
output(DocName, 1)
while(matcher.find()) {
context.write(newText(DocName), 1)
}
* Reduce:
output(DocName, wc)
wc = sum counts of for DocName

DocName: Paper Title
wc: Length of Paper Abstract
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Algorithm 2. TF Map-Reduce Algorithm

e Map:
Input(Input file line offset, line content)
output((DocName+keyword), 1)
if (word.equals(Keyword_dic))
context.write(new Text(Doc_Name + keyword ),1)

¢ Reduce: output((DocName+keyword),n)
n = sum counts for keyword in documents

DocName: Paper Title

keyword: Keyword

n : Number of Keyword Occurances

d: Number of Papers with keywords among paper sets
D: Total Numbe of Papers

Algorithm 3. DF Map-Reduce Algorithm

e Map:
Input(Input file line offset, line content)
output((DocName+keyword+n))

¢ Reduce:
output((DocName+keyword+wc+n),d){

d = count papers with keyword in DocName

}

DocName: Paper Title

keyword: Keyword

wc: Length of Paper Abstract

n : Number of Keyword Occurances

d: Number of Papers with keywords among paper sets
D: Total Numbe of Papers

3.6 Document Frequency (DF) A4t
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Algorithm 4. TF-IDF Map-Reduce Algorithm

e Map:
Input((DocName+keyword+wc+n),d)
output(DocName+Keyword), TFIDF)

D : total number of documents
TF=n/wc

IDF=log(D/1.0+d)
TFIDF=TF=IDF

* Reduce:
output(DocName+Keyword+TFIDF)

DocName: Paper Title

keyword: Keyword

wc: Length of Paper Abstract

n . Number of Keyword Occurances

d: Number of Papers with keywords among paper sets
D: Total Numbe of Papers

TFIDF: TFIDF Value
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Table 2. Clustering Results Using the Top 10 Keywords

Cluster | Keyword Document

Uploading multiply deferrable big data to
the cloud platform using cost-effective

Big Data online algorithms

Cloud

Expanded cloud plumes hiding Big Data
ecosystem

Evolving privacy from sensors to the
Internet of Things

IoT L2P2 A location-label based approach for
Privacy privacy preserving in LBS

A comprehensive approach to privacy in the
cloud-based Internet of Things

A risk analysis of a smart home automation
system

CLAPP A self constructing feature clustering
approach for anomaly detection

IoT
3 Security
Privacy

Midgar study of communications security
among smart objects using a platform of
heterogeneous devices for the Internet of
Things
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