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TEXT CLASSIFICATION BASED ON ORGANIZATIONAL DATA
USING MACHINE LEARNING

ABSTRACT

The increase in text data coming with the increase in the use of online platforms and the ease
of access to this data have led to the increase in the number of studies on text classification.
Text classification has had a great impact on such fields as spam mail detection, sentiment
analysis and news categorization. Our concern in this study is Turkish text classification.
While there are a lot of English papers related to text classification, the number of the studies
on Turkish data is quite limited. In this study, the letters of request that came to an
organization were used as the experimental dataset. These letters of request are labeled with
classes. These classes are predefined in the internal processes of the organization from which
the data is received. Because the letters of request used in the study came directly from the
users, they contain a lot of misspellings. To correct these mistakes, normalization was
applied on the text data. Then, the words in the corpus were transformed into their simple
forms by morphological analysis. In addition, the list of stop words was prepared by looking
at the most repetitive word groups, and they were removed. Lastly, in the preprocessing step,
the repetitive classes in the corpus were simplified via the K-Means algorithm and the
number of the classes was reduced. As a result, a more consistent and balanced dataset
appeared. The letters of request were trained by Naive Bayes, SVM, Random Forest,
Logistic Regression and LSTM before and after preprocessing. Then, the performance of the
algorithms before and after preprocessing was compared. It was concluded that the most
efficient algorithm with regard to accuracy is LSTM. Moreover, the model of SaaS was
developed for the organizations to benefit from the machine learning model and for

increasing the data.

Keywords: Natural language processing, machine learning, text classification, LSTM,

Naive Bayes, Support Vector Machine, Random Forest, deep learning.



MAKINE OGRENMESI KULLANARAK KURUMSAL VERILERE
DAYALI METIN SINIFLANDIRMA

0z

Cevrim i¢i platformlarin kullaniminin yayginlasmasi ile birlikte metin verilerinin artmasi ve
bu verilere erisimin kolaylasmasi metin smiflandirma alaninda yapilan c¢alismalarin
sayisinin ¢ogalmasina vesile olmustur. Istenmeyen e-postalarin tespiti ve duygu analizi gibi
bircok alanda metin smiflandirma tekniklerinin biiyiik katkisi bulunmaktadir. Bu tez
kapsaminda, Tiirk¢e metin siniflandirma tizerinde ¢alisilmistir. Metin siniflandirma ile ilgili
Ingilizce birgok arastirma olmasmna karsmn, bu alanda Tiirkge veriler iizerinde yapilan
caligsmalar oldukca azdir. Bu ¢aligmada, bir organizasyona gelen sikayet mektuplari egitim
verisi olarak kullanilmistir. Sikayet mektuplar ilgili konular ile etiketli bir sekildedir. Bu
konular verilerin alindig1 organizasyonun kendi i¢ siireclerinde tanimladigi konulardir.
Incelenen sikayet mektuplar direkt olarak kullanicidan geldiginden dolay1 ¢ok fazla yazim
yanlist icermektedir. Bu yazim yanliglarini diizeltmek i¢in metin verileri iizerinde
normalizasyon iglemi uygulanmistir. Daha sonra veriler ilizerinde bi¢imbilimsel analiz
uygulanarak kiilliyat igerisinde bulunan kelimeler yalin hale getirilmistir. Ayrica en sik
tekrar eden kelime gruplarina bakilarak etkisiz kelimeler listesi olusturulmus ve etkisiz
kelime olarak goriilen sozciikler temizlenmistir. Son olarak 6n isleme adiminda veri
kiimesinde tekrar eden siniflar K-Means algoritmasi ile sadelestirilmistir. Bu sayede daha
dengeli ve mantikli bir veri kiimesi olusturulmustur. Gelen sikayet mektuplar1 6n islemeden
once ve sonra Naive Bayes, SVM, Random Forest, Logistic Regression ve LSTM ile
egitilmistir. On isleme dncesi ve sonrasi algoritmalarin performanslari kiyaslanmistir. Sonug
olarak, dogru tahmin etme agisindan en verimli g¢alisan algoritmanin LSTM oldugu
goriilmiistlir. Ayrica kurumlarin gelistirilen modelden faydalanmasi ve verilerin arttirilmasi

amaci ile SaaS modeli gelistirilmistir.

Anahtar Kelimeler: Dogal dil isleme, makine 6grenmesi, metin siniflandirma, LSTM,

Naive Bayes, Support Vector Machine, Random Forest, derin 6grenme.

vi



CONTENTS

M.Sc. THESIS EXAMINATION RESULT FORM ....cccooiiiiiiieeeeeeeeeeene il
ETHICAL DECLARATION.......ctiitieieitctieetettete ettt il
ACKNOWLEDGMENTS ..ottt st v
ABSTRACT ..ottt ettt sttt sttt sb et esaeente et eneas v
O vi
NOMENCLATURE ..ottt ettt st st eaesaeenee s iX
LIST OF TABLES ..ottt sttt ettt e sse e saeennas X
LIST OF FIGURES ..ottt ettt ettt nse e nas Xi
CHAPTER 1 - INTRODUCTION ..cccuievuisicsunssessanssessssssssssssssssssssssssssssssssssssssssssssasss 1
L1 OVEIVIEW oetieiiieiieeiieetteiteetteeeteete e e etteenaeesseeteasseeensesssaensaesnseansaenseenssennsenns 1

1.2 Customer Relationship Management ...........cccccveevveeeeieeicieeenreesereeerereeseneenes 1

1.3 The Aim 0f the STUAY ....oooviiiieiieiieceee e ens 2

1.4 Thesis OrganiZation ...........ccceecueerieeriesieeiieestiestieseeeteeeeeseeeeeeseesseesseeeseens 3
CHAPTER 2 - LITERATURE REVIEW .....inininininninnissenssssssssssssssssssssssssssssss 4
2.1 Text ClassifiCatiOn........c.ccccveeeiiesiierieeieeiierie e see et e e sreeseesneeseaesnseeneas 4

2.2 Natural Language PrOCESSING .......ccceeoveeiiieriinieeieeieeie et 10
CHAPTER 3 - RESEARCH METHODOLOGY .....uccoveruininsurssensansarsssssansasssesses 15
3.1 Architecture DESIZN .......cceevuieeiieiieiieiieeieeie ettt be e eenes 15

RIWAN DT ;B 25'q 0] (01 214 o) o EO RS 17

3.3 The Tools and Technologies Used ...........ccceevveriieiieiieiiecieeieeie e 29
G TR 7 410 s SRS 29

3.3.2 Pandas ..eeeeiieeeee e e 29

3.3.3 MatPIOthib .ot 30

3.3 4 NUITIPY toeevrieeiieeeiieeeieeesreeetreesreesreessseesssaeassseesssseessseeesssessssseesssesesens 30

3.3.5 SCKIt-I@AIM ..ottt 30

3.3.0 ZEMDETEK .....oeeeiiieiiieeeee ettt 31

I TR A N ¢ 1SS 31

3.3.8 Java SPring BOOt........ccveiieiieiecieeeeeece e 31

I T T Tt 2 - F USSP 32

3.3.10 POStErESQL...coiiieeeiieeee ettt ettt 32

IR N Fe{03 11 1101 TSRS 32
3.4.1 Maching Learning...........ccueevveeivreeerreeisreesreeeireesreeessreeesereessneessneessens 32

3.4.1.1 Supervised Learning .........c.ccceevueereeecieecienieneeecieesreesreeseeeveeenens 34

vii



3.4.1.2 Naive Bayes Classifier.........ccceerieiierieiiieiee e 35

3.4.1.3 Support Vector Maching ...........ccccevvvvieeiiieeriee e ecree e evee e 37

3.4.1.4 LogiStic REGIESSION.....ccueeiuieiieeiieciieeie et eite et 39

3.4.1.5 Random Forest Classifier..........cccocoieiiieeiiiiienieeeeeeeeee e 40

3.4.1.6 Unsupervised Learning ...........cccceeveeeeveeeiiereenieeieeseeseeeeeeveesenens 42

3.4.1.7 The K-Means AIZOTithim..........cccoerirriiieeiieiecie et 43

3.4.1.8 Long Short - Term MemOTy........cccceecvvierireeerieeeiieeereeeiveeeveeeenens 43

3.4.2 Text ClassifiCation .........cccceeceeeieecieesieeieeie et 44

3.4.2.1 DOCUMENTS ...coouiiieiiiiiiiiieiiie ettt ettt ettt e et e et 44

3.4.2.2 PrePIOCESSING ....eecuveeuieerieiieiieeieerttestesteeseesseesseesseesseessseesseenseens 45

3.4.2.3 Feature EXIraction ........ccceccverieeriienieeie et 46

3.4.2.4 Term Frequency (TF) - Inverse Document Frequency (IDF)........ 47
CHAPTER 4 - EXPERIMENT RESULTS ..cccceenviennninensnnsncssnsecsssssesssssssssassseeses 48
4.1 Performance MELTICS ......ccoeerierierieertieniie ettt ettt ettt 48

4.2 Experimental RESUILS..........ccccvieiiieiiiiiiiciieectccece e 49
CHAPTER 5 - CONCLUSION AND FUTURE WORKS.........ccoccenveisrerssurcsaresen 58
B B0} 1o L3 (o ) SRS 58

5.2 FULUTE WOTKS ...eoutieieiieiieiie ettt ettt s ste e esaeennes 59
REFERENCES .....coooviinniinninninnnicsnissnisssnossssssssssssossssssssssssosass 60
APPENDICES.....couiiiiinsinnrinsensaisssissnssssssissssssssssssssssssssssssssassssssssssssssssssssassssssssssssss 65
APPENDIX A - List of Stop Words........coceeveriineniiiiniiienecieecceeeseeens 66
APPENDIX B - List of Custom Stop Words ........ccccceeveveeeiieeeeciieeriee e 67
APPENDIX C - LSTM Model Training Code .........ccceeeveeeriereeereeieeeiesre e 68
APPENDIX D - K-Means Clustering with Scikit-learn.............ccceccveveerinennene. 69
APPENDIX E - Dataset Analysis Code.......ccceovvvieriiieniiieiiiieeeiieeree e eseree e 70
APPENDIX F - Training Code of Traditional ML Algorithms ........c..cccceeueennee. 71
CURRICULUM VITAE ..ccccuiiiiisninsnicssncssscssssssssossesssssssssossssssssssssossssssssssssssssssssssses 72

viii



NOMENCLATURE

Acronyms
Al Artificial Intelligence
CRM Customer Relationship Management

DBMS Database Management System
K-NN K-Nearest Neighbors

LR Logistic Regression

LST™M Long Term-Short Memory
ML Machine Learning

NB Naive Bayes

NER Named Entity Recognition
NLP Natural Language Processing
PCA Principal Component Analysis
POS Part of Speech

RF Random Forest

RNN Recurrent Neural Network

SVM Support Vector Machine
TF Term Frequency

IDF Inverse Document Frequency

ix



LIST OF TABLES

Table 3.1 Comparing the number of the WOrds ..........cccoevvviiiiiiiiiicce e 18
Table 3.2 Uni-gram frequency comparison according to the preprocessed data................ 25
Table 3.3 Bi-gram frequency comparison according to the preprocessed data.................. 26
Table 3.4 Tri-gram frequency comparison according to the preprocessed data................. 27
Table 4.1 Results before preproCeSSING .........ecverireiierieeie ettt 50
Table 4.2 Results after preprocessing without the simplification step ..........ccceevvvvererennen. 51
Table 4.3 Results after preprocessing with the simplification step ........cccoceeevveviiervernnnnne. 51
Table 4.4 Results before preprocessing via LSTM........ccccvviiiiiiiiiiiiieeee e 53
Table 4.5 Results after preprocessing without the simplification via LSTM ..................... 53
Table 4.6 Results after preprocessing via LSTM .......ccoceoiiiiiiininiiininiiienceeeeseene 53
Table 4.7 Training timMe COMPATISON........eeerveerrereeerrreerreeesireesreessreesseeesseesssseesssseesssessens 57



LIST OF FIGURES

Figure 1.1 Process of r€SPONAING.........cccvveerieiiirireiiiieiieesreeesieeesieeesereeeereesereeeeseesssseesnees 3
Figure 2.1 Tree StIUCTUIE....cccviieiiiieiiieeite ettt ettt ettt e site e s eate e sbteesateesbteeebeeesaseeennes 12
Figure 2.2 Tree structure with a deformed word ............coccooiiiiiiiiiii 12
Figure 3.1 Classification architeCture............evueeieririerinieieceieeeeeee e 15
Figure 3.2 PreproCessing StEPS ....eeeuieriiertieeieeeieeetieeieeieeste et esstesteeseesseesneesnseeseesneesneeenne 16
Figure 3.3 The SaaS mMOdel.........coooviiiiiiiiiiece et 17
Figure 3.4 Most frequently occurring uni-grams before preprocessing .............cceeveeninnne. 19
Figure 3.5 Most frequently occurring bi-grams before preprocessing ...........cccccceeeveennnne. 20
Figure 3.6 Word cloud before preproCesSing ......c..ocveeveecieereereeicreeseeseeseeeseereeseneseneenns 21
Figure 3.7 [1lustration of preproCesSSINg.......c.eceveevierveriieeeieereesireesieesreenseesenesseeseessnesnseenns 22
Figure 3.8 Most frequently occurring uni-grams after preprocessing ........ccoocveeeevveerveennnn 23
Figure 3.9 Most frequently occurring bi-grams after preprocessing ..........c..ccceeevvereveennnnne. 24
Figure 3.10 Word cloud after preproCessing ..........ccceeveeceerienieesieeieee e 25
Figure 3.11 The distribution of the data ............ccccooiiiiiiiiii e 28
Figure 3.12 Letter of request count after preprocessing........cceecveeeeeeeeniercieeceeereeesveseeenns 29
Figure 3.13 HOW ML WOTKS .....ccuiiiiiiii ettt e 33
Figure 3.14 ML mMeEthods .......ccoiiiiiiiiiiiiieeeeeee e s 34
Figure 3.15 Illustration how Naive Bayes classifier Works...........cccocovevvevciiciinierieeee, 36
Figure 3.16 Illustration of SVM .......ooiiiiiii e e 37
Figure 3.17 Margin, hyperplane and SUPPOIt VECLOT...........ccuerieriirienienieienieiesieiesieenns 38
Figure 3.18 The sigmoid fUnCtion .........cceeeiiriiieiieeee e 40
Figure 3.19 Illustration of Random Forest prediction ............cooceeiieiiiiieneiieecee e 41
Figure 3.20 Illustration of CIUSIETING ......c.eevvereieeeiierieeie ettt et 42
Figure 3.21 LSTM JaY@IS.....cccuiiiiiieiieiiet ettt sttt et 43
Figure 3.22 Cleaning PrOCESS .......cccueeereerreereerireeereesresseeseesseesseessessseesseesssesseessessssessseenns 45
Figure 3.23 Word occurance as feature ...........ceecuierierieriieeieeie et 46
Figure 3.24 The number of word occurances as feature.............ccocceeveerieneeieinienie e 46
Figure 4.1 Model trailing ..........cceerieiiieiieieerie et ertesteete e seeste e esseeseaesnseenseesnaesnseenns 49
Figure 4.2 Accuracy plot before preprocesSing........ccoeeeeeeerierierieeiierie et 54
Figure 4.3 Loss plot before preproCcessing........cccvvereerieieieerieerie e ereesee e eve e seveseneenne 54
Figure 4.4 Accuracy plot after preproCesSing.........occvevvereieeiierieeieeeeree e eee e sae e ene 55
Figure 4.5 Loss plot after preproCesSing........ueuvvieeriveeriveeiiieerreeesreeereeesreesereessneesreesnens 55

Xi



CHAPTER 1

INTRODUCTION

1.1 Overview

The development of machine learning techniques has brought solution proposals for
our daily problems. With the development of internet, people’s rate of using personal
computers and mobile phones has increased. They share a lot of things like their
location, photos on social media and other online communication platforms including
even their personal data. People’s view of daily life problems has changed a lot. They
now share problems they meet in daily life in a quick and easy way on diverse social
media platforms for both complaint and good feedbacks. It has become inevitable for
firms with commercial concern and organizations with political concern to adapt it.
Organizations and firms have begun to follow and respond to these types of feedbacks

on both social media platforms and their own CRM software.

In this study, text classification was applied to the letters of request that came to an
organization. The methods applied and the results acquired were examined in a
detailed way. In addition, for the organizations to benefit from the machine learning

model and for increasing the data, the SaaS application was developed.
1.2 Customer Relationship Management

People oriented organizations and firms need to listen to the feedbacks coming from
people about their services or products and to direct themselves according to their
reviews. Organizations use CRM systems to analyze their interaction with people and
to keep the statistical data. CRM systems have a database keeping the personal
information of people benefiting from a service or product in a detailed way. In
addition, the feedbacks and the requests coming are saved in this database. With the
development of technology, today, these feedbacks and requests are conveyed to

organizations via variable communication platforms and social media along with e-



mail and phones. CRM systems work integrally with these communication platforms

and transfer the requests to their database no matter which platform they come from.

We meet such types of CRM as Contact Center CRM, Social CRM, Mobile CRM and
Business-to-Business CRM in practice. In CRM systems used as a contact center, the
personnel in charge of the communication center conveys the requests to the
department of marketing. Who is in contact with the client is the call center personnel.
Social CRM works on the messages sent to the organization via social media. The
client is in direct contact with CRM. Mobile CRM works as a bridge between the client
and the organization via mobile applications developed for smart phones and tablets.
It can achieve the location of the users by using their smart phones. Business-to-
business CRM helps the issues be addressed to just in the beginning step [1]. In the
organization which the data used in the study was taken from, a CRM system

integrating all these types of CRM is used.
1.3 The Aim of The Study

Organizations offer diverse online application forms for people to convey their
complaints to related departments. Hundreds of complaint or content letters are
conveyed to big organizations via CRM software every day. It is also very important
for these letters to be followed and responded to for people’s content. Time is the most
important factor in the process of responding. People expressing their requests expect
them to be fulfilled as soon as possible. In big organizations, it causes waste of time to
convey these requests coming via CRM software to the related department/staff, and
people’s rate of content decreases [2]. The misclassification of the incoming letter of
request causes the time spent for responding to be longer. The loop indicated with red

arrows in Figure 1.1 is a result of misclassification, which leads to waste of time.



) Send response to citiziens or customers

Letter of request

[ Citiziens or customers

CRM personnel as ]
router

Figure 1.1 Process of responding

It is the main aim of this study to detect the class of the letters of request by applying
diverse learning techniques on them and to respond to them in a faster way. Via
classification algorithms, it is expected for the letters to be conveyed to the related
class in a fast way, and thus, for the staff to respond to the letters in a faster way. Which
classification algorithm is better for this process is another point to detect. There is
also a challenge for this classification process in this study, because all the letters of

requests, which were taken from a Turkish organization, are in Turkish.
1.4 Thesis Organization

In the first chapter of this study, which consists of five main chapters, the content of
the study and its aim and gainings are given. Also, CRM system and its types are
mentioned. In the second chapter, similar studies are examined under the title of
literature review. In the third chapter, the algorithms, libraries and technology used in
this study are explained in a detailed way, and detailed information about the data are
given. In the forth chapter, the results having been acquired with the working of the
algorithms and the results are evaluated. The last chapter incorporates the conclusion

and future works parts.



CHAPTER 2

LITERATURE REVIEW

In this study, text classification is performed by using supervised learning algorithms.
The dataset to be used in the training is Turkish. In this section, the use of the

algorithms and the methods having been used in the other studies were analyzed.
2.1 Text Classification

Pranckevicius and Marcinkevicius, in their study, analyze Naive Bayes, Random
Forest, Decision Tree, SVM and Logistic Regression, which are of the algorithms used
in text classification, according to their accuracy. They also state that text
classification, which is performed by the combination of machine learning and NLP
techniques, is a field which has been studied on recently by many scientists. In the
related study, 2638274 comments having been sent to an e-commerce application are
analyzed under five classes. After the preprocessing steps, Tomas Pranckevicius and
his friend argue that the accuracy of Logistic Regression (58.50%) is better than the

other algorithms, and the lowest accuracy is Decision Tree’s [3].

One of the algorithms which are often used to solve text classification problems is
Naive Bayes. Its qualities “easy implementation” and “high accuracy rate” have made
it popular. The paper [4] tells about a study on text classification of English tweets via
Naive Bayes algorithm. In this study, whether the tweets are positive or negative was
determined. In the process of text classification, the algorithm was worked after
preprocessing. Such terms as url and username contained in the tweets were removed.

Reduction was performed for the replicated characters.

In another text classification study, a classification process on the abstracts of some
research papers was performed. In this study, some research papers belonging to four
classes named DBMS, Operating Systems, Java and Data Structure were examined,
and Naive Bayes classifier, Decision Tree and their own algorithm were used. It is

concluded in this study that Decision Tree algorithm reached a great accuracy, and



Naive Bayes showed a notable performance. As in the other text classification studies,
preprocessing was performed in this study, as well, before the model was not trained
with classification algorithms. Porter Stemmer and a tokenizer were used to extract

keywords from the abstracts [5].

Bhumika et al. in [6] did a study on text classification algorithms. The document
classification processes and classification algorithms were examined in a detailed way.
In this study, the tasks of text mining were divided into five categories as text
categorization, text clustering, concept mining, information retrieval and information
extraction. The researchers of the study define text categorization as labeling pre-
defined categories and documents, text clustering as grouping similar documents,
information retrieval as reading information from documents according to users’

request and information extraction as responding to questions.

Korde and Mahender in [7] point out that over 80% of all the online data is placed as
text and has quite a high commercial value. The researchers of the study preprocessed
the data to be used for text classification for cleaning it. They state that the raw data
affects the training cost not only in terms of speed but also in terms of result quality.
They also analyzed the advantages and disadvantages of classifiers in a detailed way
and presented them as a table. In this study, it is stated that Naive Bayes and SVM
algorithms work well with textual and numerical data and are implemented in an easier
way compared to the other algorithms. It is also pointed out that Naive Bayes works
well only on independent data, which is a negative aspect of Naive Bayes, because

daily problems are generally correlated.

All the related research above shows that the datasets used for text classification are
usually in English. Along with it, studies done with Arabic datasets [8-10] are also

common.

In [8], a study Arabic text classification which was performed on, it is stated that the
majority of online information is available as text, thus it is important to acquire
sensible information from text data using text mining methods. The researchers state
that in the study, along with the studies concerned with text classification in English,

there are text classification studies in other European languages such as German,



Italian and Spanish and Asian languages such as Chinese and Japanese, as well. The
Arabic data, which was used in this study, was taken from an online news channel
broadcasting in Arabic. The Maximum Entropy classifier, which is a supervised
method, was used in the study to classify the news to analyze into six categories. The
data was processed before the training of the model. In preprocessing, firstly, all the
data was transformed into UTF-8, then, the punctuation marks and non-letters were
removed. Later on, such NLP methods as tokenization and stemming were applied,
thus the data was cleaned. The datasets having been acquired without preprocessing,
“with normalization”, “with normalization plus tokenizer” and “with normalization
plus tokenization plus part of speech methods” were compared to each other in terms
of precision. As a result, it is concluded that the consistent result was taken from the

dataset which was acquired with normalization, tokenizer plus POS. Parts of speech

were used to label the text as nouns and proper nouns.

Mohammad et al. used SVM, Naive Bayes and Neural Network in [11], which is
another text classification study having been done in Arabic. It is pointed out in the
study that preprocessing is an indispensable step to reduce the complexity of the
document. This study divides preprocessing into three steps, and summarizes the first
step as stop word cleaning, the second step as generating vector space models and the
last step as selecting the most useful and valuable features. This study was done on
1400 Arabic documents belonging to eight categories and having been taken from
diverse online news sites. 63% of the data was used for training, and the rest was used
for testing. According to the test results, the researchers state that the most consistent
algorithm is SVM. As for text classification with Turkish data, its examples are

available in studies like [12, 15-17].

In [12], the researchers compare SVM, Naive Bayes, C 4.5 and Random Forest
algorithm to each other in terms of author name, document genre and author gender.
They concluded after examining the previous studies that classification is performed
according to such criteria as commonly-used words, word length and sentences length
to determine the author name. In their own study, they used the character n-grams
method to reach the text classification aims. The writings of eighteen authors in

different topics which were collected from three different daily newspapers were used



as dataset. The dataset incorporates eighteen authors, thirty-five different texts having
been written by each author, three text topics “policy”, “popular interest” and “sports”,
four females and fourteen male authors. The correlation-based feature selection
method was used for feature selection in this study. It was concluded that feature
selection boosted the accuracy of the classification. The best working algorithm in

author detection was seen to be Naive Bayes. In genre and gender detection, it is SVM.

In [15], the researchers compare the traditional bag-of-words model to the artificial
neural network document representation method. In the dataset, there is text data
belonging to seven categories (economy, policy, sports etc.) and each category has
seven hundred texts. In another dataset in this study, there are six different categories
each with six hundred texts. In the study, such preprocessing steps as stop word
cleaning and morphological analysis were applied. To implement text classification
algorithms, Python programming language and genism, nltk, sklearn and libsvm
libraries were used. Naive Bayes was used as a classification algorithm. The
researchers state that their reason for choosing this algorithm is the fact that it works
more efficiently as compared to the others. In contrast to the studies in literature, they
state that morphological analysis and stop word cleaning in their own dataset did not
have an impact on the result. They also draw attention to the importance of feature
selection in text classification and used the approaches of Knowledge Gain and Chi-

Square.

In [16], the researchers state that Turkish is more limited as compared to the other
languages, thus there are not many text classification studies in Turkish. In their study,
they applied Bayesian Probabilistic classifier, Nearest Neighbor classifier and
Decision Tree algorithms with different datasets represented with uni-gram, bi-gram
and tri-gram words. The studies were performed on six hundred text documents having

99 99, 9 9

been collected online and belonging to the categories “auto”, ”policy”, “medicine”,
”magazine”, “economy” and “sports”. Each category has one hundred documents. The
researchers represented the text documents via TF-IDF. In their study, in which they
state that millions of words can derive from a word root, they applied stemming word
to their data to be able to reduce the vector space. In preprocessing, respectively, they

transformed the data to lowercases, then made a stop word list and applied stop word



cleaning. Later on, they performed stemming word, and performed feature selection
with the information gain method. The algorithms were worked by preprocessed data.
As a result, K-NN algorithm was seen to be the worst one. The researchers also state
that the wideness of the feature space affects the result in a negative way. To conclude,

the narrower the feature space is, the better the algorithms work.

In [17], the impact of preprocessing in e-mail and news data in Turkish and English
on text classification was examined in a detailed way. The researchers of the study
state that text classification is performed by the steps of classification, feature
extraction, feature selection and classification, and the steps of preprocessing are
tokenization, stop-word removal, lowercase conversion and stemming. It is also stated
in the study that English is an example of non-agglutinative languages while Turkish
is an example of agglutinative languages commonly used in the world. In other words,
it is seen that English and Turkish are suitable for comparison in text classification. In
this study, SVM was used as a text classification algorithm, and Micro-F1 was used
for measuring. According to the result, they state that the preprocessing step is as
important as the steps of feature extraction, feature selection and classification. In
addition, while stop-word cleaning was taken as an unimportant detail compared to the
other studies, this study shows us that it is quite an important step. It is also argued in
this study that some preprocessing tasks like lowercase transformation are
indispensable regardless of the domain and the language, but it is necessary for some

other tasks to be combined according to the domain and the language.

In [57], Yangsen et al. mention their research on sentiment analysis for text. The major
challenge in sentiment classification is how to determine the key part of
comprehending the sentiment in text. The researchers of this study proposed the model
“Coordinated CNN-LSTM-Attention (CCLA)” to find a solution for this problem. In
this process, they used the advantages of CNN and LSTM to apply vector
representation on the sentences. As a result, they presented their CCLA architecture.
They stated in their paper that they preferred CNN because of its ability of capturing
semantic information from n-grams. In the model of sentiment classification, they used
the softmax function. They also used the dataset of movie review including 5331

positive and 5331 negative reviews in their experiment. Most of these reviews consist



of just one sentence. For document-level sentiment analysis, they used IMDB dataset.
It consists of 100000 moview reviews, and is divided into three parts: 25000 labeled
train instances, 25000 labeled test instances and 50000 unlabeled instances. Each
review can be positive or negative. In the subjectivity classification task, the
researchers used a subjectivity dataset consisting of 5000 subjective and 5000
objective instances. It is concluded that their proposed method CCLA showed the best

performance with regard to accuracy in their experiment on these datasets.

Guimardes et al. in [58] mention their research on prediction of users’ age based on
social network messages via deep learning. They argue that it will be easier to do
sentiment analysis from social media messages if users’ age is known. Their research
suggests that social media users who are the same age share text about the same topics.
The researchers used a dataset consisting of 7000 sentences with three age groups
(teenager, adult, general). They concluded that Convolutional Neural Network showed
the best performance with 95% precision in their study in which different machine
learning algorithms were used. Firstly, before training the text data with the
algorithms, they removed the punctuation marks. They took the emoticons used in
social networks as punctuation marks. They also concluded that teenagers extend the
spellings of the words they commonly use in the step of collecting data. In addition,
while teenagers use fewer characters per word in a sentence, adults use more
characters. Then, the data was trained with Decision Tree, Random Forest, SVM, CNN
and Multilayer Perceptron, and the highest precision value was achieved with CNN.
What is more, with the trained model, the researchers presented an age prediction

application.

Zhang et al. in [59] state that they applied the method of character level classification
in addition to the traditional methods. The model of bag-of-words and the models
based on it such as TF-IDF focus on the words in sentences. The model of bag-of-
words deals with which word is contained in text. As for TF-IDF, it determines the
importance of the words and the stop words. Then, the bag of n-grams present
structural information about the text data. All of these methods are seen to be based on
the word. The algorithm of RNN performs the classification detecting the relation

between these words. Zhang and his friends, who examined the studies having been
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done with Convolutional Networks, concluded that CNN is useful for extracting
information from raw signals, ranging from computer vision applications to speech
recognition and others. In their study, they took the characters as raw signals. They are
who gave the first example of applying ConvNets only on characters. They used eight
different datasets containing 120000 to 360000 train samples and 2 to 14 classes. These
datasets are AG’s News, Sogou News, Amazon Review etc. The researchers point out

in their study that the model of character-level ConvNet is the most effective method.

Parwez et al. in [60] mention their study of multi-label text classification on
microblogs using CNN. They point out that microblogging sites include a lot of text
data, and a lot of applications such as information filtering, user profiling, topical
analysis and content tagging are available today. It is also stated in their study that
traditional machine learning algorithms usually use the techniques of bag of words or
n-gram to generate feature vectors, but the microblogging text is not big enough for
these techniques. The researchers did a comparative analysis between the proposed
CNN models, traditional machine learning models and one of the existing CNN
architectures. Then, they built their own models combining diverse CNN models.
Parwez at al. performed their experiment on the disease-related tweets consisting of
4320 training instances and 480 validation instances and four different classes as
dengue, malaria, influenza and cholera. Then, they gave the suitable parameters such
as word embedding, whose size is given as 200 in the study, and dropout parameter at
embedding layer, whose probability is given as 0.15, to be protected from overfitting.
They also argue that their proposed CNN models will be useful for tweet streams or

text streams generated by different online social media platforms.
2.2 Natural Language Processing

Natural Language Processing is a subfield of Al dealing with human language
processing in a way that the computer can understand. NLP, which was developed for
computers to understand the language humans speak to each other, is becoming more
and more popular. The fact that it has become easier to access people’s speech with
the help of both articles written via social media and the increase of communication

channels like television and radio has expanded the working areas of NLP. In text
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classification, NLP is needed for analyzing the data coming from users. It is quite a
hard step to make a process by making sense of the text data. The research [18] shows
that NLP is taken under four main steps. In lexical analysis, sentences are split into
smaller parts called tokens. In the step of syntactic analysis, the sentence structure
(syntax) of all the tokens are taken. Whether their syntax is regular or not is checked.
In semantic analysis, the meanings of sentences are interpreted according to the
previously steps. The data is transformed into output data and the steps of NLP are

finished.

In this study, a morphological analyser, which is an important component of NLP, was

used in preprocessing. Zemberek library was used for Turkish morphological analysis.

Zemberek uses root dictionary-based parses to perform parsing. The library performs
parsing by finding the probabilities of the root. The library firstly reads the binary root
file contained inside. When the root of the word is read, the related statements are
added to the root. As for the result, it is stored as Direct Acyclic Word Graph (DAWG)
tree (see Figure 2.1). In Turkish words, the root of the word might be in different forms.
For these statements, different probabilities have been added to the tree, as well, for
the words deformed. For example, the Turkish word “kitaba” does not contain the
word “kitap”, which is the root of the word. That is why, the word “kitab”, which is
deformed, also has been added to the tree [19] (see Figure 2.2).
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Figure 2.1 Tree structure [19]

=) G
(Kitap |

Figure 2.2 Tree structure with a deformed word [19]

Another method used for Turkish morphological analysis is TRMOR. Kayabas et al.
in [20] present a Turkish morphological analyser using SFST tool (Stuttgart Finite-
State Transducer). The performance of TRMOR was tested by one thousand words
having been selected randomly from wikipedia. TRMOR reached 94.12% precision
value. TRMOR firstly connects stems to suffix morphemes evaluating all the
propabilities and then maps the result string in the correct surface form via
morphological rules. Because Turkish is an agglutinative language, it is quite hard to

parse compound words. In this study, the example of “acemborusu” is given for this
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statement. While “su” is the compound marker in the word “acemborusu”, “i”” is the
compound marker in the word “aygicegi”. In the study, it is pointed out that every
compound word cannot be handled now, but this handling might be possible in future

works.

Oflazer in [21] tells about his research on Turkish NLP. Oflazer, who states that
Turkish is an agglutinative language in his paper, points out that Turkish is so hard a
language for NLP with regard to morphological analysis. The Turkish word roots have
been affected by Arabic, Persian, Greek, Armenian, French, Italian, Germany and
recently English. Geographical, culturel, commercial and temporal proximity is the
reason for this interaction. The words in one sentence can take many inflectional and
derivational suffixes. A word in Turkish itself can be almost a sentence in English as

in the example below.
yap-+abil+ecek-+se+k => if we will be able to do (it)

In his paper, in addition, he also states eight studies having been done in the past on
Turkish NLP. Although Turkish is a language used by more than sixty million people
in a wide geographical area, it is pointed out that the studies on this area have started
in the last two decades. Despite all the challenges, the last several years have seen

significant increase of research, he states.

Dai et al. in [9] propose a novel for relation classification, which plays an important
role in acquiring sensible information from unstructured text. Relation classification
plays an important role in natural language processing applications such as information
extraction, knowledge base completion and question answering. Taking the sentence
“[Shakespeare _el] was born in [Stratford e2]” into consideration, the words
“Shakespeare” and “Stratford” are taken as two different entities. Relation
classification systems aim to automatically select suitable relationships like the place
of birth between el and e2 in a predefined relation collection. In the traditional
approach, handcrafted features including lexical, semantic or syntactic information
from original text have been used to acquire a better classification performance. In
their paper, the researchers state that Deep Neural Networks (DNN) have been used

recently. Firstly, the input representation layer presents the word and part-of-speech
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tags representation. Then, bidirectional recurrent neural network and tree structure
recurrent neural network were used. Subsequently, such representations produced by
sequence LSTM and tree structure LSTM are fed into a full-connected layer. Lastly, a
softmax layer is used to predict the relation between entities. Then, they test the
method with the datasets of Wikipedia and SemEval. As a result, they conclude that

their proposed method works better than the existing approaches.
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CHAPTER33

RESEARCH METHODOLOGY

In this section, the dataset used to be classified in the study is explained in a detailed
way. Both the structure of the words and the number of the uni-grams, bi-grams and
tri-grams included in the dataset both before and after the preprocessing steps are also
stated in this section. Another point stated is the algorithms used in the study and the
technologies used to implement them. The software language and related technologies

used to develop the SaaS application are also given in this section.

3.1 Architecture Design

Preprocessed
Dataset

Feature Extraction

Dataset .

—
Vectorized
Data Data
ﬂ
\_/"

Test
Result

Performance
Measure

Figure 3.1 Classification arhitecture

There are a lot of different approaches to perform classification. Figure 3.1 shows the
methods used in this study. Because supervised learning techniques are applied, we
need to have labeled documents to start performing text classification. After
preprocessing, the data takes some processes for the algorithm to work better. After
applying classification algorithms, the results are compared with one another in terms

of accuracy and training time.
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Figure 3.2 Preprocessing steps

In the step of preprocessing, firstly, all the documents in the corpus were transformed
into lowercases. Secondly, the numerical characters were removed, then normalization
as a morphological analysis step, and removal of punctuation, stop word cleaning and
the stemming word step were performed, and the predefined classes were simplified
(see Figure 3.2). Lastly, the data was worked to extract feature vectors via the TF-IDF
algorithm. The data vectorized via the TF-IDF algorithm was trained by Naive Bayes,
SVM, Random Forest, LSTM and Logistic Regression respectively, and lastly, the

results were compared to each other.
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Figure 3.3 The SaaS model

More data is needed to improve the model built after training. A web application was
developed both for increasing the number of the text datas and for the organizations to
be able to use the model having been built in this study. The user conveys the letter of
request whose class he/she wants to be determined to the system via the software
interface. There is a Java application in the system welcoming the request coming from
users. The application conveys the letter of request to the module of preprocessing.
The preprocessed text data is conveyed to the machine learning model for prediction
of its class. The model makes prediction and conveys the response via the Java
application to the user. The letter of request and the predicted class are written into the
database. In this study, React.js for the frontend, Java Spring Boot for the web
application and PostgreSQL for the database were used.

3.2 Data Exploration

The data used in this study was taken from an organization hosting hundreds of letters
of request in a day in Turkey. The dataset consists of 225239 letters of request and
1819 topics.



Table 3.1 Comparing the number of the words
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Dataset Min. word count Max.word count Average word count
Raw 1 3026 33
Preprocessed 1 1171 18

Table 3.1 presents the comparison of the number of the words contained in the raw
dataset and the preprocessed dataset. According to the table, before preprocessing, a
letter of request consists of approximately 33 words. Then, the letters of request consist
of at least 1, at most 3026 words. Table 3.1 also gives us information about the number
of the words in the documents contained in the corpus after preprocessing. A document
consists of approximately 18 words. It is also stated that the documents consist of at
least 1, at most 1171 words. It is seen that approximately 15 words were removed from

each letter of request via preprocessing.

In addition, when the un-processed data is examined, the most repetitive 20 uni-grams
are shown in Figure 3.4 and the most repetitive bi-grams are shown in Figure 3.5. It is
seen that a lot of unnecessary words are repeated often in the corpus when the most
repetitive words and word groups are looked at. For instance; the spelling “ni” is
repeated more than 200000 times. In fact, this spelling itself has no meaning in
Turkish. The misspellings of the users cause such types of spellings to be included in

the letters.

4L N9

When we look at the words repeated, we see that words like “geregi”, “arz” and “talep”
are used often, because the data in this study was taken from the letters of request of
an organization. In this study, the structures including words and word groups like
“Geregini arz ederim”, Y apilmasini talep ederim.”, “Sayin” and ’baskan” were taken
as stop words, and they were all cleaned in the process of preprocessing. In Figure 3.4,
which tells about the word cloud before preprocessing, the word groups including the
stop words mentioned before are easily seen. In addition, the conjunction “ve” in
Turkish is one of the repeated words. Along with the stop words predefined for Turkish

[22], our own custom stop words are also defined (see Appendix B).
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Figure 3.4 Most frequently occurring uni-grams before preprocessing
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Along with the unnecessary words and misspelled words, the fact that “2018” is among
the most repetitive uni-grams shows us that it is needed to remove the numerical

characters via preprocessing, as well.
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Figure 3.5 Most frequently occurring bi-grams before preprocessing

In Figure 3.5, it is seen that the most repetitive bi-grams are bi-grams like “sokak no”,
used by the citizens to give their address, and “si kayetci” and “ni talep”, used by them
to make their requests, along with the stop words like “geregi ni” and “arz ederi”. In
addition, because of the misspellings of the citizens, some of the words making the bi-

grams are seen to be meaningless.
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Figure 3.6 Word cloud before preprocessing
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The above Figure 3.6 gives us a summary about the data before preprocessing. Word
clouds or tag or text clouds are figures in which the words in the corpus are written in
a bigger size and bold according to their rate of repetition, and the other words are
written in small font. The word cloud in Figure 3.6 is seen to be in harmony with the

most repetitive words in Figure 3.4 and Figure 3.5.

Taking the state of the data in the corpus before preprocessing into account, on the

data, the steps of;

e Transformation to lowercase
e Removal of numerical characters
e Correcting misspellings via normalization
e Removal of punctuation
e Stop word cleaning
e Stemming word
were performed respectively and a cleaner and understandable dataset was

acquired.

The steps of preprocessing are also given in our architecture design in Figure 3.2. It is

possible to see a sample letter of request examined by all these preprocessing steps in
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Figure 3.7 below. The numerical characters and the stop words were removed as is
seen in the figure. Lastly, morphological analysis was performed on the letter of
request.
Sayin yetkili 913
caddemizde orta serit olarak seritler

yapilmistir araglann yavaglamasi igin Raw Data
ama yanliz seriti ortalayip gegmekteler

Preprocessing

siiriiciiler yeni kasiz istemekteyim yer
olarak yesilevler mahllesi 913 cadde no
33 bina dniine kasis istiyorum tam
ortadan

Preprocessed
Data

orta gerit seritlemek
arag yavaslamak yanliz serit ortalamak
siiriicii kas yemek yesilevler kasis orta

Figure 3.7 Illustration of preprocessing

The most repetitive twenty uni-grams after preprocessing are shown in Figure 3.8, and
the most repetitive twenty bi-grams are shown in Figure 3.9. Among the most
repetitive uni-grams and bi-grams after preprocessing, sensible keywords like “su”,

“durak” and “calismak” are seen.
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Figure 3.8 Most frequently occurring uni-grams after preprocessing

It is seen that the keywords acquired after preprocessing are more consistent when
looking at the most repetitive uni-grams in Figure 3.8. The keywords like “su”,
“calismak”, “durak” and “hat” are among the working fields of the organization and it
will help detecting the related classes. Comparing Figure 3.8 with Figure 3.4, the uni-

grams acquired after preprocessing are seen to be more consistent and understandable.
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Figure 3.9 Most frequently occurring bi-grams after preprocessing

In Figure 3.9, the most repetitive bi-grams are presented. In the figure, the keywords
of the classes which are probable to be related to each other and the classes like EGO
and ASKI, which are used as labels in our dataset, are seen. It can be easily said the

data has become more sensible via preprocessing.



25

a w"r Wik merdiven yemmeal i oatakeat

“ Rat h @JGrr SﬁmPasfalt atllmak Lz LS8

Uzerinde =& ~ su 0"-'

s JE;‘ el SaVvlL
€g0 aracg i " UZOT D
bugun

9gar T1ka
"\ g5 bos
o hesnts @ 1§ eg 'J LO b 5" hlz kesmek
¢ikmak T bpllrtmek sormak |

alt yeo1

- acma l-:

%1'!:'1

ilatmek
S oturnak

otoblis g.ofbr 2 kanal ariza ﬁm..m yeme[-: .
ileil @ k ho Zdmarn bOIge (L bl.].mEK ; i
ilgilonmel Surek cummXabone sayog s
: asfalt atllmak
J ﬂl‘ durak hat ‘P LT(J[ ‘_;‘\m‘_. Sadece I(l 1 T
4metro 1stasyon : sirekll ¢ ¢

- ust
LFE‘F%b gigirakolflbb' g’_ﬂ rgrsa)rK; ar %Zﬂyagmur su

'dqa

ogo hat

U

Figure 3.10 Word cloud after preprocessing

In the word cloud in Figure 3.10, the fields the organization deals with are easily seen.

Preprocessing will improve the classification performance.

Table 3.2 Uni-gram frequency comparison according to the preprocessed data

uni-grams before preprocessing uni-grams after preprocessing
ARZ 156978 | su 61890
EDERIM. 101393 | ¢aligmak 37593
GEREGINI 94992 | durak 35481
TALEP 64936 | otobiis 34370
MAHALLESI 54859 | hat 32008
ve 53204 | arag 29953
YAPILMASINI 45722 | c¢ankaya 29052
EDERIM 44378 | asfalt 27101
VE 43057 | ankara 22500
SOKAK 39322 | ego 22281
SU 38231 | yol 21152
bir 20609 | sayag 20609
CADDESI 30665 | kegidren 19309
bu 26527 | abone 17007
EDIYORUM. 26245 | kopek 14453
TARTHINDE 26240 | yenimahalle 14322
GEREGININ 25847 | mamak 14317
ONUNDE 25734 | kart 12179
SAAT 24901 | metro 12029
CANKAYA 24534 | altindag 12025
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In Table 3.2, the uni-grams acquired before and after preprocessing and their frequency
are given. The unnecessary words taken as a stop word and whose frequency is quite
high before preprocessing were removed during the preprocessing steps. It can be
easily said that a serious data cleaning was performed via stop word cleaning when

looking at the comparison in Table 3.2, Table 3.3 and Table 3.4.

Table 3.3 Bi-gram frequency comparison according to the preprocessed data

bi-grams before processing bi-grams after preprocessing
geregi ni 148561 hat ego 10541
arz ederi 147666 ego otobiis 9229
ni arz 112855 asfalt atilmak 8306
yorum geregi 61705 otobiis durak 4471
edi yorum 60737 su akmak 4197
talep edi 58599 durak hat 3990
ni yapilmasini 31116 iist gecit 3576
yapilmasini arz 30665 ego arag 3313
tari hi 27418 rogar kapak 3062
2018 tari 26516 halk otobiis 2975
hi nde 26330 kart sayac 2910
Imesi ni 24944 sefer say1 2521
sti yorum 23538 hat otobiis 2446
bi Igi 23189 6zel halk 2272
si kayetci 21797 kanal tikanik 2198
ni talep 21549 hiz kesmek 2147
kayetci yi 21341 yagmur su 2092
vedi li 19120 €go araclt 2074
sokak no 18447 su sayag 2013
yi geregi 17787 su basmak 1935

The data presented in Table 3.3 shows the statistics of the bi-gram frequency after and
before preprocessing. The word groups which were meaningless before preprocessing

have become sensible and consistent after preprocessing.
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Table 3.4 Tri-gram frequency comparison according to the preprocessed data

tri-grams before preprocessing tri-grams after preprocessing
ni arz ederi 110175 hat ego otobiis 5830
geregi ni arz 108436 hat ego arag 2320
yorum geregi ni 61371 6zel halk otobiis 2257
talep edi yorum 53285 durak hat ego 2170
edi yorum geregi 43684 ego otobiis durak 1561
geregi ni yapilmasini 30407 hiz kesmek kasis 1434
yapilmasini arz ederi 30276 hat ego araci 1334
ni yapilmasini arz 28960 sefer say1 artirmak 1118
tari hi nde 26291 list gegit asansor 994
2018 tari hi 23844 su boru patlamak 954
si kayetci yi 21334 ego otobiis sofor 846
ni talep edi 19952 arag zarar gérmek 842
vedi li kle 17735 ego otobiis sefer 825
yi geregi ni 17731 caligmak asfalt 790
atilmak
kayetci yi geregi 17672 durak hat otobiis 761
sti yorum geregi 17432 yiirlimek merdiven 736
calismak
hi nde saat 16633 alt yap1 ¢aligmak 711
Imesi ni talep 15989 kart sayag ariza 700
edi Imesi ni 12157 kecioren sehit 680
kubilay
bi Igi si 10001 mehmet akif ersoy 665

In Table 3.4, the most repetitive tri-grams

are shown. The tri-grams present a more

understandable statistic for us to see the related keywords. The uni-grams, bi-grams

and tri-grams present the concept of the study.
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Figure 3.11 The distribution of the data

It is seen that the classes in the corpus are excessively imbalanced. This imbalanced
distribution and the fact that there is just one letter of request in some classes are
predicted to affect the performance of the algorithms in a negative way. Randomly
selected twenty classes in 1819 letters of request and the number of the letters are seen
in Figure 3.11. To make the data more consistent, the classes containing less than 100
letters of request were taken as one class and were labeled as “others” in this study. In
addition, it is also seen that some class titles refer to the same classes. For example,
“YENIMAHALLE SU KESINTILERI” and “CANKAYA SU KESINTILERI” in
Figure 3.11 both refer to “SU KESINTILERI”. The other similar classes were also
simplified. The below Figure 3.12 presents the distribution of the data after
simplification. The number of the classes was reduced from 1819 to 14. Our reducing
the number of the classes manually to 14 helped us detect the number of probable
clusters. Thus, we gave the number of clusters required for performing clustering via
the K-Means algorithm as 14. These clusters are in harmony with the classes which
were simplified manually. How to use the K-Means algorithm in Sckit-learn can be

seen in Appendix D.
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Classification algorithms were also implemented on the new corpus and the results

were compared to each other.
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Figure 3.12 Letter of request count after preprocessing

3.3 The Tools and Technologies Used
3.3.1 Python

Five different classification algorithms were used to generate models. To perform the
training, the Python Programming Language and its libraries were used. The Python
Programming Language is quite popular for scientific computing. Almost all of the
studies having been done on machine learning recently are seen to have been

implemented by Python.
3.3.2 Pandas

In an official website, the Pandas Library is defined as “an open source, BSD-licensed
library providing high-performance, easy-to-use data structures and data analysis tools
for the Python programming language” [23]. The Pandas Library is used often in data

science. It can be used with the aim of data analysis in three different ways:



30

e Convert a Python’s list, dictionary or Numpy array to a Pandas data frame.

e Open alocal file using Pandas, usually a CSV file, but could also be a delimited
text file (like TSV), Excel, etc.

e Open a remote file or database like a CSV or a JSON on a website through a
URL or read from a SQL table/database.

3.3.3 Matplotlib

The developers of Matplotlib define the term as in the following: “Matplotlib is a
Python 2D plotting library which produces publication quality figures in a variety of
hardcopy formats and interactive environments across platforms. Matplotlib can be
used in Python scripts, the Python and IPython shells, the Jupyter notebook, web
application servers, and four graphical user interface toolkits” [24]. The library
provides us a lot of functions like drawing graphics and plotting various datasets. It is

possible to visualize the data with a minimum number of code lines perfectly.
3.3.4 Numpy

Numpy is one of the most powerful open source Python libraries. We can think of it
and Pandas as two libraries complementing each other. The two features remarked in

NumPy v1.13 Manuel are shown below [25]:

e The arrays have a fixed size at the beginning while Python lists does not.

e The elements in a NumPy array are all required to be of the same data type,
and thus will be the same size in memory. The exception: one can have arrays
of (Python, including Numpy) objects, thereby allowing for arrays of different

sized elements.
3.3.5 Scikit-learn

The Scikit-learn module is a Python library consisting of a lot of supervised and
unsupervised machine learning algorithms. It has made the use of many well-known
algorithms quite easier. It is dependent on the Numpy and the Scipy libraries [26]. All

of the algorithms used in this study were implemented with the Scikit-learn Library.
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3.3.6 Zemberek

There are a lot of available libraries especially in English for NLP. For sentences in
Turkish and Turkic languages, Zemberek [27] Library is available as an open source.
Zemberek has the modules of morphology, tokenization, normalization, named entity
recognition, classification, language identification, language modeling and GRPC
server. Via the module of Morphology, disambiguation, Turkish morphological
analysis and word generation can be used; by the module of Tokenization, tokenization
and sentence boundary detection can be used; with the module of Normalization, basic
spell checker, word suggestion and noisy text normalization can be used; via the
module of NER, Turkish named entity recognition can be used; via the module of
Classification, text data can be classified. In this study, the modules of morphology

and normalization are used.
3.3.7 Keras

Keras is a Python library which was developed for deep learning. It runs on top of
Tensorflow, CNTK or Theano. It also runs on GPU or CPU. Its training time might
decrease considerably if it is run on GPU. It is quite easy and fast via Keras to develop
models [61]. For example, a sequential model is imported from the models in Keras
via the line of code “from keras.models import Sequential”. Thus, a sequential model
can be used as easily as in the line of code above. That type of model was used in our
study, as well, because LSTM was to be built in layers. Keras gives us the chance to

add layers to the sequential model as in the following:
model = Sequential()
model.add(Layerl(..., input) )
model.add(LayerN(...) )
model.compilef...)
3.3.8 Java Spring Boot

Spring Boot is a Jave-based open-source framework. It is developed by Pivotal Team.

Via Spring Boot, web applications can be developed in a quite fast way. Spring Boot
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makes it easy to develop stand-alone, production-grade applications that you can just
run. Because it is easy to develop applications and to deploy them into production,
Spring Boot was used in this study. Stand-alone applications can be developed. They
include an embedded Tomcat server and do not want you to configure complicated

xml [48].
3.3.9 React.js

React.js is a Javascript library which was developed by Facebook for building user
interfaces. It is declarative and compenent-based. It is a useful choice to develop
single-page web applications. It manages the objects of state thanks to the virtual
document object model placed in it. Its features of having an understandable and
detailed documentation and having a huge community and its popularity are our

reasons for using it.
3.3.10 PostgreSQL

PostgreSQL is an open source object-relational database system. Its first version was
developed in 1997. C programming language is used in its development. It has been
developed for more than 30 years. For it to be maintained, minimum effort is required

because of its stability. PostgreSQL has many advanced features;

e Table inheritance
e User-defined types
e Views, rules, subquery

e Asynchronous replication
3.4 Algorithms

3.4.1 Machine Learning

Machine learning, hence the name, means teaching a set of functions with the help of
data to the machine, in other words, to the computer. People realise their learning

process via inferences they gain from their experience. As for machine learning, this
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experience meets us as data. On the condition that there is no data, one cannot talk of

machine learning.

The computer learns by detecting regularities or patterns in the dataset. If there is no
pattern, machine learning models cannot be used. There is no particular rule in
machine learning. The machine parses the data to decide what to do, on its own. As
we need to repeat often something new we learn, for a computer it is related to the data

size to realise a better learning process.

Machine learning is defined in Faggella’s survey as in the following: “Machine
learning at its most basic is the practice of using algorithms to parse data, learn from
it, and then make a determination or prediction about something in the world.”,
“Machine learning is the science of getting computers to act without being explicitly
programmed” [28]. As is seen in these definitions, machine learning actually means

coming to a conclusion through examining the data.

Learning Phase

Computing
Model

Prediction

Figure 3.13 How ML works

Data is indispensable in machine learning. As is seen in Figure 3.13, the process
begins with data in machine learning processes. It has become quite easier to achieve
the data thanks to the improvements in internet. As a conclusion of it, machine learning
increases its popularity. The model is generated with the help of learning algorithms
after acquiring the data. This model makes predictions according to the incoming data

in the prediction phase and comes to a conclusion. When making predictions, this
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model decides which fields are more important in the dataset according to the

relationship between the former outputs and inputs.

Such examples as e-mail spam filtering, detection and diagnosis of disease, sentiment
analysis and news categorization can be given for applications made via machine

learning techniques.

The learning algorithms used in machine learning are divided into two categories.
These learning algorithms are categorized as supervised and unsupervised according
to the techniques used. In this study, supervised learning algorithms were used. In

Figure 3.14, some of these algorithms are seen.
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Figure 3.14 ML methods

3.4.1.1 Supervised Learning

Supervised learning is a kind of machine learning task, and “supervised” means
labeled data. The ML model employes a sample dataset. Negative or positive training

examples of the general category might be included in the given sample dataset. The
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main goal is to acquire the definition of the category. Supervised learning algorithms
find the relationships and dependencies between the input and output, and make
prediction of the next output. The outputs of each input are available on the dataset
trained by machine learning algorithms. In other words, the data to be used in
supervised learning and its categories are attached to each other. This data is called

labeled data.

Supervised learning algorithms use two different techniques to generate models:
classification and regression. The technique of classification is a systematic approach
to generate a classification model. Classification makes prediction of the target classes
according to the former labeled data. That is why this approach is called supervised
learning. Decision Tree classifier, Rule-Based classifier, Neural Network classifier,
Naive Bayesian classifier, Neuro-Fuzzy classifier and Support Vector Machines are
some of these classification algorithms [29]. While the techniques of regression work
on the continuous data, classification techniques work on the discrete (or categorical)

data.

In this study, Naive Bayes classifier, Support Vector Machine classifier, Random
Forest classifier and Logistic Regression classifier, which are under the category of

supervised learning techniques, were used with labeled text data.
3.4.1.2 Naive Bayes Classifier

Naive Bayes classifier is based on the Bayesian theorem. Mostly, it is used for spam
filtering, sentiment analysis, recommendation systems etc. The features are
independent from each other in the sample dataset to be trained with Naive Bayes. In
other words, each input might be matched with an output [49]. Naive Bayes has been
commonly used for a long time because of its easy implementability and its ability to
make an accurate classification [30]. “Bayes theorem provides a way of calculating the
posterior probability, P(c|x), from P(c), P(x), and P(x|c). Naive Bayes classifier
assumes that the effect of the value of a predictor (x) on a given class (c) is independent
of the values of other predictors. This assumption is called class conditional

independence” [31].
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The multinominal event model, which is one of Naive Bayes types, is commonly used
[32]. Multinominal Naive Bayes was implemented for text classification in this study.
This model is used more for document classification problems such as magazine

categorization, article categorization and poem topic detection.

The use of the Bayesian approach in recent years has become more common through
easy access to statistical data and the excessive increasement of this data. The Bayesian
theorem was coined by Thomas Bayes in 1763 [33].

P(BJ|A)P(A)

P(AIB) = "~

3.1

The Bayesian theorem is based on a statistical probability formula. The relevant
equation is seen above, in 3.1.

P(A|B): The probability of “A” being true given that B is true
P(B|A): The probability of “B” being true given that A is true
P(B): The probability of “B” being true
P(A): The probability of “A” being true

Naive Bayes classifier uses the Bayesian theorem, which is shown in equation 3.1. It
is called naive because the predictors and the features are thought to be independent.
That is to say, a feature does not affect one another in the dataset which Naive Bayes

classifier is used in.

The Bayesian approach is one of the supervised learnings techniques. Therefore, it
works with labeled data. If one wants to use Naive Bayes classifier for text
classification as a classification algorithm, the text data labeled before is required to
be ready. The labeled data was sent to Naive Bayes classifier for the topic of this study,
text classification. The aim of the study is to predict which category the given text is

related to using Naive Bayes (see Figure 3.15).

Naive Bayes

Classifier

Figure 3.15 Illustration how Naive Bayes classifier works
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Naive Bayes classifier calculates the probability of every statement for the data, and

classifies the probability according to the higher one.
[17 P(fil©) (3-2)

In this study, if we name the features of the classified text data as n; the above equation
3.2 can be used to find which class the data belongs to using the Bayesian theorem

when new text with an unknown class comes.
3.4.1.3 Support Vector Machine

Support Vector Machine (SVM), which is one of supervised learning algorithms, is a
kernel-based machine learning algorithm used to solve both classification and
regression problems [50]. It is used in such areas as handwriting digit recognition,
object recognition, speaker identification and face detections in images. It began to be
used to solve classification problems in 1990s [34]. SVM, to put it simply, determines

the borders between the data classes using support vectors.

Input Space Feature Space

Figure 3.16 Illustration of SVM

The illustration above consists of input and feature spaces. The data is transformed
into the dot notation form using mathematical functions known as kernel. The kernel
mapping functions are quite powerful because they support SVM even in so

complicated circumstances to realize the separation process. The feature space, which
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is divided into two parts by a linear, shows the division of the green and red objects

linearly.

SVM works to categorize the data in an optimal way by an n-dimensional hyperplane.
It uses the closest one to the data to choose the most suitable one among the
hyperplanes. The distance between the data and the hyperplane is called margin. As
for finding the most ideal hyperplane, it uses support vectors. The margin is expanded
by using these support vectors, and a more consistent hyperplane is chosen. (see Figure
3.17) The dimension of the hyperplane depends on the dimension of the input features.
There is a two-dimensional hyperplane in Figure 3.16 and Figure 3.17. The hyperplane
refers to just a line. If the number of the features increases, the number of the

dimension also increases.
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Figure 3.17 Margin, hyperplane and support vector [35]
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3.4.1.4 Logistic Regression

Logistic Regression is one of the algorithms commonly used and counted as basic
among machine learning algorithms. It is called so because it performs the
classification process drawing a logarithmical function. It is a regression algorithm
because it makes prediction on the continuous outcome [53]. Logistic Regression is
ideal for datasets which consist of just two categories. While its use like [10] is seen

in just biological sciences in 1900s, it is used in many branches today.

There are three main methods called binary, multinomial and ordinal logistic
regression. Binary Logistic Regression is used on data dependent to each other. This
data has binary results like yes/no and does/do. Ordinal Logistic Regression is applied
when the result variables are ordinal and the number of the classes must be at least
three. For these classes, light/medium/strong or the numbers between one and three
could be given as examples. When there are three or more classes, Multinomial
Logistic Regression is used. These classes do not need to be ordinal [36]. In this study,
as well, Multinomial Logistic Regression was used because the number of the classes
is more than three and the dataset is not ordinal. The function called sigmoid is used
to predict which class particular data belongs to when studying on binary data (see
Figure 3.18).

1
1+e~ %

o(z) =

(3.3)

Where o(z) is an output between 0 and 1, (z) is the input of the function in Equation

3.3. As for e, it is the base of the natural logarithm.
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Figure 3.18 The sigmoid function [37]

As is seen in Figure 3.18, the value of the sigmoid function is between zero and one.
Figure 3.18 shows that it is quite suitable for binary mapping. When ‘z’ goes to
infinity, the prediction of ‘y’ will be 1. When ‘z’ goes to negative infinity, the
prediction of ‘y’ will be 0.
0(z) = =2 (.4)
Tfee? ’
The softmax function is used when processing on a dataset consisting of three or more

classes. By the above equation 3.4, the softmax function is described.

The softmax function examines the probability of each class on the probable other
classes. When performing multiclass classification, such techniques as one-versus-all
and one-versus-one are used [14]. In the softmax function, the total value of the

probabilities must be 1.
3.4.1.5 Random Forest Classifier

Random Forest was coined by Leo Breiman, who was affected by Amit and Geman’s
studies. Random Forest can be used for classification or regression [13]. Random

Forest classifier, an ensemble approach, consists of decision trees. The ensemble
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approach refers to using one or more than one same or different algorithms to solve a
problem. Random Forest classifier consists of decision trees. The fact that decision
trees can be easily implemented and are flexible and interpretable causes us to meet
datamining very often. The implementation of Random Forest classifier is easy, as
well, and its prediction and training take a short time. It is used in such areas as image
classification, detecting fraudulent cases in banking systems, recommendation

engines, feature selection and multiclass classification.

A decision is made according to the majority voting after all the decision trees’ running
is completed, and the classification is performed (see Figure 3.19). This type of

algorithm is called ‘random’ because it selects a random subset from the training set.

X dataset
N, features N, features N, features N, features
TREE #1 TREE #2 TREE #3 TREE #4
CLASS C CLASSD CLASS B CLASS C

| MAIORITY VOTING |

| Fnaccass |

Figure 3.19 Illustration of Random Forest prediction [38]

To put Figure 3.19 simply, the features ‘N1°,’N2’,’N3’,’N4’ are data selected
randomly from the dataset X, and any data could belong to B, C, D. The class having
the highest probability among the classes predicted by processing these N1, N2, N3,
N4 features, which are selected randomly, via the decision trees, gives us the final

class.
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3.4.1.6 Unsupervised Learning

Computers themselves perform the learning process by finding regularities in the
input. In the dataset, there is neither a specific output nor data related. There is no
labeled data. The machine generates models finding a resemblance and a pattern
among the inputs. “The two unsupervised learning tasks we will explore are clustering
the data into groups by similarity and reducing dimensionality to compress the data

while maintaining its structure and usefulness” [39].

Unsupervised Learning

Original unclustered data Clustered data

L™

—

Figure 3.20 Illustration of clustering [40]

Unsupervised learning looks for a relation between the datasets. It might be a negative
or positive relation. In other words, if there is a resemblance or difference between the
datasets, unsupervised learning detects this pattern. As is seen in Figure 3.20, clustered
data was gained performing clustering on the similar data in the original datasets. It is
called unsupervised because there is no sample dataset or teacher. Some of widely

used unsupervised learning algorithms are K-Means Clustering, Hidden Markov
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Model, Singular-Value Decomposition (SVD) and Principal Component Analysis
(PCA).

3.4.1.7 The K-Means Algorithm

K-Means, which is an unsupervised learning algorithm, performs clustering on
datasets. It is a data analysis technique often used for gaining information about the
structure of the data. A cluster is a group of similar entities. The clustering techniques
are widely applied in many applications such as artificial intelligence, biology,
customer relationship management, data mining, information retrieval, image
processing etc. In K-Means, each cluster represents the average value of the objects in
the cluster. The K-Means algorithm takes the corpus and the number of desired clusters

as the input parameter. The cluster set returns as the output [51].
3.4.1.8 Long Short-Term Memory

In feedforward networks, information is processed only forward. The given inputs
reach the output layer through the other layers. The output values obtained as a result
of the training are compared with the expected output values, and error values are
obtained. Recurrent networks, which are deep learning algorithms, use their output as
their input in the next step. RNN uses their internal memory to process sequences of
input. Recurrent neural networks have a backward connection between hidden layers.
Time series analysis, NLP, text classification and speech recognition can be given as
examples of RNN applications. In neural networks, the output coming out of the

hidden layer goes back to the network.
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Figure 3.21 LSTM layers [63]
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As for LSTM, it is a special kind of RNN which has an efficiently extended memory.
It was developed by Sepp Hochreiter and Juergen Schmidhuber in 1997 [56]. There
are more layers in LSTM, not just one neural network layer, and these layers are called
gates (see Figure 3.21). LSTM decides what to write in the memory thanks to these
gates. Thanks to the memory, the previous information can be obtained and conveyed
to the next one. Which data among this information to use is determined by training.

RNN with LSTM is an effective and scalable model for several learning problems.
3.4.2 Text Classification

Text classification aims to detect which category the documents in a corpus are related
to. To define it formally, “if di is a document of the entire set of documents D and {ci,
c2,,...., Cn} 1s the set of all the categories, then text classification assigns one category
cj to a document di” [41]. The size of the text data increasing in the digital platforms
makes this area more and more popular. Via text classification, such applications as
spam mail detection, sentiment analysis, the detection of which topic a paper is related
to, movie class detection and customer comment analysis in e-commerce systems are
developed in many fields. The concerned text might be labeled to just one category or
more than one category. For instance, a magazine article might be labeled to both
sports and health classes. If the text data is related to one category, this data is called
“single-label”; if it is related to more than one category, this data is called “multi-label”
[42]. In this study, as well, the results were evaluated by using different algorithms to
detect which department the letters of request having come to an organization are

related to.

As is seen in [43], 80% of all the data in the world is unstructured and text data is quite
a common type. Both organizations and firms can take a more consistent process or

improve their present process by transforming this data into sensible information.
3.4.2.1 Documents

As in every machine learning tasks, we need a sample dataset for the data to be
classified in text classification, as well. Sentimental analysis on tweets sent via Twitter

in [44], news categorization of the news in [45] could be given as examples for text
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classification studies. The tweets and news used in both these studies could be given
as indispensable documents in text classification processes. In addition, email, legal
documents, web pages, chat conversations and social media messages are good

documents to apply text classification process on.
3.4.2.2 Preprocessing

The data was taken under the title of documents. Preprocessing is required for training
the documents in a consistent way via machine learning algorithms. There might be
misspellings and unnecessary characters or words in the data if it directly comes from
users (e.g. social media messages, email or chat conversations). These misspellings
might cause the text classification algorithms to work in a wrong way. Because the
algorithm will take the different spellings for the same word as different words, there

might be different results [46].

Natural Language Processing (NLP), which is a subfield of Artificial Intelligence (Al),
examines the interaction between humans and computers. NLP techniques can be used

in need in preprocessing.

We start with the cleaning step for improving the data. Firstly, all the documents are
transformed into lowercases. Then all the numbers, special characters and punctuation
marks placed in the documents are omitted. Lastly, the stop words are removed (see
Figure 3.22). All these steps are required for the data to work in a more consistent way

and to give accurate results. Thanks to preprocessing, the documents are deduplicated.

hello. I am so sory
for this &. If you need some

help, you can tell me from this Stop Word
number: 0554 444 4444

Figure 3.22 Cleaning process

Documents come from users. That is why, words contained in documents might be
wrong or inadequate. Via normalization, these words are corrected. Then, the
stemming step is taken for the data to be deduplicated in all the documents. These steps

are called Morphological Analysis in NLP.
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3.4.2.3 Feature Extraction

We cannot send the preprocessed data directly to machine learning algorithms. Most
machine learning algorithms need feature vectors to work. That is why, before using
machine learning algorithms, the dataset requires to be transformed into feature vectors
for classification. The model “Bag-of-Words” is one of the most common techniques.
This model is applied with the calculation of the number of the terms in a document.
Such features as term position and ordering of words are overlooked. In the bag-of-
words model, the methods of occurrence of word as feature and the number of word
occurrences as feature value are given as examples (see Figure 3.23 and Figure 3.24).

In this study, TF-IDF, which is based on the bag-of-word model, was used.
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Figure 3.23 Word occurance as feature [47]
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Figure 3.24 The number of word occurances as feature [47]
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3.4.2.4 Term Frequency - Inverse Document Frequency (TF - IDF)

Term Frequency, which is the long form of TF, deals with how many times a word is
used in a document. The important thing for TF is the frequency of a word. Inverse
Document Frequency (IDF) is used to detect which word is more important. When
calculating TF, the importance of all the words examined is counted as equal. Whether
the words examined are stop words or insignificant conjunctions is overlooked. This
problem is solved by combining TF and IDF [54]. Via TF-IDF, the importance of the
words in the documents contained in the corpus is determined. The equation below

shows the formula of TF-IDF.
tfidf;; = tf;; x log (%) (3.5)

tfi; = total number of occurences of i in j
dfi = total number of documents containing i

N = total number of documents
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CHAPTER 4

EXPERIMENTAL RESULTS

4.1 Performance Metrics

In the comparing of machine learning algorithms according to their prediction
performance, the values of accuracy, recall, precision and F1-Score are commonly
used. We evaluated the results of the model which was trained by LSTM considering
the values of accuracy, loss, validation accuracy and validation loss acquired with the
data of train and validation. Then, we chose the values to show whether the model is
overfitting or not. If the training loss is lower than the validation loss, the model is
overfitting. If the training loss is higher than the validation loss, the model is
underfitting. If they are equal or very close to each other, it can be said that an
accurately fitting model has been developed. Accuracy meets us as a simple and
common evaluation metric. Accuracy helps measuring the classification performance
of the algorithm. It gives us the probability of prediction when new data comes. It is
also useful to look at two more metrics called recall and precision when evaluating the

performance of the machine learning algorithm along with its accuracy.

True positive: Samples correctly classified as positive
False negative: Samples incorrectly classified as negative
False positive: Samples incorrectly classified as positive
True negative: Samples correctly classified as negative

The formulas for accuracy, precision, recall and F1-score are given in the equations

below.

Accuracy _ Tpositive + Tnegative (4 1)

Tpositive *Tnegative TFpositive tFnegative :
- Tpositive

Precision = —— 4.2)

Tpositive tFpositive
Tpositive
Recall = ———— (4'3)

Typositive TFnegative
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F1— Score = 2 x Precision x Recall (4.4)

Precision+Recall

The value of recall tells us the rate of detecting the class correctly. Precision, on the
other hand, gives us how many of the classes predicted are accurately true. F1-score is

calculated according to both of them.

Accuracy itself is not enough especially in datasets of which some classes have lots of
data. For example, the dataset in cancer detection, which is quite a popular working
area especially in machine learning studies, consists of two classes. Healthy people
constitute a large part of the dataset. The algorithm will usually predict that upcoming
data belongs to healthy people. Taking our dataset into consideration, it is not enough

to analyze only the accuracy because of its being imbalanced.

4.2 Experimental Results

Logistic Regression

Result Comparison
Dataset

Figure 4.1 Model training
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The dataset was trained via machine learning algorithms to generate models after and
before preprocessing. 25% of the dataset, consisting of 225239 letters of request, was
used as test data and the rest as training data. In Figure 4.1, the algorithms used are
given. Random Forest algorithm is an ensemble algorithm. We can think of it as a
forest containing lots of decision trees. The number of the decision trees to be
contained when using Random Forest classifier with Scikit-learn needs to be given
as the parameter. In this study, a forest consisting of 200 decision trees was used. In
addition, the maximum depth was given as three. Via SVM, Naive Bayes and
Logistic Regression, which are contained in Sckit-learn, models were generated. In
SVM, the linear kernel was used. The models acquired were tested with the test data

and its values of precision, recall, F1-score and accuracy were compared to each

other.
Table 4.1 Results before preprocessing
Algorithm Accuracy Precision Recall F1-Score
SVM 59% 60% 64% 64%
LR 56% 50% 54% 52%
NB 35% 29% 29% 29%
RF 10% 9% 12% 10%

Table 4.1 shows the results acquired with the raw data. SVM is seen to have the
highest accuracy. Along with it, its values of precision and recall are also higher than
the other algorithms’. High recall value returns most of the relevant results. The
percentages are given above, in Table 4.1. The accuracy value of Random Forest
classifier is seen to be quite low when the algorithms are worked with the raw data. In
addition, Random Forest is seen not to work well with the data used in the study, as
well. Along with the accuracy value, the value of F1-score is also quite low. SVM and
Logistic Regression have a more than 50% accuracy despite the fact that the data is
raw. Taking that the data used in this study is imbalanced into consideration, it is
needed to look at the values of recall and F1-score along with accuracy to be able to

evaluate the performance of the machine learning algorithms.
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Algorithm Accuracy Precision Recall F1-Score
SVM 61% 66% 73% 68%
LR 57% 60% 70% 61%
NB 36% 47% 46% 33%
RF 10% 20% 14% 7%

Table 4.2 shows the results acquired via the algorithms and the preprocessed data
without the simplification step. The high results in the values of accuracy, precision
and recall of SVM are the results attention grabbing at first. It can be said that Random

Forest showed the worst performance.

Table 4.3 Results after preprocessing with the simplification step

Algorithm Accuracy Precision Recall F1-Score
SVM 78% 77% 78% 77%
LR 76% 76% 77% 75%
NB 70% 72% 70% 66%
RF 18% 33% 18% 7%

In Table 4.3, the results acquired after preprocessing with the simplified and balanced
data in the corpus are shown. These values show that SVM is the fittest machine
learning algorithm for our dataset. In Table 4.1, Table 4.2 and Table 4.3, the values of

accuracy, precision and F1-score are given in a detailed way.

After the imbalanced data was stabilized, the machine learning algorithms were
worked. In Table 4.3, the results of the algorithm worked with the dataset containing
combined classes according to the threshold value are shown. According to the results,
the accuracy of SVM is 78%, the precision is 77% and the recall is 78% with a great
performance. Comparing the imbalanced data in Table 4.2 to the results, a 8% increase
in the accuracy of Random Forest, a 13% increase in its precision and 4% in the recall
value are seen. In addition to Random Forest, a significant increase in the performance
of the other algorithms is also visible. Decision trees work better in binary
classification. Because the data used in this study belongs to more than two classes,

the performance of Random Forest is quite low.

In Table 4.3, the results of the algorithms worked on the dataset acquired with the

simplification of the classes are shown. Comparing Table 4.2 to Table 4.3, it is seen
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that the balanced data distribution and the consistence of the number of the classes

affect the performance of the algorithms positively.

As for the results acquired from the model trained with LSTM, it can be said that we
acquired a better result with regard to accuracy than we did with traditional machine
learning algorithms. We gave parameters to LSTM when training our model using
Keras. We added the embedding layer used in text data to set the input layer of the
model. The embedding layer provides a dense representation of words. The embedding
function takes the number of inputs, output dimension and input dimension as
parameters. In our study, we used the softmax function as the activation function
because our dataset consists of multiclasses. The output layer was dependent on the
number of classes. Both after and before the simplification step, the given parameter
changed. Because we had a dataset consisting of multiclasses, we set the loss function
as categorical crossentropy. The epoch size was given as 10, the batch size was given
as 64. Also, we added the spatial dropout 1D layer and gave (probability of setting
outputs from the hidden layer to zero) 0.2 rate to it. It drops entire 1D feature maps
instead of individual elements. Srivastava et al. in [62] mention the use of dropout for
preventing overfitting. In our study, we added the spatial dropout to the model to
reduce overfitting. Adam (Adaptive Moment Estimation) was used as the optimizer
because of its features of low memory requirement, easy implementation and working
well with large datasets. When using the fit function of the model, the input data, the
labelled data belonging to the input data, the validation split and callback parameters
were given. We stopped the training via early stopping when the training went worse.
Our LSTM layer had 100 memory units. The source codes are available in Appendix
C. Lastly, we tested the letters of request when both preprocessed and raw with the

given parameters.
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Epoch Loss Accuracy Val. Loss Val. Accuracy
Epoch 1 43711 0.1892 3.2535 0.3197
Epoch 2 2.8518 0.3879 2.3750 0.4741
Epoch 3 2.1148 0.5220 1.9185 0.5641
Epoch 4 1.6860 0.6024 1.6889 0.6100
Epoch 5 1.4133 0.6516 1.5826 0.6310
Epoch 6 1.2277 0.6864 1.5441 0.6355
Epoch 7 1.0811 0.7158 1.5436 0.6416
Epoch 8 0.9675 0.7402 1.5473 0.6410
Epoch 9 0.8663 0.7627 1.5621 0.6415
Epoch 10 0.7816 0.7832 1.5907 0.6429

Table 4.5 Results after preprocessing without simplification via LSTM

Epoch Loss Accuracy Val. Loss Val. Accuracy
Epoch 1 3.8299 0.2713 2.6550 0.4469
Epoch 2 2.3179 0.4955 2.0117 0.5415
Epoch 3 1.8774 0.5608 1.7883 0.5775
Epoch 4 1.6621 0.5945 1.6821 0.5933
Epoch 5 1.5329 0.6138 1.6271 0.6057
Epoch 6 1.4391 0.6306 1.5955 0.6082
Epoch 7 1.3630 0.6432 1.5782 0.6134
Epoch 8 1.3030 0.6552 1.5734 0.6143
Epoch 9 1.2497 0.6662 1.5723 0.6146

Epoch 10 1.2071 0.6754 1.5751 0.6169
Table 4.6 Results after preprocessing via LSTM

Epoch Loss Accuracy Val. Loss Val. Accuracy
Epoch 1 0.8921 0.6979 0.7169 0.7474
Epoch 2 0.6611 0.7684 0.6633 0.7626
Epoch 3 0.5996 0.7880 0.6521 0.7702
Epoch 4 0.5570 0.8021 0.6503 0.7716
Epoch 5 0.5231 0.8136 0.6511 0.7693
Epoch 6 0.4949 0.8234 0.6594 0.7705
Epoch 7 0.4694 0.8426 0.6729 0.7719




Accuracy

0.8 |

0.7 1

0.6 -

0.5 1

0.4

0.3 1

0.2 -

—— train
~—— validation

Figure 4.2 Accuracy plot before preprocessing

Loss

4.5

4.0

3.5 A

3.0 -

2.9

2.0 1

A

1.0 1

—— train
~— validation

Figure 4.3 Loss plot before preprocessing

54



Accuracy

0.82 A

0.80 A

0.78 A

0.76 1

0.74 1

0.72 1

0.70 1

—— ftrain

—— validation

Figure 4.4 Accuracy plot after preprocessing

Loss

0.9 1

0.8 -

0.7 1

0.6 -

0.5 1

— train
—— validation

Figure 4.5 Loss plot after preprocessing

55



56

It is seen in Table 4.4 that the accuracy value of LSTM which was worked with the
raw data is 78% in the last epoch. The decrease in the values of loss and validation loss
and the increase in the values of validation accuracy and accuracy coming with the
increase in the number of epochs show us there is not such a big overfitting problem
in the training of the model. In Figure 4.2 and Figure 4.4, the accuracy and loss
graphics of the results having been acquired from the model which was trained before

preprocessing are given. The model is seen to have a little overfitting problem.

In Table 4.6, the results having been acquired from the model which was trained with
the preprocessed data are given. Ten epochs was given to Keras as the parameter, but
the training was completed after the seventh epoch. Early stopping, given as the
parameter, detected that there was no improvement in the model and stopped the
training. Therefore, the training was completed after the sevent epoch instead of the
tenth epoch. The accuracy value of the model trained with the preprocessed data
became 84%. In Figure 4.4 and Figure 4.5, there are seen to be deviations in the
graphics of train loss, validation loss, train accuracy and validation accuracy as the
number of epochs increases. The model which was trained can be said to have a little

overfitting problem.

The performance of the algorithms used in this study was evaluated not only with
regard to accuracy, recall and precision, but also with regard to their duration of
training. The system used for the experiment has 32 GB RAM, Intel® Core™ i7-
6820HQ 2.70GHz CPU. The algorithms generated the models by using this system.
The speed of each algorithm was different to each other with regard to the given
dataset. In Table 4.7 below, the training time of each algorithm for three different
statements of the dataset is given as seconds. According to the table, the training time
of all the algorithms worked with the raw dataset is seen to be long. The fastest training
is seen to be with the preprocessed dataset. As is seen in the table, Naive Bayes is the
fastest algorithm with regard to training time. As Korde and Mahender state in [7], if
data is not clean, not only the values of the algorithm like precision and accuracy but

also its training time is affected by that.
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Dataset SVM RF NB LR LSTM
Raw 46943.523 36.727 41.663 5850.307 | 60214.325
Preprocessed without 9879.506 23.387 20.232 5418.467 | 58879.152
simplification step

Preprocessed 8865.088 7.445 0.227 39.614 10426.658

The calculations, the iteration numbers and the number of classes, which are all

required for the algorithms to complete their learning process, are in direct proportion.

That is why, it is seen that the learning time becomes longer as the number of classes

and the imbalance of the dataset increase. Just as in humans, the learning time of

machines becomes longer as the number of classes increases. The learning time of

algorithms depend on the complexity degree of the calculations.
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CHAPTER 5

CONCLUSION AND FUTURE WORKS

5.1 Conclusion

In this study, five different classification algorithms were worked with the Turkish
letters of request having come to an organization, and the results were examined in a
detailed way. The algorithms were first worked when the data was raw, secondly when
the data was preprocessed with the simplification step and lastly without the
simplification step. Along with the values of accuracy, precision, recall and F1-score,

training time was also examined during the comparison.

To conclude, the results given in Table 4.1, Table 4.2, Table 4.3 and Table 4.5 show
that preprocessing without the simplification step did not have a notable positive
impact on the study. It can be said that the order of the steps taken during the
preprocessing is among what affect the performance of the algorithms. The reducing
of the 1819 classes in the dataset to 14 classes helped the algorithm work better. It is
seen in this study that balanced data in text classification and the harmony between the
number of classes and the number of training sets are quite important factors affecting

the performance of the algorithm.

In the comparison of Table 4.2 and Table 4.3, it is seen that the simplification step is
the step having the greatest impact on the results among the preprocessing steps. It is
concluded that stop word cleaning affected the result neither in a positive way nor in
a negative way. On the other hand, it can be concluded that the TF-IDF method used
in the step of feature extraction has the greatest effect on the result. In the stop word
cleaning step, the most repetitive words (see Figure 3.3) in the corpus were removed.
As a conclusion, the algorithms were worked with the clean data and the results were
acquired. As for TF-IDF, it was used to examine the words in the corpus. To put TF-
IDF simply, it determines a numerical value for each word and gives a low value to
the most repetitive words. In fact, it can be said that the words we removed because

they repeated a lot in the stop word cleaning step already would have had a low value
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if they had been processed with TF-IDF without being removed. Therefore, there is
not a big difference between Table 4.1 and Table 4.2. When the results are compared
to the studies presented in the literature review part, it can be said that the results in
our study are quite successful, with 84% performance. Despite the model trained with
traditional machine learning algorithms, the model trained with LSTM can be said to
work better both with regard to training time and accuracy. It is aimed to extend the
dataset for the model to give better results with regard to accuracy via the SaaS

application developed in this study.

What is more, the text classification method used in this study can be used for not only
Turkish data but also the other languages. When doing a similar study, one needs to
use a technique specific to their own language in the step of morphological analysis.
For instance, for an Arabic study, the morphological analysis techniques mentioned by

Al-Harbi and his friend in [55] can be used.

5.2 Future Works

In NLP tasks, it is very important for the data to be processed. The fact that data comes
from natural languages (from humans) might cause an excessive dirt on the data. In
addition, it should not be overlooked that data used in supervised learning algorithms
needs to be labeled consistently for the trained model to give consistent results. More
efficient results can be acquired from the model to be trained with data labeled in a
more consistent way. The model to be built with data to be obtained via the web
application we developed might improve the results. In other words, when the dataset
is extended with new data to be obtained via the SaaS application developed in this
study, an LSTM model to give better results with regard to accuracy might be
developed. It is also possible to reduce the time to be spent for preprocessing with

clean data.
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Appendix A - List of Stop Words

n H n nmn n H nmn nmn nmn n H

,"acaba","alt1","altmis","ama","ancak","arada","artik","asla","aslinda","ayrica",
”,”bana”,"bazen","ba21","bazﬂarl","belkl","ben","benden","benl","benlm","berl",”be
s","bile","bilhassa","bin","bir","biraz","bir¢ogu","bir¢ok","biri","birisi","birkag","bir
sey","biz","bizden","bize","bizi","bizim","boyle","bdylece","bu","buna","bunda","bu
b b b b b b b b b
ndan","bunlar","bunlar1”,"bunlarin","bunu","bunun","burada","biitiin","¢cogu","¢ogun
u" "(;Ok" "Qﬁnkﬁ" "da” "dahaﬂ ”dahiﬂ "dan" "deH Hdefaﬂ Hdegilﬂ "diger" "dlgerl" Hdlge
rleri","diye","doksan","dokuz","dolay1","dolayisiyla","dort","e","edecek","eden","ed
erek","edilecek","ediliyor","edilmesi","ediyor","eger", "elbette" "elli","en","etmesi","
etti","ettigi","ettigini","fakat","falan","filan"," gene","geregi","gerek","gibi","goére","h
ala","halde","halen","hangi","hangisi","hani","hatta","hem","henuz","hep","heps1","h
r","herhangi","herkes","herkese", ”herkesi” "herkesin","hi¢","hi¢bir","hi¢biri","i","1"
1@11’1" "1(}11’1(16" " k n " 1 n Hllglllﬂ " " Hlstell "1tlbaren" Hltlbarlylell Hkag" "kadarll Hka
rsm" "kendi" "kendllerlne" "kendlne" "kendini","kendisi","kendisine","kendisini",

erZH "klﬂ "klm" Hklme" ”klml“ "klmlnﬂ "klmlSl" "klmSC" "klrk" "madem" "ml" "ml",
"milyar","milyon","mu","mi","nas1l","ne","neden","nedenle","nerde", "nerede", "nere
ye" Hneyse" "anln" "nlnﬂ "Illn" "nlye" "nun" "nunﬂ H " HoburH Holan” Holarak"’ﬂoldu"
,"oldugu","oldugunu","olduklarn1","olmad1" "olmadlgl" "olmak","olmas1","olmayan
n Holmazll Holsaﬂ Holsunll Holup" Holur" Holurﬂ Holursa" Holuyorll Hon" "Ol’l" Hona" Honc
e","ondan","onlar","onlara","onlardan","onlar1","onlarin","onu","onun","orada"," 6te"
,lotiri","otuz","dyle","oysa","pek","ragmen","sana","sanki","sayet","sekilde","sekiz
H ”SCksen" Hsenﬂ "Senden” ”SCl’ll" Hsenln" "seyﬂ "seydenﬂ "seyell "seYIH Hseyler'l Hslmd
i","siz","sizden","sizden","size","sizi","sizi","sizin","sizin","sonra",

"soyle","su","suna","sunlar1","sunu","ta","tabii","tam","tamam" "tamamen" ,"tarafind
an" Ntrllyonﬂ Ntumﬂ Htumull HuH HuH Hug" "unﬂ Hunﬂ Huzere" "VaI'" "VaI'dl" H H ”Veya

yaH Hyanlﬂ "yapacak” ”yapllan” lVyap11m351lV Hyaplyor" Hyapmakﬂ Hyaptln ”yaptlgl” n
yaptlglnl” Hyaptlklarlﬂ "ye" Hyedlﬂ "yerlne" ”yetmls” Hylﬂ "yl" ”ylne" Hylrmlﬂ Hyoksa
, yu" "yuZ" "Zaten" "era
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Appendix B - List of Custom Stop Words

Hmahalle",Hth’IVmahl|,HSOka ","Cadden,"non,"Cep","telu,"fakS”,"faX",

Hcad","SOk",”Sk”,”te","i(}”,"kap","blﬂVaI'","il”,"ﬂ(;e”,"gerek","aI'Z”,”etl’nek","saynl",

"bagvuru", "istinaden", "null", "saat", "civar", "ara", "ora", "bura", "kisi", "baglamak",

"gorev", "sikint1", "yagamak", "binmek", "ad", "soy", "taraf", "acilen", "miidahale",
nmn nan nn

"¢6z", "bulunmak", "eski","meydan", "gelmek", "bilgi", "numara", "birim", "vermek",

"yarmak", "s6z","iyi", "giinlemek", "sayn", "baskan", "yetkili", "tarih", "magdur",

"sikayet", "vatandas", "nol","yeni", "anmak", "zor", "kalmak",

nmn nn

"demek","almak","bina","gitmek","patlak","ivedilikle","magdur","temiz","yolmak","

konu","durum","ev","ge¢cmek","kontrol","ivedi","nol","rica"," giin","mevcut","park”,
nn

"kullanmak","site","beklemek","bey","yok","liitfen","talep","istemek","sikayet","bel

"nn

ediye","biiyiiksehir","magduriyet","gidermek"
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Appendix C — LSTM Model Training Code

MAX_NB_WORDS = 50000
EMBEDDING_DIM = 100
def buildModel():
model = Sequential()
model .add(Embedding(MAX_NB_WORDS, EMBEDDING DIM,
input_length=X.shape[1]))
model .add(SpatialDropoutlD(0.2))
model .add(LSTM(100, dropout=0.2, recurrent_dropout=0.2))
model .add(Dense(14, activation='softmax'))
model .compile(loss='categorical crossentropy', optimizer='adam',
metrics=['accuracy'])
print(model .summary())
return model

model = buildModel )
model . fit(X_train, Y_train,
epochs=epochs,
batch_size=batch_size,
validation_split=0.1,
callbacks=[EarlyStopping(monitor='val loss',
patience=3, min_delta=0.0001)])
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Appendix D — K-Means Algorithm with Sckit-learn

vectorizer = TfidfVectorizer()
X = vectorizer.fit_transform(corpus)

true k = 14
model = KMeans(n_clusters=true_k, init='k-means++', max_iter=100,
n_init=1)

model . Fit(X)

order_centroids = model .cluster_centers_.argsortQ[:, ::-1]
terms = vectorizer.get_feature_names()

for 1 in range(true_k):
print("Cluster %d:" % 1),
for ind in order_centroids[i, :10]:
print('%s' % terms[ind])

vectorizedTextData = vectorizer.transform([topicTitle])
predicted = model.predict(vectorizedTextData)
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Appendix E — Dataset Analysis Code

import pandas as pd
import json

dataset = pd.read_json(path_or_buf=jsonFilePath',encoding="ut£8")

print("##Word Count Istatistikleri')
print(dataset.word_count.describe())

freq = pd.Series(’
'.join(dataset['text']).split()).value_counts()[:21]
print(freq)

freq.to_excel ("TextCommon2lunigramword.xlsx")

for index, row in dataset.iterrows():
corpus.append(row['text'])

from PIL import Image
from wordcloud import WordCloud, ImageColorGenerator
import matplotlib._pyplot as plt

wordcloud = WordCloud(
background_color='white',
max_words=100,
width=800, height=400,
max_font_size=50,
random_state=42

) -generate(str(corpus))

fig = plt.figure(l)

plt. imshow(wordcloud)

plt.axis('off")

plt.show()
fig.savefig("yeniWordCloud.png", dpi=900)
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Appendix F — Training Code of Traditional ML Algorithms

import json

import pandas as pd

import numpy as np

import time

import matplotlib.pyplot as plt

with open('CorpusJsonFileLocation, encoding='utf-8') as COrpus:
data = json.load(corpus)
df = json_normalize(data)

fig = plt.figure(figsize=(8, 6))
df._groupby(' topic').text.count().plot.bar(ylim=0)
plt.show()

from sklearn.model selection import train_test _split

from sklearn.feature_ extraction.text import CountVectorizer
from sklearn.feature extraction.text import TFidfTransformer
from sklearn.naive bayes import MultinomialNB

X_train, X_test, y train, y_test, indices_train, indices_test =
train_test _split(features, labels, df.index,
train_size=0.75,test_size=0.25, random_state=0)

count_vect = CountVectorizer()

X_train_counts = count_vect.fit_transform(X_train)
tfidf_transformer = TFidfTransformer()

X_train_tfidf = tfidf_transformer.fit_transform(X_train_counts)

naiveBayes = MultinomialNBQ) .-fit(X_train_tfidf, y train)

model = SVC(kernel='linear')
model . Fit(X_train, y_train)

model = RandomForestClassifier(n_estimators=200, max_depth=3,
random_state=0)
model . Fit(X_train, y_train)

model = LogisticRegression(random_state=0)
model . Fit(X_train, y_train)
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