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An Extraction Method of Sentiment Infromation
from Unstructed Big Data on SNS

Bong—Hyun Back+, lIkyu Haﬂ, ByoungChul AhnH+

ABSTRACT

Recently, with the remarkable increase of social network services, it is necessary to extract interesting
information from lots of data about various individual opinions and preferences on SNS(Social Network
Service). The sentiment information can be applied to various fields of society such as politics, public
opinions, economics, personal services and entertainments. To extract sentiment information, it is
necessary to use processing techniques that store a large amount of SNS data, extract meaningful data
from them, and search the sentiment information. This paper proposes an efficient method to extract
sentiment information from various unstructured big data on social networks using HDFS(Hadoop
Distributed File System) platform and MapReduce functions. In experiments, the proposed method collects
and stacks data steadily as the number of data is increased. When the proposed functions are applied
to sentiment analysis, the system keeps load balancing and the analysis results are very close to the

results of manual work.
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Fig. 1. Hadoop ECO System.
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Fig. 3. The proposed HDFS,
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Table 1. Servers of the proposed HDFS

Server Components

Role

NameNode, DataNode
MapReduce, Crawler

Primary Server
(Master Node)

Main server for parallel distribution process
Name node(controlling other servers)
Data node, Data loading

Secondary Server Secondary NameNode

Backup server of main server

(Slave Node 1) DataNode Data node, Data loading
(]S);;?e ?\%2?12) DataNode Data node, Data loading
(glzt\?e Sl\ir)‘(;iré) DataNode Data node, Data loading
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//Context Analysis
public double calculateSentenceScore(String keyword, String source)

keyword = keyword.toLowerCase();

source = source.toLowerCase();

// processing of the keyword

source = source.replaceAll(keyword, "#KW#");

int pCount = 0;
int nCount = 0;
// context analysis by minimum sentence unit
List<String> Ist = getTwitterSentences(source);
for (String s : Ist) {
pCount += getPostiveCount(keyword , s);
nCount += getNegativeCount(keyword , s);

}

if (pCount == 0 && nCount == 0) { return 0.0; }

int result = pCount — nCount ;

// if the result is zero then assign 1 to the result(positive)
if (result == 0) {result = 1; }

return result;

Fig. 4. Context Analysis Algorithm
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//Morphological Analysis
//it the result is zero in previous stage, this stage is processed
public double calculateSentenceScore(String source) {
double sc = 0.0;
List<MorphemeTagpverifyMorphemelList = cleansingWord(source);
double posldx = getMorphemeScore (verifyMorphemeList,
MorphemeCalculator.s_posDic);
double negldx = getMorphemeScore (verifyMorphemelList,
MorphemeCalculator.s_negDic);
if (posldx == 0 && negldx ==
sc = 0.0;
else{

sc = posldx — negldx;

// is the sc is zero, then assign the posldx value to the sc
//value as a positive value

if (sc == 0) { sc = posldx; }

// Token Analysis
if (sc == 0.0
{
List<String> tokenList = Arrays.asList(source.split(" "));
List<MorphemeTag>verifyMorphemelList= leansingWord(source);

if (posldx == 0 && negldx == 0){
sc = 0.0;

else{
sc = posldx — negldx;
if (sc ==0){ sc = posldx; }

}

//Prohibited word Analysis
if (sc == 0){
List{MorphemeTag>verifyMorphemelList = cleansingWord(source);
for (MorphemeTag tag : verifyMorphemelList)
{ }

}

return sc;

Fig. 5. Morphological, Token and Prohibited word
Algorithms,
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Positive Context set of positive context patterns, compute the number of .

.. .. . Context Analysis
Dictionary positive context in source sentence
Negative Context set of negative context patterns, compute the number of ,
Dictionary negative context in source sentence
Positive Word set of positive word patterns, compute the number of Morphological/
Dictionary positive word in source sentence Token Analysis
Negative Word set of negative word patterns, compute the number of ;
Dictionary negative word in source sentence
Prohibited Word o . .

.. set of prohibited words Prohibited Word Analysis
Dictionary
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Fig. 6. Data Crawling using Twitter4j,

Table 3. Experimental Environment

Components

Roles

OS, RE . .
some business logic

Use of Hadoop for distributed storage, Supporting Java environment for processing

Crawler, HDFS Layer

Crawler: Gathering the source data from various SNSs
HDFS: Distribution File system, Data storage

MapReduce Layer

Sentence Analysis, Text Mining, Emotion Analysis

MongoDB

Storing analyzed results by MapReduce in MongoDB

WAS, Web Server

Supporting Web applications using analyzed results

Table 4, Data Sets for experiment and analysis

Data Set number Number of data extraction period (day) API
1 2,106 1 Topsy API
2 11,672 6 "
3 20,000 10 ”
4 40,788 20 ”
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7 100,497 52 ”
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