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Abstract

With this increased competition among telecom service providers, it has become more
difficult to retain the existing customers, but when the number of customers reaches
its peak, finding and securing new customers become increasingly difficult and costly.
Therefore, it would be better to prioritize the retention of the existing customers, than
trying to win new ones.

Customer reviews can be recognized as fruitful information sources for monitoring
and enhancing customer satisfaction levels as they convey the real voices of actual
customers expressing relatively unambiguous opinions.

This research is aimed at mining and measure customer satisfaction toward Telecom
Service based on reviews and feedbacks from Twitter. This research is mainly focus
on one of the largest mobile operator in Sri Lanka and the analysis has been done only
for English language.

Tweets were classified into three classes as Positive, Negative and Neutral with the
use of four dictionaries (Lexicon, SentiWordNet, Slangs& Emoticons). The
framework was built based on six steps and it shows that Lexicon performs well on
the dataset better than SentiWordNet. After fine-tuning lexicon and stop words
dictionary and integrating with Slangs dictionary, positive classification shows
91.98% accuracy without Emoticon dictionary while for negative classification, the

accuracy is 82.27% with Emoticons dictionary.

Keywords:Twitter Feeds, Telecom Industry, Sentiment Analysis, Lexicon

iii



Table ofContents

DBCIAIALION ... i
ACKNOWIBAGEMENTS ...ttt reeaesraenneens ii
ADSTFACT ... i
LISE OF FIQUIES ...ttt ettt e sre e te e esneenaeeneenneas vi
LISt OF TADIES ... e vi
L INEFOAUCTION ...ttt r et 1
00 50 o) (ST (1) 1 1 1) T 1
1.2 Problem Statement ... sases 1
1.3 AIiMS & ODJECHIVES...cociriirirismsessss s s ansn 1
1.4 Background and MOtiVation .......sssssssssssssssssssssssssssssssssssssssssasasas 2
1.5 Problem in DBrief...... s 3
1.6 Proposed SOIULION.....ccuiiissmsmsssssssssssssssssssssssssssssssssssssssssssssssssssssssasassssssssssssssssssssssasasass 4
1.7 Structure of the thesis..... i —————————————— 4

2 LIErature REVIBW.......iiuiiiieiiiieetet sttt 5
28 0 001 o Lo 11 Ut 00 ) ¢ 5
2.2 Customer Satisfaction Monitoring FrameworkK ... 5
2.3 GOAl SELUING....ccreriirnisssssisn s 5
2.4 TeXt PreProCeSSING ...ummssisisisssmsmmssssssssssssssssssssssssssssssssssssssssssssssssssssasssasssssssssssssssssses 5
2.5 Parsing the CONTENL......u s 6
2.6 Text RefINEMENT ... s asasas 7
2.7 Analyzing and SCOTING ... sasasssss 7
2.7.1 ANALYZING c.orrerrrerrerreceeeeerse s es st e s sss s s s s s bR 7
Yoo o ) 1Y 10

2.8 Finalize and validate the model ... 10
2.8.1 The true positive rate (Hit rate or Recall) of a classifier.....n 11
2.8.2 The false positive rate of a classifier (FPR) ... 11

B TS B 00 3 U0 ) LT 12

B T Yol ) ol T 12

20 1 1) 100 10 F: ) o 2 12

I I=Tod g To] [0 )Y SRSPR 13
K200 T 0 010 0T Lot ) 13
3.2 Machine Learning Vs Lexicon Based Method ..........cccumninmnnsnssssssssmssssssssnanens 13
3.3 Limitations of Lexicon Based Method ... 13
BT Y 11 01 T 14

A APPIOACKH .. et b et e ae s 15
80 U010 0L (0 10 U (o) 15
20 5 4 0101 1 LT 15
5 200 1) 15

T 011 0 1 16
T o 0T o ] 16
4.6 SUINIMIATY ..ucorserarsmssssssssssssssssssssssssnssssssssassssssssssssssssenssssssstasssesssssssseass e be s R SRS SRR AR AR R AR e R AR R R RS 16

5 ANAIYSIS & DBSIGN ...ttt sttt st et neenreene s 17
LT 10 0510 00010 L0 ot ) o 17
5.2 High-Level Solution Diagram ... 17
5.2.1 Text Preprocessing MOAUIE ........oeeenmrensesseersessessessesssssseesssssssssssssssesssssssssssssssnns 18
5.2.2 Content Parsing MOAUIE ... ssssesssssssssssesssesssssssssssssssnns 19
5.2.3 LeXICON MOAUIE ...ttt seeseisesensse s ssses s s ssss s bbb s e 19



5.2.4 SCOTING MOAUIE.... ettt sees s ss s s s sssssessenas 20

5.2.6 Finalize and validate the MOdel ... eeseenes 21
LT 20 101011 T2 1 o 22
6 IMPIEMENTALION ...ttt ae s 23
6.1 INTrOAUCEION vt s 23
6.2 APPLOACKH s 23
6.3 DAtaSEel....ccciiii i ———————————————————— 23
6.4 Text Preprocessing MoOdUIE ... ssssssess 23
6.5 Content Parsing MOdUIE........coiiiimsmsmsmiissssssssssssssssssssssssssssssssssssssssssssssssssssssaes 24
6.6 LexicOn MOAUIE ... sssssssssssns 24
6.7 SCOTING MOAUIE......cuciisrirscssssrs s 24
6.7.1 Algorithm for using Lexicon Dictionary only.......coeeeeseessessseenne. 24
6.7.2 Algorithm for using SentiWordNet Only ... eees 25
6.7.3 Algorithm for using both Lexicon and SentiWordNet.........cconeereennereenreereesernnens 26
6.7.4 Algorithm for using Lexicon with Slang Replacements..........ccconeenmeereeenneeseesseennne 26
6.7.5 Algorithm for using Lexicon with Slang Replacements and Emoticons
1 (0 (0] 4 =1 7T 27
6.8 SUINIMATY .uvoviessmsnsessmsmsssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnssssesssassssssssssssssssssnssssssssnsssssnssans 28
7 DIHSCUSSTON ...ttt bbbttt e bbb bbb enes 29
7 T 0 (L0 0T 10Tt ) 29
7.2 ReSUlts & ANALYSIS...commsmsmsmsmsmsmsmssisisissssssssssssssssssssssssssssssssssssssssssssssssssssssasasasssssssssssssssans 29
7.3 Model Validation with existing to0lS/APIS......ccoonrnmnmsmnmsssmssssssssssssssssssnens 34
7.3.1 Google Cloud Natural Language APlL.......eneeseiseesesssseseesessesssssssessssssssnees 34
7.3.2 taP-aYliEN.COM AP ...ttt st 35
7.3 Research LIMitations ... 36
7.4 Suggestions for Further ReSearch ... 37
ST 1010 10T 37
RETEIEICES ... 38
AAPPENTIXES ..ottt sttt ettt b e s ettt b et et e n et et Rt be b neenns 40
Appendix A - R code for using only LeXiCON DICLIONATY ......cucusussssssssssssssssssssssssssnsasasns 40
Appendix B - R code for using SeNtiWordNet .............coussisisssssssssssssssssssssssssssssssssssssasens 44
Appendix C - R code for using Lexicon Dictionary with Stop Words Amendments48
Appendix D - R code for comparing Lexicon Dictionary with SentiWordNet........... 51
Appendix E - R code for using Lexicon Dictionary with Slang Replacements ......... 55
Appendix F - R code for using Lexicon Dictionary with Slang Replacements and
01 L0 (o0 1 K. 59



List of

Figure 1.1:
Figure 2.1:
Figure 2.2:
Figure 2.3:
Figure 2.4:
Figure 2.5:
Figure 5.1:
Figure 7.1:
Figure 7.2:
Figure 7.3:
Figure 7.4:

List of

Table 5.1:
Table 5.2:
Table 5.3:
Table 6.1:
Table 7.1:
Table 7.2:
Table 7.3:
Table 7.4:
Table 7.5:
Table 7.6:
Table 7.7:
Table 7.8:
Table 7.9:

Figures

Cellular Mobile Telephone SubSCriptions [1] ...coeeveermermeersesresssensesseesesesssnens 2

SEMMING PrOCESS [9] .o eueeeeeereeeeureaeessesssesessssssessessssssesssssssssssssssssssssesssssssssssssens 6
Term-By-Document MatrixX [L1] .c.ooeoreremeessenmesnssssessessssssesssesssssssssesssssssssssnens 7
Sentiment Classification TeChNIQUES [15].....coorenenrereeneneeneererseesesseeseesseeseens 9
Sample score for SeNtIMENt [6].......cocoereerrererrrenseereeneeseeseesesssesesseeseessessssssesssenns 10
Confusion matrix for binary classification [18].......cccccoremrrrrereernesseessessesseenne 11
High Level SOIUtION DIagram ......oeneeneenesesnsessesssessessssssessessssssssssssssssssseeas 17
Comparison of Positive Classification Accuracy for each step .......cccuuu.... 33
Comparison of Negative Classification Accuracy for each step .......c....... 34
Snapshot of Sentiment Score on Google Cloud APL.......nereeneenreeneenn. 35
Snapshot of tap.aylien.CoM APL..... e ssessssssssssssssnns 36
Tables
Confusion Matrix for POSItIVE REVIEWS .........ccveeeeereeseesneessessseesssessesssseseesnns 21
Confusion Matrix for Negative REVIEWS .........crneneeneneensenesssesessssssssesseens 21
Confusion Matrix for Neutral REVIEWS .........cceeneneeneesneessersseessesssesssessseesnns 22
Y LTI o] 0 0T o =TSP 23
LexXiCon VS SENTIWOIANEL ........cvveeereereereeseesesseeeessessesssesssssssssssssesssssssssssssssssssssans 29
Samples Of FINE-tUNEA WOITS ......ccveeererrrenerssenessssssesssssssssssssessessssssessssssssssssnens 30
Lexicon VS FINe-tUNEA LEXICON.......coereerrererreieessessesssessssssessesssssssssssssssssssssssssnns 30
Fine-tuned Lexicon vs Fine-tuned Lexicon with Stop Words Changes......31
Hybrid Approach (Both Lexicon and SentiWordNet)........oceeeveereennenesseenns 31
Lexicon vs Lexicon with Slang Replacements..........ccneneneensesneeneessesneense 32
Lexicon with Slang Replacements and EMOLICONS ......cc.vevrereereernesseensesressnenne 33
Accuracy Comparison with Google Cloud API......vrereereereeneereeseesnenne 35
Accuracy comparison with tap.aylien.Com AP ... 36

Vi



