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Abstract

This dissertation is devoted to the development of a recommendation system
for an online library. The aim of the research is to create an efficient and personal-
ized recommendation system that takes into account user preferences, commnients
in Kazakh language and likes to provide up-to-date book recommendations. The
paper considers various methods of data collection, including the use of a tele-
gram bot to generate comments in the Kazakh language and the collection of
information from familiar users. Created a dataset containing 330 comments in
Kazakh for model training and was divided into positive and negative comments
using sentiment analysis methods. Various classification models were used for
sentiment analysis, including Logistic Regression, Random Forest, Naive Bayes,
and Support vector machine. The Support vector machine model achieved the
highest accuracy of 95%, outperforming other models.

In addition, the analysis of comments using histogram showed that positive com-
ments usually contain more words than negative comments, which indicates more
detailed and informative reviews. The identification of influential words and
phrases provided insight into what aspects of books are valued by users. The
developed recommendation system was integrated into the website of the online
library. Two new users were created, who were given the opportunity to choose
their preferred genres and languages. The system used the positive comments and
likes associated with each book to generate personalized recommendations. This
approach allows users to quickly find books they are interested in, which have
already been popular and received positive feedback from other readers.

arch has practical implications for developers of online libraries and other

This rese
platforms where personalized recommendations are required. The results and con-

il



clusions of this work can be used in the further development and improvement
of recommendation systems, which will lead to an improvement in the quality of

user service and an increase in their satisfaction.
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Annaria

By guccepTaliis OHIaiH KiTallxaHa YINIH YCHIHBIC 6epy XKyltecin azipseyre ap-
HaJFaH. 3epTTEYiH MaKCaThl - KAHAPTHUIFAH KiTall YCBIHBICTAPBIH KAMTAMACHI3
eTy VIHIiH MaiiJaNaHymbl MIKipJAEPIH XKoHe KaJlayJMapblH eCKePeTiH THIMAl XXole
JKeKeJIeH IipiJIreH YCHIHBICTap XKYHeciH Kypy. K ymbicTa MoJtiMETTePAl XKUHAYIbIH,
opTYPJIi 9/icTepi, COHBIR, iMinAe Ka3aK TiTHE MKIpJep XKHHay YIIiH TelerpaMM
GOTHIH MaiilaJaHy >KoHe TAHbIC KOJJaHyIIblIapAaH aKlIapaT )KUHAY KapacThIpPbI-
nraH. MozenbIiK OKBITY YIIiH Kasak, Timiszeri 330 mikipaen TYpaTbiH JepeKTep
SKIHHAFBI YKACAJIBL, O KOHII-KYHI Taljay oAICTEPIH KOJIIaHY apKBUIBI OH YKoHe
repic mikipsepre GeiHAl. KeHin-Kyitai Tas1jay yiiH opTYpJI XKIiKTey Virijiepi nait-
ANAHBLIIBL, COHBIH imiHje JIOTHCTHKANBIK perpeccus (Logistic Regression), Kes-
neitcok opmat (Random Forest), Haiis Baitec (Naive Bayes) xone Tipek BekTop-
JIBIK MallluHaJap (Support vector machine). Tipek BekTOpJBIK MamuHa (Support,
vector machine) Mozeni 6acKa MofieNbepieH ackinl TyceTiH 95% eH >Koraphl Opji-
TIKKe KOJI SKeTKI3H1.

CoHbIMEH KaTap, ’HCTOrpaMMaHbI naiajiaHa OTHIPHIN, MKipJepl TAIAaY O MiKip-
nepjie d/eTTe Tepic TiKipJepre Kaparanzua ke0ipek cesziep 6ap exeHiH KepceTTi,
oyn ersKeli-TerKelli JKoHe Ma3MYHJIB! LIONYIapAbl KepceTeli. Ocep eTeTiH ceslep
MeH o3 TIPKECTepiH aHBIKTay OKBIPMAHIADPALIH KITANTHIH KaHJall acIeKTilepin
GaraJaifTHIHBIH TYCIHYTEe MYMKIHIIK Gepai. Osipsenren xeHec Gepy Xyfieci om-
naliH KiTamxaHa Beb-cafiThIHA OipikTipiired. Eki xxaHa naiifatanymisl KYPbILIbL,
oJTapra KaJlaraH YaHpiap MeH TingepAl Tanjay MyMKinziri 6epinai. 2Kyite »xeke
YCBHIHBICTAP JKacay VIIiH 9pOip KiTaIlKa KATBICTBI OH HiKipjlep MeH YHATYJIapABI
mafi1aJaHIapl. Byn Tecii maitjananymiblIapra €34€PiH KhISBIKTRIpFraH, OypelHHAH
ranpiMall GoJiraH »KoHe 6acKa OKBIDMaHJAD/aH OH MKipiep airaH KiTamTapsl



KbIIIaM Tabyra MyMKIiHAIK 6epefi.

By 3epTTeyAiH XKeKeJleHIipiIreH YChIHBICTap KaXKeT OHJalH KiTallxaHaja
6aCK,a.IIJ’IaTCbOpMaJIa.p,11bI 93ipreyiiiniep YIIH MPaKTUKAJNBIK calgapbl 6a ngeH
YKYMBICTHIH, HOTHeJIepi MeH KOPLITHIHABUIAPE! YCBIHBIMIAP XKYHECIH o,uaHl; i c-b I
MBITY MeH >KeTUipy/ie MaialaHbuly bl MyMKIH, OYII ali JaNaHy msUIapra Kbl;l\/lll ;
KOpCeTy CallaChIHBIH apTybIHA JKOHE OJIAPABIH KAHAFaTTAHYIIBLIbIFbIHEI, apTymZZ

oKeJiei.
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Ana"HOoTAITAA

JlaHHAS AACCEPTALIMS MOCBSANIEHA Pa3pabOTKe PEKOMEHIATEBHON CUCTEMBI st
omiaita-6ubnoTexu. Lless uccneopanust — cO34aTh 3P PEKTUBHYIO U IIEPCOHAJIH-
3UPOBAHHYIO CHCTEMY PEKOMEHJIAIMH, KOTOPasl Y IUTHIBACT NPE/TIOYTEHN s [I0JIb30-
paTeJTell, KOMMEHTAPHH Ha Ka3aXCKOM $3bIKe H IIPEANOYTEeHHs], YTO0kI Ipe/locTaB-
JISITH aKTyaJbHble PEKOMEHALlHA TI0 KHUraM. B pabore paccMOTpeHbl pasiIuyHbIe
MeTonBsl c6opa JaHHBIX, B TOM YHCIE HCIONb30BaHUEe Tejerpam-00Ta Ijisl reme-
palliil KOMMEHTap/eB Ha Ka3aXCKOM sA3bIKe M cbop MHGpOPMAIUHK OT 3HAKOMBIX
nonsaopaTenelt. Cosfan Habop JaHHBIX, copepxkaiysi 330 KOMMEHTapHeB Ha Ka-
3aXCKOM fI3BIKe JUTsl 00ydeHHs MOJIENH, KOTOPBIH OBIT pas/ieleH Ha MOJI0XKHUTEb-
Hble 1 OTPHULATEIbHbE KOMMEHTaPHH C IIOMOIIBIO METOJ0B aHANIN3a HACTPOEHUH.
Il aHATH3a HACTDOEHMH UCTIONL3OBAUCE PaSIUTHLIE MOJEIM KJ1acCHbUKaIIHY,
B ToM umcie JlorucTudeckas perpeccusd, Cayqaitaerit ec, Hausnriit BaitecoBekiui
meTox ¥ MeToJL OMOPHEBIX BEKTOPOB. Mozenb MamMABI OMOPHBIX BEKTOPOB TOCTHI-
118 Hausblciel TouHocTy 95%, NpPeB3oiiAs Apyrue MOLCIH.

K poMe TOro, AHAJIH3 KOMMEHTAPHEB ¢ TIOMOMIBI0 THCTOTPaMMEI TIOKASAI, ITO IOJI0-
SKHTebHbIE KOMMEHTapHUH 00bIYHO COAEPIKaT GonbIIe CI0B, YeM OTPULIATENbHbIE,
4TO CBHIETENHCTBYET O Gojlee TOAPOOHEIX M HH(POPMATHBHBIX OT3BIBAX. Boiss-
TEATENBHBIX CJIOB M (dpa3 I03BOJIMIO NOHATb, KAKHE ACIEKTHI KHUT Ie-

JIeHHE B
onp3oBaTend. Pa3paboTaHHas PEKOMeHJATebHAs CUCTEMa MHTErPHPOBaHa,

HST I
B caliT OHIAH-ONOIHOTEKH. Bbuti co3aHbl JBa, HOBBIX MOJIB30BATENsI, KOTOPBIM
6pL1a TIPEeJOCTaBIIeHa BOSMOPKHOCTD BEIOHPATL TPEANOYUTAEMbIE JKAaHPHl U SI3LI-
. CrcTeMa HCIOMb30Bajla MOJI0XKUTENBHEIE KOMMEHTapUY 1 JIafiKu, CBSI3aHHbIE
c Kaskao# KHUTOM, JJisi COSHaHUA MEPCOHANNSUPOBAHHBIX pekomenganmit. Takoit

[OIXO0J TIO3BOJISIET TOJTE30BATENSAM OBICTPO HAXOAWTH WHTEpECYIolUe WX KHUTH,

vil



KOTOpBbI€e y2Ke IM0JIb30BAJIHCDH NOIYJIAPHOCTBIO M ITOJTYTHIIN TOJOXKHUTEJIbHBIE OT3bI-

BBl APYTHX YUTaTENeH.

"JTo Mccle[oBaHNe UMEET NMPaKTHUeCKoe 3HaveHNe sl pa3paboTIHKOB OHJAH-
OU6IMOTEK U APYruX MiaTdopM, e TpeOYIOTCs! IepCOHANbHbIE PEKOMEHIAIIIH.
Pe3yabTaThl ¥ BBIBOABI JaHHOH PabOTHI MOTYT OBITH HCIONB3OBAHBI TP JAJIb-
Hejtmieit pa3paboTKe I COBEPIIEHCTBOBAHUH PEKOMEHAATENbHBIX CHCTEM, YTO IPH-
BeleT K MOBBIIIEHHMIO KauecTBa OOCITy>KUBAHUS TONB30BaTENe U MOBLIIIEHUIO X

yI0BJIETBOPEHHOCTH.
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Abbreviations

SVM Support Vector Machine
mySQL Structured Query Language
TF-IDF Term Frequency-Inverse Document Frequency
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Chapter 1

Introduction

To understand what a recommendation system is, we need to understand a
huge amount of information, so we will start with the following questions: what

problems does the recommendation system solve and how it is applied.

1.1 Recommendation in real life

Every week somebody buy products in one place and he or she is a good buyer, so
the seller knows if he advises him or her on some quality products, they will buy
them, although they were originally going to buy strictly according to the list [1].
gometimes the seller did not advise to buy products whose quality was not up to
par, and people trusted his opinion. This is an example of a recommendation. He
only recommends products he owns, but when it comes to other things like books,
movies, or music he can’t recommend. For example, somebody buy movie discs
i1 a store and every time buy it remembers the genre of the movie and asks if he
or she liked the movie. He collects which films customers liked or disliked, based
on this, he advises others. This is also an example of a recommendation [2].

A recommendation system is not only an intricate algorithm. It is also based
on understanding data and users. Data scientists have long argued about what
i more important: having a super smart algorithm or a large amount of data.
Everywhere th
user may not see the difference between an advertisement and a recommendation.

ere are difficulties. The above examples are intended to show that a



Bu J L = e 1 i 3 1 1 )
15 .1“; aSEe. i 15€ i 1 C ‘ . ‘
c - y. ].e aS ) Of Otlle b
l )E ” SOll lllost f ; arcr " [ Y Y ’ | "
on [ IN Illterllet 1 o i A -}‘ as 1 | : . |
| l I (I . | " W . v ' . C‘Jc 111 Orllla;tlol-l
1 ]. !11' l“] E.i( ) = i it . . 7 s g C alllollllt

I (f - S (.1? e )-’l_ D C 1 Iy I “ ! I‘ l I I(.:l’l]q

1.2 What is recommendation system

According t te ohoteed. i
fl 1e to a user’s choices, interests, and behavior, recommendation syst
are informati . the I P ) ’ ndation systenis
nformation systems that offer individualized recommendations. TI
widely en i i . .. S S. lhey are
y employed in many different industries, including social networks, st
o : (s, stream-
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including products, music, movies, and books. Collaborative filteri
) - . : ermg, content
filtering, hybrid methods, and machine learning are just a few of the l'ff )
. 1 > Just 2 > different ap-
s and techniques that can be used to base recommendations. Based on it
tions. on its

proache

mendation system chooses and presents the user with relevant cont
founded on data from personal profiles and other sources 'Findilr;ent. Works are
to read before bed or finding a movie to watch on the weekend w gl: lgOOdf "
without a recommendation system [3]. Without a recommend: 0}1 1 be difficult
would spend ation system, we
fit from recommendation systems to promote and sell their products

a 10 |. Of LilIlt' - 3 .
- ] . s [ e\;

today bene
The examination of user preferenc
L es and how they
compare to those of
E other user
S

forms the basis of collaborative filtering. The system creates profiles for 1
. people

and entltlcs then searches for comparabl
e users or entitie
s to present recor
nmen-

dations based on the interests of the comparable users [3].

Analyzing the traits and content of objects is the basis of content-based filt
S1E -hasec &
ing. Based on similarities to prewously rated ob]ects the bystem examines ob .
€ s object

(3 -11

suit l;heir tastes [3]
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Hybrid techniques integrate many strategies to raise the standard of recommen-
dations. To obtain more precise and comprehensive recommendations, they might
make use of both collaborative filtering and content filtering [3].

The ability of recommendation systems to uncover intricate patterns and relation-
ships from vast volumes of data in order to more precisely forecast user preferences
is a key component of machine learning.

Software solutions called recommendation systems employ data and algorithins
to offer consumers individualized recommendations. The goal of recommendation
systems is to assist users in sifting through a sea of information to identify the
most pertinent and captivating material. They are based on analysis of user data,
including past preferences, purchase history, ratings, and reviews, as well as con-
tent data, including product descriptions, categories, or attributes [1].

Many industries, including e-commerce, streaming services, social networks, news
portals, and others, employ recommendation systems extensively. They contribute

to a better user experience, greater user satisfaction and loyalty, higher revenues,

more successful marketing initiatives, and better overall business performance.

However, there are a number of difficulties and issues related to the creation and
Ver,

use of recommendation systems. The first step is to effectively gather and retain

user and content data, which necessitates taking data privacy and security into
account. Second, recommendation engines must be flexible enough to adjust to

shifting user preferences and interests as well as contextual elements like time,

place, and mood. The capacity to give users justification and explanations for
?

why certain informati
wn as the explainability of recommendations.

on is being recommended is another crucial factor. This is

kno

1.3 Familiarization with the project

ocommendation systems are crucial in today’s information culture as users must

R

rch and choose the appropriate information while access to vast volumes of

ses
lata is getting easier and more common. The online library is one place where
aa S

commendations are very crucial. By offering users recommendations that are
re : .

tailored to their likes and interests, a good recommendation system for these li-
[l O sl )

hraries can significantly enhance the user experience.
re ") d -

3



The purpose of this dissertation is to create a like/dislike rating system and
Kazakh-language comments-based recommendation system for an online library.
Users of the library will have the option to select their preferred reading language
and genre when registering. To make recommendations that are pertinent and as-
sist users in finding new books and authors they may enjoy, the system will make
use of these preferences as well as user comments that have been parsed. The
potential to enhance user experience by offering individualized recommendations
is one of the main advantages of creating such a recommendation system. Be-
cause of the overwhelming amount of material available, traditional techniques of
finding books in an online library may be constrained, and consumers may find it
challenging to identify what truly interests them. This space will be reduced and
the user will receive more accurate recommendations that match their tastes and
preferences if a recommendation system is based on user preferences and comment;
analysis.

A study of the usage of machine learning models for assessing user conunents and
ratings will be done as part of this dissertation, along with a review of the current
approaches and techniques used by recommendation systems. To find the best
model for making precise and individualized suggestions, a number of models,
including Support Vector Machine, Logistic Regression, Naive Bayes, and Ran-
dom Forest, will be constructed and tested. The creation and deployment of a
website using the Django framework and the use of the MySQL database for data
storage will also play a significant role in the project. This will offer a useful and
trustworthy platform that can process user, book, and comment information as
well as their interaction with one another quickly and efficiently.

Numerous machine learning and data analysis methods will be employed in the
creation of this system. The algorithm will be able to distinguish between positive
and negative reviews by analyzing remarks to identify their emotion. The system
will be able to better understand user tastes and interests by creating a profile
of each user’s preferences using user comments. Additionally, the system will use
the data on preferences to gauge the popularity of books and present users with
those that have received favorable ratings and reviews from other readers.
Created a database of books with details on the author, genre, description, and

reviews in order to carry out this project. Following that, users will be prompted

4



FO. (.:hoose a language and genre during registration, on the basis of whi

initial user profile will be created. The system will then utilize senti ‘chh th.e
techniques to examine user comments and determine whether the ment analysis
unfavorable. This will enable the system to consider user preferenczS %‘Iedgood or
them with books that suit those choices. To estimate the popula,ri&n fp Lesent
among users, the system will also consider data on likes and dislikes g 0k O(?ks
a high number of likes and favorable reviews will be highlighted Wh ooks with
with low numbers of likes, dislikes, and unfavorable reviews WO;I,t ; re.as 1’books
User preferences, comment analysis, and like/dislike data will all bee ::C Efied.
to create the final suggestions. Users will receive pertinent and individmall-ned
recommendations as a result of the system’s ongoing updating and adapt : ized
their evolving preferences and inclinations. As a result, there are Sever; i lonﬁto
to creating a recommendation system for an online library based on come;e ts
and like/dislike systems. By making personalized 1'ecomme;1dations and assi :’nts
users in finding new authors and publications that appeal to their inter:;: ln_g
will enhance the user experience. Additionally, the recommendation a.luoriiil it
helps to boost user engagement with the online library. Giving users ;cur ;n
ommendations makes it more likely that they will stay on ’?h:

and pertinent rec
onger to look up new books and writers. More page views, download
’ S,

platform 1
and eventually greater user engagement and satisfaction result from this

There is a lot of room for data gathering and analysis in the constructiori of sucl

a recommendation system. The system will gather data on reader preferencCl
comments, and responses to books, which will be analyzed and important dais’
about reader preferences, popular genres, literary trends, etc., will be extract da
This data can be utilized to construct marketing and promotion plans as v: li
as to enhance the book catalog and schedule events. Overall, creating an onliz

library recommendation system based on reviews and like/dislike systems is e
crucial step in giving readers a tailored and enjoyable reading experience Usera
will be able to quickly identify books that suit their likes and learn abo.ut nevj'
literary works thanks to this method. Additionally, it can aid in boostingj use

activity, gathering beneficial data, and develop the library platform. r
Additionally, it presents options for enhancing the caliber of recommendations

and customizing the system to the tastes of users who speak Kazakh

o



The processing of the Kazakh text in the context of sentiment analysis is given
particular consideration. To accurately assess the tone in texts written in Kazakh,
special algorithms and models are being created due to the language’s distinctive
structure and peculiarities. As a result, recommendations can be made that are
more pertinent to users’ tastes and take into consideration their particular culture
and language.

In addition to improving personalization of recommendations, the use of Kazakh-
language comments in the online library’s recommendation system provides op-
portunities for analyzing and taking into account the cultural, social, and linguis-
tic aspects of users’ preferences, to quote Maulen. This enhances user pleasure
and engagement in the process of reading and utilizing the online library by en-
abling a distinctive and personalized user experience.

The primary techniques and algorithms utilized to create a recommendation sys-
tem will be discussed in the dissertation’s subsequent chapters. The findings of
research using actual data will be given, and the system’s efficiency in making in-
dividualized recommendations will be examined. This system’s development and

implementation will also be examined for any potential drawbacks and issues.

1.4 Significance of the study

1. User Experience Improvement: Users frequently struggle to identify the ap-

propriate books because of the exponential growth of online libraries and
the volume of content available [3]. The project intends to give personal-
ized recommendations that match users’ interests and enhance their overall
browsing and reading experience by creating a recommendation system that
takes into consideration user preferences such as language and genre selec-
tions. The creation of a recommendation system based on sentiment analysis
and comments in Kazakh is also crucial for enhancing the user experience
on the web platform. Users will be more satisfied and engaged with the
platform if it can make accurate, individualized recommendations that take

into consideration their emotional responses.

9 Enhancing User Engagement: The recommendation system goes beyond



conventional approaches by taking into account user input and interactions
by including comments and like/dislike mechanisms. Users can share their
ideas and participate in the suggestion process, making for a more dynamic
and interactive user experience. As a result, the study hopes to promote
greater user happiness and engagement with the online library platform.

3. Improving the quality of recommendations: The process of making recom-
mendations is made much more complex by using sentiment analysis. Re-
search- can efficiently ascertain the positive or bad features of a book by
assessing the sentiment of user comments, assisting in the creation of more
accurate and pertinent suggestions. Users will only see offers that fit their
interests and feelings thanks to this sentiment-based approach, which also
improves the quality of suggestions overall. The quality of recommenda-
tions will increase with the use of text sentiment analysis. The ability of
conventional recommendation systems to make precise and pertinent rec-
ommendations may be constrained. Research will make it possible to more
precisely identify the emotional content of user comments and utilize this
knowledge to provide recommendations that are more intriguing and rele-

vant.

4. Application of modern technologies: The creation of a recommendation sys-
tem based on the Django programming language, the MySQL database,
and text sentiment analysis makes it possible to use cutting-edge tools for
data analysis and machine learning. The advancement of text data anal-
ysis techniques and their use in recommendation systems will be aided by
research.

5. Potential for commercial applicability: There is a lot of potential for com-
mercial use in the creation of an effective recommendation system. Online
commercial platforms will be able to raise the quality and relevance of their
suggestions with the successful installation of a Django and MySQL-based

system, which can result in higher sales, user retention, and increased com-

petition.

6. Comparison of Models and Algorithms: The development of recommenda-



tion systems and various models and algorithms for sentiment analysis are
among the research topics. This is crucial because it makes it possible to
identify the best strategies and select the best model for the best outcomes.
The growth of research in the areas of sentiment analysis and recommenda-
tion systems is also aided by comparisons of models and algorithms, which

may be helpful to other academics and professionals working in this area.

7. Innovative approach: An inventive method for creating a recommendation
system based on comments made in Kazakh and text sentiment analysis
is shown in the research. Making more contextual and individualized rec-
ommendations is possible by using information from user comments and
accounting for their emotional responses. Such a strategy may make a
substantial impact on the field of recommendation systems and catch the

interest of academics and industry professionals.

8. Applicability in various fields: The findings of the study on the creation of
o recommendation system based on text sentiment analysis offer a broad
range of possible applications in numerous fields. For online shops, video
streaming, social networks, and other platforms where giving consumers
useful and engaging content is a top priority, the capacity to customize and

enhance the quality of recommendations can be valuable.

In general, research is quite important and can help with practical things

like improving user experience, developing recommendation systems, and using

cutting-edge technologies for text data analysis [4]. The findings and recommen-

dations of the study can serve as the foundation for additional investigation and

advancement i1 this field.

1.5 Aim and objectives of research

The purpose of this dissertation is to create a user-commented, like/dislike-based

recommendation system for an online library. The major objective is to offer cus-

tomers individualized recommendations based on their preferred reading language
and genre.

Research objectives:



The following tasks will be completed in order to reach this objective:

o Study of existing recommendation methods and algorithms: The most ac-
ceptable and efficient ways for creating a recommendation system will be
determined by reviewing the currently used recommendation methods and

algorithms in the context of online libraries.

e Data collection and analysis: The online library will collect and analyze
information on user preferences, comments, and likes and dislikes. To build

recommendation models and gauge the tone of comments, this data will be

used.

o Development of recommendation algorithms: The development and imple-
mentation of recommendation algorithms based on the evaluation of user
comnients in the Kazakh language and the like/dislike system. The user
choices they set upon registration, such as language and reading genre, will

he taken into account by the algorithms |5].

Algorithm Evaluation and Comparison. The effectiveness and accuracy of
various recommendation algorithms will be measured and compared. This

will establish the most efficient algorithmn for the online library’s personal-

ized recommendation system.

Development and integration of the system into the online library: A recom-
mendation system will be created and effectively integrated into the current
online library based on the findings. Users will benefit from more individ-
ualized recommendations as a result of this study based on their language

and reading genre preferences.

System Testing and Evaluation: Real user data will be used to test the
created recommendation system and assess its effectiveness, precision, and

recommendation quality. We'll gather user reviews and ratings to make the

system even better.

Integration of the system into the web platform: To ensure practical ap-
plication and accessibility for users, the recommendation system will be

integrated into the already-existing web platform of the online library. The



appropriate configurations will be made, and the current infrastructure will

be integrated.

o User Ezperience Evaluation: The recommendations given will be the sub-
ject of a user experience study to gather opinions and rankings from users.
This will make it easier to assess user satisfaction and find areas where the

system may be improved.

o Analysis of the results and conclusions: The analysis and interpretation of
the study’s findings will be done in light of the findings and user comments.

On the effectiveness and practical usability of the created recommendation

system for the online library, conclusions will be reached.

The overall goal of the project is to create and implement a user-commented,

like/ dislike-based recommendation system for an online library. The study of
existing techniques, gathering and analyzing data, developing algorithms, testing,
integrating into a web platform, and assessing the system are some of the goals
of the research. The research’s findings will be helpful for enhancing the quality
and personalization of recommendations in the online library.
The tasks for developing a recommendation system for an online library were
discussed above, but just the primary activities were included. There are little
things that can assist in resolving these key issues or, more generally, in improving
the suggestion process.
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Chapter 2

Related work

The u i i '
se of sentiment analysis techniques and machine learning models in reco
s of o ﬂ s - nm-
mendation systems for online libraries has been the subject of extensiv 1
ject of extensive research.

[his section will discuss i
This section will discuss some of the most important pieces of research on tl
he

subject.

21 Recommendation system

This article [6] provides a summary of the state-of-the-art in the subject
ommender systems and examines potential upgrades and additions to c].ij ey
proaches. The authors begin the article by providing a summary of the k1 en'tdap_
and responsibilities involved with reconunender systems, including infoi?il;t?aS
\ 10n

gathering and analysis, modeling of user preferences, and suggestion creati Ad
ion. Ad-

ditionally, they outline the primary categories of recommender systems, includi
Anyoul D, » l(ll‘lg

collaborative filtering, content filtering, and hybrid methods. The autl tl
» S. , hors then

give a brief summmary of the current approaches and algorithms in each of th
£ ese

fields. They give examples of how each method can be used on actual syst
- al systems,

explain how 1t functions, and discuss its benefits and drawbacks. The writers al
L C S. ers also

go throug
ations. Then, Adomavicius and Tuzhilin think about potential upgrades and
g CS anc

h numerous metrics and techni
1O trics echniques for measuring t :
q measuring the quality of recom-

mend
additions to the techniques used by current rec

J ecommender systems Tl 5

i . l'hey examine

iL,Hl es [{(_/ Ia 1€ LC;( (, lyJ (( ¥ ( ) ¢ ((l Illi ll ‘|ll Y 1' Js{l I] 1‘} 3\
I I 3 ' |I l ¢ 3, A Ol III( 1()n d d ¥l . | ly
( L S y > 3 (,

Ll



provide solutions. The use of extra information sources, such as social networks
and contextual data, is also covered by the authors as a way to raise the standard
of recomimendations. The authors conclude the review and suggest future lines of

inquiry in the area of recommender systems at the conclusion of the article.

In this work [7], the authors introduce a brand-new method for collaborative
filtering that is based on an examination of how closely related objects (or prod-
ucts) are in the recommendation engine. In the first section of this paper, the
writers discuss the problem of recommendations in the context of an expanding
body of knowledge and a range of user preferences. They clarify that, especially
when there are many users and sparse data, the traditional collaborative filtering
strategy based on user similarity analysis has significant drawbacks. The con-
cept and guiding principles of the authors’ object-based collaborative filtering
approach are then presented. They suggest generating recommendations based
on the resemblance between objects, which is determined using past user prefer-
ences. They compare objects based on how frequently they have received ratings
from the same people rather than simply comparing users. They outline the steps
avolved in determining item similarity, choosing the most comparable objects,
and producing user recommendations. The authors compare their strategy with
1g collaborative filtering techniques while also conducting trials on actual

existir
data. The findings demonstrate that the object-based method is effective and

accurate at recommending objects to the user.

This article 8] provides an overview of these systems as well as some experi-
mental results. In order to enhance the quality of recommendations, hybrid rec-
er systems combine several methodologies and strategies. The article’s

ommend

introduction gives a summary of the primary issues and difficulties with recom-

mender systems, including cold start, data scarcity, and the relevance issue. He
shows that hybrid recommender systems can get over these problems by fusing

geveral strategies and methods to produce recommendations that are more pre-

cise and diversified. Burke continues by giving a general overview of the several

strategies utilized in hybrid recommender systems, such as collaborative filtering,

content filtering, domain knowledge, and context. He explains each strategy’s

operation and provides instances of its application in actual systems. The author

12



also does an experiment to measure how well hybrid recommender systems work.
It outlines the experimental process, including dataset selection, measures for
gauging data quality, and comparisons with alternative approaches. According
to experimental findings, hybrid systems are able to produce recommendations
that are much better than single-device approaches. Burke summarizes the ex-
periments and review at the end of the essay and talks about the benefits and
drawbacks of hybrid recommender systems. He also identifies areas where study
is still needed, such as ways to better combine approaches and make recommen-

dations that are tailored to the needs of certain users.

The authors of this article [9] infroduce a deep learning-based platform for book
recommendations. In the opening section of this paper, the writers discuss the
problem of book suggestions in light of the expanding volume of books and the

variety of user interests. They describe the drawbacks of conventional recommen-

dation techniques like collaborative filtering and content filtering and propose the
use of deep learning to produce recommendations that are more precise. The ar-

chitecture and parts of the authors’ book suggestion platform are then explained.
They describe how they extracted elements from book metadata, including ti-
tle. author, geure, description, and ratings, using neural networks, and then used
those features to produce suggestions based on user interests. They detail the
data collection and preprocessing steps they took, as well as the trials they car-

ried out to gauge the efficacy and performance of their book recommendation
7] ' 5 A

algorithm. According to experimental findings, the deep learning technology can
provide users with individualized book recommendations and has a high degree
of accuracy. It offers a variety of recommendations while also taking into account
user preferences and interests. The authors provide a summary of their findings

nd explore potential directions for the platform for book recommendations at
and e

the conclusion of the article.

In order to increase the precision and transparency of recommendations, this

‘t‘ 11] (\x a‘ [“Ill(‘u'} (;”nt()ll“ I E)I(Jf(‘] (;ll(,( 0 a.ll(, [”0(] ("l, y ,I ll’“tf" l_]“‘]l]g‘ ]I] > :,11 \ ] ’rl g
l(-.‘a o 4 | ‘l ‘t“'

techniques and algorithms. Based on details about customer preferences, prod-

ct features and purchasing context, it creates justifications for why a specific
11 A F bral 1= ) g :
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product is suggested. Users can better grasp recommendations and make knowl
edgeable purchasing selections thanks to these explanations. The . " \nO'W _
and functioning, including data collecting and processing u;;;er .CfSyStem s design
explanation generation, and suggestion giving, are desc;ibed iietileefm:. 311131}’818,
incorporation of explanations in a recommender system, according t ’ 1 C e.' o
tal findings, considerably raises user satisfaction and enja.bl’eq th@; tlo S
educated selections while making purchases from an online‘kreta-il;rlor;;lake 1n01:e
useful for e-shop developers who want to raise the standard of rleco;mneici)(ft .

ations

and give their clients a better shopping experience

2.2 Sentiment analysis

mender systems is highly demanded for the sentiment analysis of textual revi
s of textual reviews.

The author summarizes the findings of the study of text review themes and
- view themes and emo-

tional tone. It offers a paradigm that considers and evaluates both the text’
e ext’s

. ' 5 : . . .

machine learning techniques like support vector machines (SVM). In the
- essay,

the selection of ch
are discussed. The author tests several feedback datasets and ass
aset Ssesses

aracteristics for analysis and the start of the model generati
- eration

process

how well the models perform on on the metrics used, such as accuracy, recall
2 g 3 1081 3

and F-score. The study’s findings demonstrate that the model, which account
47 Y c nts

for topical traits and sentiments, performs particularly well when it comes t
d A ;0

text review emotiona
sentiment while presenting intriguing research findings and a novel method
- etnoc

| filtering. The essay touches on significant facets of themes

and

for the emotional filtering of textual evaluations. In the area of textual emoti
al emotion

analysis and the development of recommender systems, where the emotional
, ; where the emotional com-

ponent plays a significant role in personalized manifestations, it can be helpful f
; - g = JE 1L or
observation and involvement.
In this article [12], machine learning-based text sentiment analysis techni
: ; ques

veral well-known machine learning-based text sentiment anal
' I10 allal-

are compared. Se
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Sl te%’hﬂlques are presented and contrasted by the authors, including logistic
regression, support vector machine (SVM), naive Bayes, and 1‘;1.11d0111 f vy
authors evaluate the benefits and drawbacks of eacil tci:chn-i ue and Ore'st.. The
ments regarding its efficacy in determining the tone of theq textll ’I,l“lllake Judgh
findings demonstrate that, depending on the text’s kind and the t ! ’1~e -
several text sentiment analysis techniques have advantages and d‘i‘:;(: rcontCXt?
For instance, Naive Bayes may be better suited for some pa.rticulak' t\allta‘ges,
whereas Support Vector Machine (SVM) works well in the overall cf.1 Ie)'{lf o
per offers insightful comparisons of various machine learning-based adse: o
text sentiment analysis. It can be helpful for text sentime; ar;aIYQiSL;LO&CI}es to
and developers as well as applications in recommender systems \,vheLr; p1::2?s,100131§ .

; ’ C sen-

timent analysis is a crucial component for producing pertinent and individuali
recommendations. ot
The following article [13] represents a significant contribution to the field of
sentiment analysis. Liu gives a thorough explanation of the approachc:q a (: .
cedures employed in this book to analyze and draw out sentiment ’and(‘:l ellln }tjl .
a. The author also takes into account related activities like ;e.lll(t)in

from textual dat

ment classification, emotion extraction, and figuring out a text’s subjectivity. L
el e ctivity. Liu

continues by introducing several sentiment analysis techniques, such as lexi

methods, machine learning, rule-based models, emotion a‘nalvsis? techni P
others. He outlines the fundamental ideas behind each strat‘eg oy 0;::,'1?11d
trations of how each can be used in practical situations. In addition to di e -us_
the futur 0 discussing

. qt]]d"}?’ a“(l ‘I‘? ! t l ‘i ](l f WL, ) . ) %

and pr
Opinions,

thorough overvi
field and can be used as a resource for information and direction for creatin 1
ating and

Sentiments, and Emotions" is :
; tions" is a helpful reference. The book offers a

ow of the key approaches, methodologies, and difficulfies in thi
s M . ) hi1s

implementing sentiment analysis models and algorithmns in a variety of context
: ) nuexts.

One of the most often referenced papers in the area of opinion and sentiment,
g [aied S 1) 10 ]

analysis is the paper [14]. The main approaches and procedures for assessi
¥} A ass ",L'S]_I]_g

opinions and sentiments are reviewed in this article. The authors dis (]
: hors discuss the
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essential tasks, such as figuring out the sentiment of the text, extracting opinions,
and classifying sentiment, before providing an overview of the vocabulary used
in the analysis of opinions and feelings. The key elements of these strategies
are described in depth, including the use of dictionaries, statistical techniques,
machine learning algorithms, and semantic text processing. The authors also go
over the issues and difficulties that arise when analyzing opinions and sentiments,
including ambiguity, context dependence, and the handling of unstructured data.
They also suggest possible research areas and offer viewpoints on how the field can
progress in the future. For scholars and practitioners interested in the analysis of
opinions and sentiments, the paper by Pang and Lee is a useful resource. It offers
a swnmary of the key techniques and strategies and poses vital queries to think

about when creating solutions in this field.

The article [15] discusses a study that employs genre-based recommender sys-
tems for streaming services along with hybrid deep learning models for sentiment
analysis. The writers start the piece by discussing the issue of suggestions in
the context of streaming services, where users have access to a lot of content.
To ensure user pleasure, they underline how critical accuracy and customization

of recommendations are. The authors then suggest a hybrid strategy that uses

deep learning models to evaluate genres and sentiment within the subject matter.
While genres help to account for user preferences for particular sorts of material,

sentiment analysis alms to understand users’ emotional views regarding informa-
tion. The hybrid deep learning models employed in the study are thoroughly
described by the authors. They describe data processing, employing embeddings

to show material, and building nmodels to forecast sentiment and genres. The

authors then run experiments on actual streaming service data to gauge the vi-

ability of their strategy. They compare the outcomes with other approaches and
utilize a variety of criteria, such as accuracy and coverage, to assess the quality
of the recommendations. According to experimental findings, streaming services’
recommendations can be made more accurate by including sentiment and genre
data into hybrid deep learning models. More relevant and individualized recom-

mendations are given to users.

Studies on related work in sentiment analysis and recommendation systems

16



| have indicated that the majority of studies concentrate on the usage of rating
data. It’s vital to remember, nevertheless, that not enough research has been
done employing Kazakh-language remarks in the context of the Kazakh language.
The lack of resources and data in Kazakh is one of the difficulties scholars en-
counter. Sentiment analysis and recommendation systems created for other lan-
guages do not always take into consideration the particular and distinctive char-
acteristics of the Kazakh language.

In addition, some publications investigate the use of sentiment analysis and recom-
mendation systems in other languages, which may be helpful in creating systems
for the Kazakh language. The major techniques and methodologies for sentiment
analysis based on text data are covered in the paper "Sentiment Analysis and

Opinion Mining" (Pang, Bo, and Lillian Lee, 2008).

However, greater focus should be placed on gathering and annotating Kazakh-

language comments and data in order to advance research in the fields of rec-

ommendation systems and sentiment analysis in the Kazakh language. This will
enable the development of more precise and effective models that take into con-
sideration the unique characteristics of the Kazakh language, as well as enhance

sentiment analysis and suggestions for Kazakh-speaking users.
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Chapter 3

Method and Materials

3.1 Creating a website with Django

Python-based Django is an open source web application framework. A frame-

work is a collection of elements that makes it simple and quick to create websites.

Django offers nearly everything developers need natively and adheres to a "all-
inclusive" ethos. Everything we require is included in a single "product," which
means that everything is flawlessly compatible, adheres to a single set of design
principles, and has thorough, current documentation. Django offers a framework
that is intended to "do the right thing" to automatically protect websites, which

helps developers avoid many typical security problems. Django, for instance,

avoids typical mistakes like saving immediately and offers a secure mechanism to
manage user accounts and passwords. It also maintains session information in

secure cookies (cookies only hold keys; the actual data is kept in a database).

instead than using a password hash. The name of the website that will be devel-

oped and created in this post is Local Library Platform. Create a library first,

where people
erations that are practically everywhere is possible in this approach. reading from

can only see the books that are currently accessible. Exploring op-

Jatabases and presenting the data. [16].
The website of the neighborhood library is the project’s name because I want

to provide at least the bare minimum of information. As a result, information

about books, book copies, authors, likes and dislikes, comments, and other crucial

18



details will be stored. Will not, however, keep additional data that the library
might find valuable, nor will it build a sizable infrastructure to handle numerous
library sites or other "large library" features. This will make for an easy testing
location [16].

This section outlines the steps involved in building a website using Django and

its primary models, views, and templates. (see figure 3.1)

Book Author

+ name: String

+ date_of birth: DateField
+ date_of_death: DateField
+ books: Book[1..*]

+ title: String

+ author: Author([1]
+ summary: String Genre
+ ISBN: String

+name: String

+genre: Genre[1..”] +__str_:String
+ l[anguage: Language +__str__:String
+ comment: Comment
+__str__: String Comment
Language +name: Stripg
BookLike +emal: email

- + name: 5tring + message: String
+ like: BooleanField - +book_id: Book
+ book_id: Book +__ str_ :String -
+ user_id: User +__str__:String

Figure 3.1: An UML diagram of the website

1. Models:
Website uses the following data models:

Model "Author": Describes information about the author of the book, such
as first name, last name, and biography.

Genre Model: Contains information about different book genres such as
fantasy, romance, detective story and so on in the Kazakh language.

Book Title Model: Contains information about books, including title, au-

thor, genre, and language.
Vodel "Language”: Contains information about available languages of books.

Model "Comment": Allows users to leave comments on books.

Clart Model: Allows users to add books to their shopping cart for later read-
ing.

Like/Dislike Model: Allows users to express their position on books by lik-
ing or disliking.
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Book Search Model: Allows users to search for books by title.

. Performances:
The web application uses the following views:
Book List View: Shows a list of books that are available along with basic

details like title, author, and genre.
Book Details View: Details about the chosen book, including its author,

genre, and reader comments, are displayed.
Cart View: shows the items in the user’s shopping basket and gives them

the option to add or remove books.
Like/Dislike View: Lets users rate books they like or dislike in order to

express their choices.
Book Search View: Handles user queries and shows book title search results.

. Templates:
Web pages are rendered using Django templates, which specify the page’s

layout and structure. Use the following template files on your website:

Template npase.html”: All other templates inherit their basic functionality

from this template. includes standard design components such the page

header, menu, and footer.
Template "book_ list.html": Lists the available books along with some basic

information about each. includes options for language and genre-specific

sorting and filtering of books.

Template "hook_ details. html": Displays comprehensive details on the cho-

sen book, including a description, the author’s bio, the book’s genre, and

user reviews. enables readers to review and comment on the book.

Template "cart. html": Shows the books that are currently in the user’s bas-
ket, along with the number of books that have been added. allows you to

adjust the quantity of books.
Template nike _ dislike.html": Lets users rate books they like or dislike in

order to express their choices. shows the current percentage of each book’s

likes and dislikes.

Template "eearch.html": Displays a search form allowing users to enter a

book’s title. displays any search results.
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4. Methods and libraries:
The following techniques and libraries are employed to implement the func-
tionality of the website: '
Django module: Provides pre-built tools and capabilities for creating on-
line applications, including database interaction, form processing, and URL
routing.
SQL database: Used to hold information on writers, genres, books, com-
ments, and other system entities.
Sentiment Analysis Python Libraries: May do sentiment analysis on user
comments using a variety of libraries, such scikit-learn or VaderSentiment.

Seikit-Learn library will be used in study.

Django template tags and filters: Permit controlling the logic and format-
ting of data in templates, including how dates and times are shown and how
text is formatted, among other things.

In order to implement the functionality of a recommendation system for an
online library, websites can be built utilizing Django and its components,

including models, views, and templates.

5. Development of functionality:
The functionality of the recommendation system will be enhanced when the
Django-based website is developed. Several options include:
Recommendations based on user preferences: Use user preference data, such
as likes and dislikes, t0 recommend books to users based on their interests.
Sentiment Analysis Algorithm: Investigate alternative senti-

Improving the
alysis techniques and models to increase the precision and depend-

ment an
ability of recognizing favorable and unfavorable user cominents.
Integration of social features: Users will eventually be able to remark on
and score the comments of other users as well as share their own suggestions
and opinions with other users.

Performance Improvement: To guarantee that the website is quick and re-

sponsive, optimize database queries, use caching, and other optimization

strategies.

All of these enhancements will be directed toward raising user satisfaction, en-
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herefore, the cr 1 i g -
| ; eatior 1 ] S
: 1 of the website using D]ango and its continuous enhance

ment wi I i :
ith the functionality of the recommendation system will allow cust
- ‘ stomers

of the online library an effective and customized selection of book
4 S.

3.2 Database

One of the most well-liked relational databases for storing and managing st
| . ng strue-
tured da.f,a is the MySQL database. The MySQL database is crucial to thc(; thesis

because it stores data about the online library, including information about
: au-

thors, genres, books, commentaries, and other system components
Database structure: .

A collection of tables that are arranged logically like an online library malk

) y make

up the MySQL database. Each table represents a particular data type and has
\

» )e I I 0 C eS » ]

contained tables: (see figure 3.2)
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Figure 3.2: List of tables in the database
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The database contains 23 tables in total. Let’s go over the primary tables that
the recommendation will use.
Table "catalog_author" (Authors): Contains details about the writers including
their ID, first and last names, birth dates, and other characteristics.
Table "catalog_book_ genre" (Genres): contains data on several book subgenres
including detective, romance, and fantasy. |
Table "catalog_book" (Books): contains information on each book, such as its
special identification number, title, description, author, genre, and other relevant
characteristics.
Table "catalog__language" (languages): contains information on languages. Be-
cause the user chooses the language of the book he prefers to read when registering
the language interacts with the profile. |
"eatalog profile" table (User profile): The user table and this table are connected

udes user information, such desired genre and language.
ncatalog profile_preferred _genres" and "catalog_ profile_prefer:

incl
There are also tables
they are linked to the table " catalog_ profile".

Table " catalog__comment " (Comments): Database that keeps track of user com-

1 ific . i i
ments made on & specific book. Contains the time, the comment’s content, and

the ID of the user or book it relates to.

Table ncatalog_booklike" (likes/dislikes): includes information on reader prefer-

ences for novels. includes user, book, and preference state (like, dislike) informa-

tion.
Table “ca,ta.log_booksearch“
s that searchers have looked up.

(Search): Contains information such as the book

title

Database operations:

In order to interface with the database, MySQL offers a strong set of operations

Will employ the following operations in the context of the dissertation:

The required database tables were created by specifying

o Creating tables:
columns and data types) and connections (primary and

their structure (
foreign keys).

o Data Insertion: Tables can have additional records added via data insertion
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techniques. Then, to add information to the database, insert informatio
, n

El’I')

propriate tables.

o D - W i an i .
ata Update: When information in an online library changes, such as wi
hen
new s are 3 ’
books are added or users post comments, data update operations are

performed to update the database to reflect the changes

o Data Retrieval: Data retrieval operations enable the selection of data fr
a2 database based on predetermined criteria. For instance, we can rat I'Om
all books in a particular category or comments exclusiv;ly for a se m‘e;i/e
book. The retrieved data can be utilized for statistical analysis po:—q‘folzjrc;'1 C
operations relevant to the functionality of the recommendation ’sys'tem ;zi
;

displaying recommendations to users.

Django integration with MySQL database:
Working with a MySQL database is made simple by Django. Utilize Django’
. . ) : ’ O
ORM (ObJect-Rela,tlonal Mapping) to build data models that correspond togthz

layout of the Jdatabase’s tables. Django will automatically construct the necessary

database tables and use the models to interact with the data.

Django’s ORM queries can be used to carry out database operations such as
creating, inserting, updating,
database easier and guarantees the data’s security and integrity.

ive operation of the website and the recommendation system,

and retrieving data. This makes working with the

To ensure the effect
is a crucial component of working with the MySQL database. Th
. The

optimization
usage of indexes on frequently used columns, selecting the appropriate data typ
, es

information storage, separat
tion strategies are all examples of optimization.

for ing data into distinct tables to increase query

efficiency, and other optimiza

3.3 Data Collection

The practice of gathering information for use in research or other objectives i
- oy . . ' IS
known as data collection. In addition to information about user preferences and
tel W) ere S n

s, it also covers the collecting of numerous sorts of data, including word
? ¥ S)

action
d video recordings. The development of a recommen-

numbers, photos, gudio, an
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(latl?lll SiStel.n for an 011111111e library depends heavily on data collection, which is a
crucial step in research. It involves gathering, setting ing r

data needed for modeling and a.nalysigs The . ettmg l-lpy al?d gettmg‘ sl
. ysis. process of gathering data. for research
is crucial, and there are many different ways to do so [3]. Data was gathered for
the dissertation from a variety of sources. | >
Utilizing bots to gather comments in Kazakh was one of the data collection tech-
niques used. The bots generated comments, which were then subjected to sen-
timent analysis techniques for examination and evaluation. This ;nethod made
it possible to gather a significant amount of textual information in the Kazakh
language, which can be used to gauge readers’ positive and negative responses to
hooks. L
Used information gathered from various libraries and bookstores as well. Infor-
mation on books, authors, genres, and other characteristics that can be used to
create recommendations are included in this. This information offers a wealth of
details on the books that are available on the market and user preferences.
Making sure data is accurate and of high quality is one component of data collec-
Ve must ensure that the data is accurately gathered, current, and presented

tion. V

in a way that makes it simple to examine. The ethical considerations of data gath-

ering, such as getting user consent and protecting privacy, must also be taken into

account [17].

Benefits of data collection:

Rich and Diverse Dataset: A diversified dataset is produced via data collection

techniques like utilizi
hysical sources. As a result of this diversity, the recommendation system

ng bots to generate comments and gathering information

from p

is more depe

of user interests and viewpoints.

Real World Relevance: The final data set reflects actual world scenarios and

ndable and accurate because it can take into account a wider range

user behavior because it was compiled from reliable sources like bookstores and

s. By doing s0, the recommendation system is guaranteed to reflect the

librarie

actual tastes and interests of users, enhancing its usefulness.

P(ev-.s*(mal?'.zation: The creation of personalized suggestions is made possible by
the consent-based collecting of user personal information such names and email
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addresses. Indivi
S. idue or pr
' lual user preferences enable the system to recommend tl
hertine hlicati I -
g ent publications, enhancing user engagement and enj emest
calability: Large ' ' o
: amounts of informati
ation can be h
: . ’ andled by ine
collection techniques I el
es. . . E o
ques. In the case of an online library, where a sizabl . :
: able amount of

{ : ‘, e oces v I

this is particularly crucial.

Disadvantages of data collection:
Effort and cost: ;
bf): | ost: Data collection can be labor-intensive and expensive in t
oth time a o — . ' 7e in tern
o e and money. For instance, gathering information from physical 1s of
O a1 ) ysical sour .
ke bookstores and libraries necessitates traveling to several place urces
i : : . ' S 28, contacting
with employees, and planning the information collection. It can tak .
money and time to do this. . 1t can take a lot of
Data quality: There are dangers related to the quality of the data wh
: ey s y - ] = &) 2 a, . o
collected utilizing various techniques. For instance, when utilizing b twt en it is
S ots to create

. et W ].(.II ()O n

pede the effectiveness and precision of the recommendations [17]

Rest? 1’(} ] ‘
tO (i(li 7 A " 0 S O a.u Ce%q 0 d 1
e‘s‘s = e e 111 01
[ .

circumstanc
duce the volume and diversity of data tl
’ 4 o 181 s s ]_a,t can be ga:th.()led a
: red and reduce the study’
ST V'S

overall efficacy.

1 ") OUTCGS i E}'
e ma re

Let’s now discuss the precise data collection procedure employed for the di
e disser-

tation. used a number of techniques, s :
ques, such as bots, to produce Kazakh-language
= D>

comments and gath
iques, information on books, authors :
8 s, genres, and user prefer
- eferences as v
S vell as

er data from bookstores and libraries. With the use of tl
: se of these

techt
roughly 330 co

& [ ()g . . 1 (1)1
‘t iN 1 s C -ll (.
Ct\ 1

coments, which 1
setting. The gathering of information f .
1 from physic:
cal sources enha
? nces the

mments in the Kazakh language were gathered

o ‘, ( o (=) i aa ;hel ‘C-l; “ ldC
o 1]. b

s crucial for creating advice that is suitable for this particul
; llar

cultural

]] q rlcet l i C'—: l-)CC O p (11 . y (1 (1 ( 111 &
t J (‘ Il I ’ Wl (¢ }.(ll ln ())l O (¢ l

lection Process.

2 1{

The use of consents and collecting consents from users ensw
N e ) 'eS
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that they are in agreement with the study’s use of their personal data. This em-
phasizes dedication to privacy protection and assuring moral data processing.

[t is crucial to remember that data collecting must adhere to all applicable le-
gal and ethical requirements. We have taken precautions to ensure that data
gathering procedures respect users’ privacy and uphold the authorship rights of
books and other publications. To guarantee their anonymity and the safety of
personal information, it is also crucial to apply the proper data depersonalization
and anonymization techniques.

The gathered information—comments, details on books, authors, genres, and user
preferences—is a useful tool for creating a recommendation engine. This infor-
mation enables analysis and understanding of the preferences and tastes of users,
allowing for the recommendation of the most appropriate books for them. The
recommendation system we are developing can be used in online libraries to give
customers individualized book recommendations, which is another practical ap-
plication of the dissertation. This can enhance the reading experience, make it
er to choose and find books, and advance reading culture in general.

simpl
In conclusion, gathering data for a thesis is a crucial stage that creates a strong

foundation for the creation of a recommendation system. The variety, relevance,

and custonisation required to produce high-quality suggestions are ensured by

the data collection techniques used. In addition, I consider moral and legal con-

siderations, which ensure that consumers’ privacy and their data are protected.

34 Data analysis

Data analysis 1s & crucial component of research since it offers insightful knowl-
edge for comprehending and analyzing the gathered data. To extract meaningful

results and reac
otical interpretation of data [4]. Data analysis is crucial for comprehending

h wise conclusions, it requires the processing, visualization, and

gtati

user comments,
used the scikit-learn library, which offers strong capabilities for ma-

gauging their attitude, and assessing preferences in the context

of the thesis.
and data analysis.

chine learning
is Tﬁdf Wictor-izer() and CountVectorizer 0 ThdfVector-

One of the methods used
izer() enables the use of the term-frequency-inverse document frequency approach
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:z tl‘z:insform text data t.o numeric vectors. By considering the significance of t
| thi: a:izllifzezii?;i gthe::;eltaimtive impact on the overall collection of docum:lr'?ss
L data prediction models. Count Vectorizer(), nevertheless trans:
ata into vectors based on a count of the frequency at which ea,r’:h ter
m

o . : :
ccurs. This makes it possible to assess the distribution of words and pi
pinpoint

the most prevalent or uncommon keywords.
In order to compare the distribution of terms in favorable and negati
. . ' ive evalua-
tions, a histogram of comments was also produced. This makes the distinct -
stinctions

in how speci
pecific words or phrases are used more clear and can shed more light
ight on

the sentiment behind comments.
Analyzed the ratio of favorable to unfavorable reviews as well. This mak
. makes it

possible to gauge the general level of customer satisfaction and identify th
e most

common remark categories.
A dissertation’s data analysis 1 i
sse sis is erucial to developi
ing the recomm i
endation syst
em

for an online library It aids i ini
: ds in determining u
g user preferences, comprehending their

reviews and remarks, and producing customised recommendations in light of thi

data. Data analysis enables intelligent inferences and data analysis o tgi;nﬁ i J'Ehls
Thesis also heavily relies on the optimization of data analysis.‘ usedpa \ Z'atlon.
and procedures to enhance the analysis’s efficiency and precisi:r?eg’a::f

strategies
hods. To normalize text data, preprocessing tech

ation is one of these met

prepar
stopword removal izati
, lemmatization, and stemming are

ques such data denoising,

ni
sible to enhance the prediction’s accuracy and get rid of

used. This makes it pos
extraneous data that can influence the outcome. The choice and fine-tuni
uning of

machine learning algorithms is 2 further component of optimization. imple d
N : . mente
Naive Bayes, Support Vector Machine (SVM), Logistic Regressio
’ S S1011,

techniques like
d out several algorithms and adjusted their settings

or Random Forest. And trie

to get the best outcomes.
The effectiveness and optimization of databases should also be taken int
1nto ac-

nt. MySQL was used to store the data, and tables indexes, and queries w
) A0, 2 ere

cou
data retrieval and updating. can be used to increase

optimized t
query speed and

indexing, data P
recommen

o ensure quick

overall database performance through the use of techniques like

ortitioning, and caching. Thesis plays a significant role in the

creation of a dation system for an online library. Understanding
. user
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pr ‘f ,11811(:6! - i '. 1 ir - : o

ligently on this data are all made possible by data analysis

T} i ;
1e quality of models can be evaluated, and experiments can be ru
- un, as part

of data analysis for theses i
ses in order to enhan
ce the recomm i
endation syste
ystem. The

following factors need to be taken into account:
Model quality assessment: Used a variety of criteria to assess the perf
| _ - $ e performance of
the models, including accuracy, recall, precision, and F1 score. Finding tl I(: "
£ . ng the best

algorithms and lllethOdOlogieS WI.H b i [e) o
- Y C 111pa1'111 lllei I"-ICS acro
(=} SS 1many

models.
Erperiments and Improvement of Models: To find the ideal model configurati
guration,

researchers tested with a range of methodologies, parameters, and algorith
b 1 l'l Il]S

This could entail adjusting model hyperparameters, employing ensemble tecl
niques, or adding further characteristics to enhance predictiolns .
Model Validation: 1t's crucial to test models on a different data set (the validat

at " » validation

S(J(i ) ‘Iolll 1 e 0 e U.“.s d O Od :] t}la . i e (nln [ \‘.)l v

well the model generalizes and predicts using new data
Further directions of research: It is possible to offer further study directions aft
) s atter

the data has been analyzed and a recommendation system has been developed
> eloped.

Sl f t h . y SeekS tO oive W eb i CI e clse

I ||lS ( y s ) (38.81 3 IIS i e i

ence, and the effectiveness of the recoinmendation system

Create a chart showing th
the positive and negative comments. Start pre-processing after that. D
,C ) a i a)ta

e ratio of positive to negative comments after first sepa

rating

preparation for centiment analysis comes after data analysis. (see figure 3.3)
lysis. (s ure 3.

Negative Reviews

Positive Reviews

art of the ratio of positive and negative reviews

Figure 3.3: Ch
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3.5 Pre-processing

In text data analysis, particul: ikl
step. It covers S(—?ver;ﬂpj;t::rlg . Zell’.f-lment aualysis, pre-processing is & crucial
o oy ozl ane rat nq eﬁlgned to prepare text data for subseque
algorith ‘ , CO_HVGI ting it. Several methods were empl 7 l (-‘lnt
alg - m to preprocess the input, including removing punctuati ployed in the
text’s case, and utilizing the CountVectorizer() and Tﬁdfvecl:jjl‘()n?(jha‘nging the
: wzer() to turn the

text i ' " Ior
«t into a vector form. (see pseudocode Listing 3.1)
D
Listing 3.1: Ps :
g 3.1: Pseudocode for preprocessing Comments

Set an empty list called processed_data

For each comment in the comments list:
Remove punctuation marks from the com t
omment

Convert the comment to lowercase
Add the processed c
omment to the
processed data li
. - 1st

wation: Code uses the regular expression

Removing punct
¢ , -~
re.sub(r’ [“\w\sl’, ’’, comment)” to edit comments to
: ent remove ainy
> any punc-

tuation. This ¢ ‘
his enables the removal of superfluous symbols that have n
_ g 1 0 semantic

meaning and may skew the analysis’s findings
Lowercase: Code utilizes ¢ ‘
; , utilizes comment.lower() to low
owercase every word i
> eve ord in order t
» I LO pre-

serve uniformity and eliminate case differences. This enables the s
| . g the same-character
but different-case terms to be regarded as synonymous AL

Vector Representation Conversion: Use the CountVectorizer() and T
: z an

izer() methods to convert text data to vector representation. Th fidf Vector-
torizer() converts € o e CountVec-
of each word In the comment. Tfidf Vectorizer() transforms co : .
TF-IDF 8 comments using the
the word’s rele

ncy within the comment.
g: The StandardScaler is used by code to apply feature standard
-Aature standard-

” 4 . 5 Illltl

(Term Frequency-Inverse Document Frequency) approz
y) approach, It considers

vance within the context of tl
» COHLEAL he full remarl
mark corpus as well i
S 21l as its

freque
Feature scalin

and normalize the
he influence of outliers on the analysis’s finding
- IS,

ization values of feature vectors. This equalizes the fi
and lessens t s the features
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T i : -ecisi :
he effectiveness and precision of sentiment analysis are enhanced by the 1 f
_ ' nce he use o
variou - ; i ist 1 -
ious pre-processing techniques. They assist in bringing the data to an easy-t

‘ _ - ' - asy-to-
analyze view by removing extraneous information and reducing noise [18]. Th

8|. These

are crucial actions to take in order to succeed in the process of analyzing tl
- e

sentiment of comments.

3.6 Sentiment analysis

il e i . :
Sentiment analysis is a text analysis technique used to identify the emotional
) e 1 un-

dertone, tone, or mood that the text is expressing. It is employed to ascertair
. ; in

whether text data expressed a positive or negative emotional value. Numero
: STOUS

fields. such as social media, marketi - . - o
" keting, product evaluations, political analysis,

and others, might benefit from sentiment analysis. The capability of sentiment
i B 1€1110

analysis to automatically process massive amounts of textual data and extract
. - ‘ . . ] ' Ll l‘alc
emotional information 1s one of its main advantages [ 19] Companies and o i
' _ S [ 1] s regani-

1 use this to assess user attitudes and opinions from a variety of source
i " 'S’

including social networks, forums, blogs, etc. Determine public perception of
s 2 0 a

or event it contitioll ANAIYEIE [0 10ake Detler business deciions

“f RL?‘ ”“}' '?LVEI al restric hunp ”;;:1 di s isacly 1
He BfdwBaeks: The

!'f IOt rosehbls ol

zatiols cat

good, service,
O} 1

vll,f._,llf’““’-u‘w ]H(I (U”l‘ ”“Y ifl feaditig cHistishs b thHe best s
It might be challenging to determine the exact tone, particularly when there

. irony. alibiguity, or poor grammar, Additionally, sentiment analysis

Stie of tHe prithiary is

sues.

is sarcas
can be sensitive to con text and culture, thus outcomes may differ across languag
y di ross languages

and cultures.
assess the tone of user comments in an online library, sentiment anal
al-

In order to
ysis 18 crucial in the co
nts as positive or nega
rec ‘nnln(‘ll(‘l't“l’m.‘ﬂ' and (lirecting users to thie tmost pertinent books.
However, it’s also critical to focus on the moral implications ol sentiment analy-

safeguarding user ¢
nform judgments [19]. These factors need to be considered

ntext of dissertations. This makes it possible to categorize

sty tive automatically, which is helpful for producing

e . lata priv
gis, such as privacy and exercising caution when using the

analysis’s findings to 1
and investigated 1n the dissertation. Overall, research on sentiment analysis offers

1 ! 1 s 1 v |1hyee  S— i Ay
applications for enhancing an online library’s recommendation system. Modern
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machine learning techniques and technologies are used to assess c
B E?’nd categorize it into positive and negative sentimen’fl ‘SSA;ZI'n'ment .
P?’Fel1tlal for furthering the development of sentimment a.nalvsi; - e iy
n?ﬁcance of include new settings and ethical consideratim‘ls it dz _Wfall a.s.the sig-
discussed. We'll also look into the phrases that have the bigg Y. S -k s
predictions. | ggest impact on model
The 1_111t%a,1 stage in training sentiment analysis models is to create a list wi
that indicates the emotional tone of remarks, with positive cor te a list with data
(+) -e.md negative comments denoted by (-). The labeled datal;l:;ehtls -dflmted- by
of this list, serves as the foundation for developing and testing 11;a:11-lc l ICOHSIStS
hine learning

II_]. wi 0 3 ~1afa
odels. The labeled data set consists of a number of text comments, each of wh
) 1 of which

has a distinct emotional tone (either positive or negative). With the help of
a5 a distinct ' - i e i
dataset, sentiment analysis algorithms are trained to "understand" dp";) -
to detect the emotional undertone of text. Gi el % Fagil
' . Give the model clear
cues as to the

emotional tone of each commnient as you mark up the data. This aids t!

JRIE : ' S alds the model’s

ability to connect specific textual elements with particular emotional cat del’s
: al categories.

For instance, the model would typically credit a comment’ it
> nt’s positive emotional

tone if it recognizes that it contain siti :
& ains positive words, phrases, or expressions

Because they give the1
texts, labeled datasets are an important tool for training sentiment ]
, analysis

K I ( C l ;

nodel context for how to discern between positive and n
W k eg_

ative
models.
nificantly impacted by
and robustness of the trained model; it is crucial to label data consistentl
objectively. You ly and

analysis models.
fiers or neural networks, to extract text — .
’ g Xxtual properties
- rties and create 1
ate models

can utilize a labeled dataset you've created to develop sentiment,
o 8 - , 1men
This information will be used by machine learning model
B els, such
as classi
that can automatically categorize fresh texts accordi :
; ; : xts according to their emoti
ir emotional tone

It’s crucial to keep 1n
training of sentiment analysis models [9{ )] Wi
‘ ls |20[. When developing senti
: g sentiment

mind that using and producing a labeled dataset is just
‘ 18 just one

step in the
there are additional factors to take into account in additi
wadition to

analysis models,

&l

Data pretreat

_‘] :{.‘. I < [ [
(-' : ; Ilu ,‘ = ‘)e [ 7, } OC(. [» (.l 111 ()1 (l( t lit( e t

elements.
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J g n 0 ' C

models. Punctuati
8. uation, ¢ :
, stop words, and word normalization (such as ki
s making all
(o)

words lower case) may all be part of this process. The quality

creased and noise elgments that can skew analytical I'ESu?ts all.} .O P

pretreatment. Additionally, picking the right model or algo -'ttle reduced l.)y data

crucifxl. The sentiment analysis problem can be solved HSiI‘T lal vm?' for training is

learning techniques, such as linear models, decision trees . i e
, naive Bayes classifiers,

a} -t 7 = ~ < l ] 1 t
: g dIS& -

vantages of it :
. ges of its own, and the best model to choose will rely on the particul
an liti : - rticular nee
qualities of the data. The emotional sentiment of comments eeds
was examined

using 1 ' ing O ] :
¢ machine learning techniques and classification models in the dissert
he dissertation

Senti is : :
entiment Analysis of Comments i an Online Library. Additionall
P Trnior _ y . : ; nally noted areas
improvement, such as accounting for context and the semanti : g
> semantic relationship

between words. The size and caliber of the labeled dataset should also b
set, ¢ also be taken

more data we have. To help the model learn to distinguish between many f:
any facets

()i (,I]loti{)llc'l, nO]](, 1 .L C UCiﬁl [ ( L }l
§ P = ’ ) la ) ‘lle da.l al i di

lack variation in data may be unreliable or unstable

To determine the model’s performance and quality, evaluation and testi
S : s - 4 - sting are al
important 1m addition to training the model [20]. Utili g are also
. Utilized criteria lik
€ accuracy,

recall, Fl-score, and

if it can accurately cab

s or techniques.

member that the sentiment analysis model will need t
0

T =i,'i01 J H i h.i 5 T
precision to achieve this. The model can be ev. ed t
3 evaluated to see
= a.e .

Y5} q Ty .
egorize texts based on their emotional tone and to comp
are

various model

Finally, it’s critical to re
ted and maintained over time [21] Sent]
ime . A sentiment analysis 1
nt analysis model must 1
o )e

be upda
able to adjust

language and emotio
del with fresh datasets and routinely updating labeled data. It is al
ta. It is also im-

to new linguistic features . .
‘ , expressions, and circumstances because

n arc ) ALy cnangimg Thl‘-,‘ e i
3 . 5 can -,lltall retraini
>U 1Illllg

the mo

portant to note
lysis models.

some of the difficulties and restrictior '
g strictions associated wi '
ssociated with developing
veloping

sentiment ana First of all, data markup can take a while :
. . especis

g with a lot of text. , especially

akes some tiMe and work. Second, subjectivity is a potential

. potentia

when dealin To carefully label the data and produce a quali
labeled dataset, it t e a quality

.t, 1 He“ ;‘ s nf d ‘“al-y;-'l‘j.n;"i. DI‘ 'k. "e11l r 'ai(:l r it -
I t]“_lPl . AL J’ immterpret ’ i

issue w
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tone differently, and some comments may contain a variety of tones or ph
L . rases
that are difficult to categorize clearly. Due to this, sentiment analysis is uncertai
oy o ' rtain
to some extent. Additionally, generalization issues with sentiment analysis mod
10d-

els can arise. It’s possible that the model will perform well with the data it
was

trained on but poorly with brand-new, ambiguous data. The overfitting probl
em

necessitates meticulous model control and regularization to avoid overfitti d
rfitting an

guarantee its generalizability.
Also keep in mind that depending on the language and culture used, the sentiment
’ en

analysis results could vary. Languages and cultures may use different concept
) 2 S

and idioms to describe different emoti L
tional states. Because of this, it’s crucial to

consider these linguistic and cultural variances while creating sentiment analysi
is

models.
usion, using labeled datasets to train sentiment analysis models is a cru

In concl
orithms. However, it is crucial to take

cial step in creating effective and precise alg
into account data preprocessing, choosing an appropriate model, evaluating the

model, as well a3 subjectivity, generalization, and linguistic and cultural depen

dencies difficulties.
The examination of a text’s emotional tone and the determination of users’
thoughts and sentiments are bot
alysis. The following section will concentrate on data analysis and the

h possible using the strong technique of senti-

ment an

preparation of data for training models.

In order to enhance data analysis and investigate comments made in Kazakh, a
histogram was made to compare the word usage frequencies of positive and neg,a
The column on
f the word distribution of comments is provided by

tive remnarks. the histogram will be greater if the remark has more

words. A visual depiction ©

the word count histograni, which
comments. The average word count of each comment in each category can be

ascertained by studying the histogram. This made it easy to compare comment
lengths and spot any patterns or distinctions in emotion. It can also be deter-
mined which comment categories tend to contain longer or more detailed views
e word counts of positive and negative comments. For instance, if
he average word count of favorable comments is larger, this m’ay

can help discern between positive and negative

by comparing th
we discover that t
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reflect a more in-dept o :

content of the comri)leh description of a pleasant user experience. The cont
| nts should be taken into account when evaluati ontext and
Cc‘)unt.hlstogram data, among other things. Word count is .VET, uating the word
assessing sentiment; other aspects of the text, such as ex ’llwl(-,jlely one factor in
c(‘)ntextual factors, should also be taken into account T?pl(?bsmns, e
histogram is a further tool for data analysis in the Sé11tj:1(iecillln1ent ‘word count
general. This method makes it feasible to evaluate the Iengtﬁlofacnaly.sm thesis, in
omiments in sev-

eral categories graphically identify s
and identify any disc i e te
, y any discrepancies in tl
he text’s tone and

content.

Let’s examil
ine how the comment word count histogram is applied i
§ I a partic-

ular scenari 3
i as one of the data analysis techniques used in dissertati
: rtations. The

word co istogr i
unt histogram offers details on the word count distribution i
P L . _ : in comn
s nent
Jes visual evaluation of which comments have larger or short "
= €r contents

and enal

his is a handy tool for investigating textual data aud spotting potential
bia i 5 spot ential pat-
terns or peculiarities 111 & group of comments. By examining the hi o
possible to ascertain the typical wo d iti 7 i

_ rd count of positive and negative
o o . o e ga con

and investigate var iations in the distribution of comment length bet iy
i . R - length between various
ositive comments, for instance, may contain more words on :
. average
(5 il

categories. P
e longer and more in-dep
-depth assessments. Negative rem
s. Negative r -
arks
b

indicating that they ar
on the other hand, might be shorter and use fewer w
j e ords. The analysi
nalysis of the word

count histogram catl al
the results, it is important to take i
> into account fex
 features or flaws i
: ws in the

; /b 01 Ou I 1 e
J & h dﬂ; aj “
< Al e

analyzing
data, which may

Note that the word coun
merely offers generic information about the length of com
omments. It

be indicated by comment i
11§ 0) s with very fev
y few or very many
J 8 words.

t histogram does not consider the content or context of
4 N0)

comments; 1t
s in conducting

road understandin

in the positive and negative c -
: ategories wer

£ e compared using

by Illg

assist a primary analysis of the data and acts as a suppl
. . LS as a Su }") Gmcntall

tool for a b g of the word distribution in the comments. T}
. The
th of comments :

-] 1_101’1 OI (0 I 1 -, J 'I gt} b (llI . ‘ & A

leng
ogram in the thesis. This made it possible to spot

a commen

variations in the dist

statements. (see figure 3.4)

might have longer



Histogram of word count in comments
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Figure 3.4: Histogram of word count in comments

component of study.
e length across various categories and whether these variati
ther these variations

This makes it possible to assess whether there are vari
ria-

tions in sentenc

are statistically significant.
as shown by the histogram.

procedures were ca rried out after ar ;
. after analyzing
analyzing the word

Positive comments typically contain more words than

negative remarks,
The following analytical

count histogra.
erage Word Count: The average number of words in botl
1

Determining the Av

orable and negative comin
or short comments tend to be for each category.

s: The distribution of the number of words in favo
dVOr-

fav ents was calculated. This will make it possible t
0

ascertain how long

distribution

ve comments call be
s, WenSEH search for variations in the distributional
C

Comparison 0f
able and negati
ar word count ran

ence of peaks, OF outliers.
Tt is possible to determine the typical length of cor
J 5 n_

yzing the histogram. For instance, the histogram

visually compared using the histogram. In

particul
shapes, the pres
Interpreting the results:

h category by anal
ve reviews had higher average word counts and a wider ra
range

ments in eac
revealed that positi

51§



than negative reviews, which may mean that people who give favorable reviews
tend to express their opinions in greater detail. ‘
Identification of special cases: The histogram can also be used to find abnormali-
ties or unique cases that might need more attention. For instance, data problems
or unique comments may be to blame if we discover outliers with extremely high

or extremely low word counts. As you can see in the histogram, the negative is
» negative is

represented by a very huge outlier on the graph.

The comment word count histogram was used to assess comment length and

differentiate between good and negative comments in the context of the disserta-

tion. The sentiment analysis was enhanced by this.

3.7 Models

The dataset was then divided into training and test sets after analysis and prepro-
cessing. This made it possible to assess the effectiveness of models using several
sets of data while avoiding overfitting. A model needs to be trained and tested

e added to a website as a recommendation system. Several ma-

before it can b
available for application [5]. Train and contrast models

chine learning models are
port vector machines, naive bayes, and logistic regression [22|. The most

like sup
| is applied to make recommendations. Let’s examine each model

accurate mode

individually.

Logistic regression is a statistical method for simulating how a group of
independent variables relate to a binary dependent variable. To determine the
likelihood that an observation belon
in logistic regression are as follows:

gs to one of two classes is its goal.

The principal operations
Linear Combination:

The creation of a linear combination of input variables is the first step in logistic

regression:
2 = B0 + blxl * b2x2 + ... t bn¥xn
where b0, bl, b2, .-, bn - model coefficients (weights), x1, x2, ..., xn - values of

independent variables.

Application of the logistic function:



The logistic function (sigmoid) then receives the input from the linear combina,
tion and transforms the value into an interval (0, 1): -

p=o(z)=1/ 1 + e (-2)) |
where o(z) is the logistic function, and p is the likelihood that a class member

respectively.
Class Probability Estimation: The logistic function is used, and the resulting p

value is regarded as the likelihood of being in class 1 (spam). The observation is
categorized as "spam" if p >= 0.5 and as "not spam" otherwise.

Model training:
By identifying such b0, bl, b2,..., bn values that minimize the loss function (often

using the maximum likelihood approach or gradient descent), the model coeffi-
cients are determined. The objective is for the model, given the available inde-

pendent factors, to predict the dependent variable as accurately as feasible

A popular linear classifier for binary classification issues including spam detec-

tion, churn prediction, health diagnostics, and others is lbgistic regression.

Random Forest is a machine learning approach that addresses classification

group of decision trees. To obtain more reliable

and regression issues by using a
t aggregates the predictions of different trees.

and precise forecasts, i
The basic steps of the Ran
Bootstrap fetch: The bootstrap

e number of random subsampl
n dataset and has a random overlap. To train each

dom Forest algorithm are as follows:
approach is used by Random Forest to create a
es from the training dataset. Each subsample

larg
is the same size as the mai

tree, various datasets are thus created.
Building trees: A decision tree is constructed for each dataset from the first stage.

Each node is divided when constructing a tree according to specific criteria, such
as information gain (Information Gain) or Gini index (Gini Index). Trees are
constructed up to 2 predeter mined depth or until a predetermined stop condition

is satisfied.
d on the forecasts of all the forest’s trees, a class or value is

Forecasting: Base ’ 0 .
projected for each new observation. Tl majority voting principle is used for
class that receives the most votes is taken as the

classification problems, and the
final forecast. The predictions of all trees are averaged for regression issues.
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Importance of variables: The relevance of variables is another piece of informa-
tion that Random Forest offers. The degree to which a variable enhances class
separation or lowers the total error across all trees is used to determine how ef-
fective it is. This makes it possible to assess the contribution of each variable to
the model’s predictions.

Handling imbalanced data: When one class dominates another in the data, Ran-
dom Forest does a good job at handling this problem. This is because each tree’s
bootstrap sampling and voting processes automatically balance data as they pro-
ceed.

Stability: Data noise and outliers are not a problem for Random Forest. Qutliers
in individual trees can be smoothed out or made up for by other trees because
the predictions are based on an ensemble of trees.

Scalability: Large datasets can be effectively used with Random Forest. Due to

the independence of tree creation, it is easily parallelisable. As a result, the tech-

nique is scalable and can handle massive data sets.

Model parameters: There are a number of tuning options available for Random
Forest. The amount of trees in the forest, the depth of the trees, and the quantity

of factors taken into account for each split are a few examples.

The versatile machine learning tool Random Forgst can be used for a variety of
tasks, including classification, regression, image processing, and anomaly detec-
tion. It is a popular option in machine learning because it brings together the ease
aptability of decision trees with the strength of ensemble models.

a straightforward but efficient classification method built on
n inference and the feature independence assumption (hence
tly used for applications including sentiment anal-

of use and ad

Naive Bayes is

the idea of Bayesia
M. It is frequen

and text classification.
primary steps are as follows:

Naive Bayes makes the assumption that each fea-
ct on a class. We refer to this as conditional in-
des accurate findings in practice, notwithstanding

the name "naive
ysis, spam filtering,
The Naive Bayes algorithm’s
Assumption of Independence:

ture has an independent imp¥

ve Bayes provi
his assumption is untrue for actual data.

g the probability of each class and the probabilities

dependence. Nai
the possibility that t
Model building: BY computin
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of each feature for each class, Naive Bayes creates a model from the training data.
A count is utilized for categorical features while a distribution model (such as the
normal distribution) is used for numerical features.

Class Probability Calculation: After creating the model, Naive Bayes determines
the likelihood that an observation belongs to each class using Bayes’ theorem.
Based on the premise of feature independence, the conditional probability for

each class for a new observation is computed.

Decision-making: When predicting a new observation, the Naive Bayes classifier
selects the class with the highest probability. The observation will be labeled as

"spam" for instance, if the likelihood that it belongs to the class "spam" is higher

than the class "not spam".
The following benefits of Naive Bayes, a quick and easy classification algo-
de strong performance on large datasets, effectiveness in training and

rithm, inclu
prediction, and relative immunity to missing data and noise. However, in some °

circumstances, pa,rticula,rly when the traits are strongly interdependent, its in-
dependence assumption can limit accuracy. Additionally, because Naive Bayes
examines each feature separately, it may have problems managing uncommon or

inations of features in the training dataset.
ar option for text categorization and other jobs despite

its drawbacks, particularly when there are a lot of features. It is appealing for

use in practical applications because of its ease of use, speed, and capacity to
ounts of data. Additionally, compared to other algorithms,
ds less training data to develop the model, which might

hortage of training data.

missing comb
Naive Bayes is still a popul

process massive am

Naive Bayes typically nee
eous when there is & S

be advantag

Support Vector Machine (SVM) 15 a potent machine learning method
that handles classification and regression 1ssues. In a multidimensional space,
SVM creates 2 hyperplane or gTOUP of hyperplanes that effectively separates data,

from various classes: : thm’
rou Vector Machine algorithm’s fundamental tenets:

Following are the Support
' separability: Fin ' .
Mazimum S€pP goal of SVM. An N-dimensional space has a (N-1)-dimensional

ere N is the quantity of features. To maximize

ding the best hyperplane to maximally divide the two

data classes is the

subspace called 2 llyperplane, wh
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the "classification gap," also known as the distance (gap) between two clas
SVM looks for such a hyperplane. o
Support vectors: The data points closest to the line separating the classes are
called the support vectors, and SVM uses these to build a hyperplane. The
hyperplane can be found and additional observations can be categorized using

support vectors.

Building a separating
ates a hyperplane that divides classes. It optimizes a "loss function" while ac-

counting for the classification gap and the consequences of crossing the separation

hyperplane: SVM solves an optimization problem and cre-

border.

Extension to non-
tures into a higher dimension, SVM can process non-linear data. As a result

linear class separation boundaries can be built by SVM in a new feature

linear cases: By utilizing a "kernel" to convert the initial fea-

non-
space.
Making decision

model has been constructed.
determined, together with which side of the hyperplane it is on.

s: The SVM is used to categorize fresh observations after the
The class to which the new observation belongs is

t traits and advantages of SVM include:

A few significan
Good genemlizz'ng ability: SVM is a powerful classification algorithm because it

can create class separation borders that generalize to new observations.
rt vectors are used in SVM to specify the class border.

Outlier tolerance: Suppo
Since the support vectors are closest 1o the split boundary as a result, the tech-
ent against outliers in the data.

Efficient in Hz'gh—Dz’mensional Spaces: SVM effectively manages the "curse of di-

mensionality" and can operate in feature-rich environments.

Relatively few options: SVM offers a number of settings that can be customized
for optimum performance, including kernel type and regularization options. SVM
s well by default, though, even without changing the settings.

Ability to handle both binary and multi-class classification problems: SVM can
be used to solve problems involving binary classification (dividing a problem into
multi-class classification (dividing a problem into more than two

nique is resili

operate

two classes) and

classes).
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.DGSCI'I'I)(“ cl ntr
e _,d (llld introduced each model sepaz‘a.tely howe r for del
i Ve T model training
8

will use the pre-made Scikit-learn library and its methods

Scikit-learn (also known as sklearn) is a library for the Pyth
language that supports machine learning. For res<‘)lving 1113(:1?;1160? pr o.gramming
it offers a variety of tools and methods, such as classification reo-r:flr-nmg T,
ing, dimensionality reduction, data preprocessing, and Others’ [75 ST e
The scikit-learn library’s primary characteristics and elements are; lstad b
Machine learning models: Scikit-learn provides implementations of nule( ros
chine learning models, including closest neighbor algorithms, support lxl'er(t)us i
chines, decision trees, random forest, and gradient boosting model enlsei:li;(ljésma—

Data preprocessing tools: Data preprocessing methods from Scikit-learn are avail
re avail-

able, such as feature sca

dimensionality reduction, and others
ls and parameters: Cross-validation techniques, parameter grid
ter gri

stimation are just a few of the tools that Scikit

ling, categorical feature encoding, missing value filling
o

Choice of mode
searches, and model performance e
]ear ~ 3 3 14 l 1 b ! l 2 [ . .
I « for o the optimal model ar :
1 provides for choosing t 1 1d fine-tuning its parameters.
ation: Scikit-learn offers measures including
es including accuracy,

Model Performance Evalu

recall, Fl-measure, standard error, and more for assessing the performance of
z arce o

models.

Text data processing: geikit-learn offers a variety of methods for processing text
. - ()

data, such as text vectorizatlon, feature extraction from texts, text data conver

-ectors, and others.
ensible package; Scikit-learn makes it simple to incorporate

thms [23].

» libraries: Other well-liked Python data analysis packages
g are integrated with Scikit-learn. As a result, 11and1;1;
ces, and vectors, as well as preprocessing and an-

sion to numeric
Expandability: An ext
unique techniques and algori
Integration with othe

like N umPy and Panda
ng on maftrl

data arrays, operati

alyzing data, are made simple- ’ _ .
it-learn’s user interface is straightforward and

v . iz DEIE

Convenient user interface: S¢ hine learning

casy to use, making it convenient for machine learning newcomers to utilize the
; se, models and study data because many methods

to put up

1 understanda.ble parameters.

package. Tt is simple
and classes have simple 8¢
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Training on big data: With Scikit-learn, you can train models on big datasets us-
ing a variety of techniques, including stochastic gradient descent and incremental
learning. This makes it possible to process and analyze big data effectively.

Extending functionality with plugins: Scikit-learn encourages the creation and in-

corporation of plugins that increase the library’s capability. New data processing
techniques, machine learning models, and data analysis tools can all be added

using plugins.

Active community and docum
supports the library’s continued development by exchang-

entation: Scikit-learn has a vibrant developer and

user community that

ing ideas, offering solutions,
to utilize the library’s features because of its thorough documentation and usage

and sharing experiences. It is simple to learn how

examples.

One of the most well-known and often used machine learning libraries in the

Python community is scikit-learn. I

tasks with an effective, usable, and rel
library is utilized during the research process for preprocessing, data training, and

t provides a wide range of machine learning
iable collection of tools and algorithms. This

prediction.

Used a variety of machine Jearning models, as well as related tools and libraries,

in the dissertation. Here is 2 more thorough explanation of each model and the

tools employed.

Logistic Regression:
Library: sklearn,linea,r__model
Model: LogisticRegression

Used tools: | |
Count Vectorizer from sklearn. feature_ extraction.text: Converts text data into a

matrix of counts.

StandardScaler from sklearn.pr eprocessing Scales characteristics to improve mode]

performance.

Random Forest:
Library: sklearn. ensemble

Model: RandomForestCla.ssiﬁer
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Used tools:
TfidfVectorizer from sklearn. feature__extraction.text: Converts text data to nu-

meric features using TF-IDF.

87 . " L DTEDNTOC = ' ! e S g %
tandardScaler from sklearn.preprocessing: Scales characteristics to improve model

performance.

Naive Bayes:
Library: sklearn.naive_ bayes

Model: MultinomialNB Used tools:
Count Vectorizer from sklearn.feature_ extraction.text: Converts text data into a

matrix of counts.
Normalizer from sklearn.preprocessing: data is Data is normalized for improved

model performance.

SVC' (Support Vector Machine):
Library: sklearn.svin
Model: SVC
Used tools:
TfidfVectori
meric features using TE-IDF.
StandardScaler from sklearn. Preprocesst

ser from sklearn. feature_ extraction.text: Converts text data to nu-

ng: Scales characteristics to improve model

performance.
TfidfVectorizer() is one of the text-vectorization techniques employed in prob-
lems involving natural language processing. The "Term Frequency-Inverse Docu-
ment Frequency" (TF-IDF)
¢ vectors, is the foundation of this system.

approach, which enables text data to be represented

as numerl
TF-IDF Weights:

Tﬁdeectorize?”() Jetermines the weights for each term in text data according to

the frequency with which it appears in a certain document (Term Frequency) and

the inverse frequency of that document (Inverse Document Frequency) [23]. In

order to emphasize crucial words and phrases, terms that frequently exisﬁ in this

text but infrequently in other publications will be given a larger weight.

Converting text t0 numeric vectors:



TfidfVectorizer() creates a sparse matrix of numerical vectors from text data,
where each vector is a representation of a distinct document. The TF-IDF weight
of each element in the vector corresponds to a phrase in this document. As
a result, the text can be usgd in machine learning algorithms that exclusively

process numerical input.

Text Preprocessing:
TfidfVectorizer() enables text pre-processing prior to vectorization as well. To

clean up and normalize text, it can conduct a number of operations, including
lemmatization (reducing words to their simplest forms), stopword elimination
and tokenization (splitting text into individual words or tokens). ’

Parameter flezibility:
TfidfVectorizer() offers a variety of solutions that can be tailored to the unique

requirements and properties of text data. The minimum and maximum term
frequency, term length requirements, n-gram usage, and other criteria are a few

of these parameters.

Tﬁdeectom'zer( ) is a potent text vectorization technique that is frequently
employed in tasks including classification, grouping, and information extraction.
It provides for the consideration of terms’ uniqueness in documents as well as their
significance for a specific study. As a result, text cléssification is more accurate

and machine learning models are of higher quality.

Count Vectorizer() is one of the text-vectorization techniques employed in prob.-

lems involving natural language processing. Based on the frequency count of each

term (word) in the text, it turns text data into numerical vectors.

Features of CountVectorizer:

Term Frequency Count:
Count Vectorizer() the number of times each term appears in the text. Based op
the unique words in the text, it compiles a dictionary of terms and records data

on how frequently each phrase appears in each document. As g result, the text

is transformed into a pumeric matrix, where each row represents a document and

each column represents 2 phrase.
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Converting text to numeric vectors:
Count Vectorizer() creates a sparse matrix of numerical vectors from text data.
The number of times the related term appears in the provided document is rep-
resented by each element of the vector. Therefore, these number vectors can be
used by machine learning models for both training and prediction.

Text Preprocessing:
Count Vectorizer() allows for the execution of different text preparation operations

to enhance vectorization quality. To clean up and normalize text, it can execute
operations such as tokenization (splitting text into individual words or tokens)
deleting stop words (often occurring but meaningless terms), changing words to

lowercase, and other operations.

Parameter flexibility:
The CountVectorizer() gives me a range of alternatives that I may tailor to my
individual needs and the properties of text data. The minimum and maximum

term frequency, term length requirements, n-gram usage, and other criteria are a
few of these parameters.

Count Vectorizer() is & straightforward and effective text vectorization method
that’s frequently used to solve classification, clustering, and information extrac-
tion issues. It enables the representation of text data as numerical vectors while

accounting for the frequency of occurrence of textual phrases.

Utilised the following resources and tools as well:
numpy: A library for handling data arrays.
pandas: Work with data in table format using a library.
sklearn.model _ selection.train_test_ split: Instrument for separating data into test

and training sets. |
sklearn. pipelz'ne.Pz'pelz’ne: A device for building pipelines, models, and chains of

data manipulations.
preprocessing. StandardScaler: Tool for feature scaling

er: Tool for normalizing data.

sklearn.
sklearn. preprocessing. Normaliz

In experiment, split the data into train and test sets using train_test_ split

from sklearn.model_ selection. 'This made it possible to train the models on
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the training set and test their effectiveness on the test set. Pipeline from was
used to build pipelines sklearn.pipeline that combined data transformations (eg
CountVectorizer and TfdfVectorizer) with models (eg LogisticRegression, Ran-
domForestClassifier, MultinomialNB, SVC). Pipelines made it possible to train
models and convert data systematically. Several models, such as LogisticRegres-
sion and RandomPForestClassifier, used text data preprocessing with CountVector-
izer or TfidfVectorizer. Count Vectorizer transforms text into a counters matrix
and TfidfVectorizer text is converted to numeric characteristics, given TF—IDF"
(term frequency-inverse document frequency). Also for some models, such as SVC

and MultinomialNB, used StandardScaler strategies for data scaling to improve

model performance.

Additionally, to cope with data in array and table formats, the numpy and
pandas libraries were employed. These libraries offer strong tools for processing

and analyzing data. \
The following steps made up the experiment’s general structure:

1. Loading data.

9. Creating training and test sets from the data.

3. construction of pipelines for every model.

4. Using pipelines, train models on a training set.

£ Calculating a model’s test set performance estimate.

6. Analyze the performance of each model by comparing the outcomes.

7. Discussion of the results and conclusions.

In order to experiment with several machine learning models and assess how

well they performed when applied to & text categorization problem, we employed
a variety of tools and libraries from scikit-learn, numpy, and pandas.
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3.8 Evaluation

The outcomes of assessing the effectiveness of machine learning models for tl
text categorization problem are presented in this section. Several metrics e
employed to evaluate the results, such as accuracy_score, precision_sc were
call_score and f1_score from the sklearn.metrics library. __score, Te-

Let’s examine the metrics stated in more detail:

e accuracy_score: This statistic counts the proportion of samples that w.
o § : ere
properly identified out of all samples in order to determine the model’
el’s

accuracy. When the classes in the data are balanced and the model’s overall
er
quality is crucial, it may be useful. 8

Accuracy = TP+ TN
TP+ TN+ FP+FN (3.8.1)

e precision_SCOIe: This statistic assesses how well the model predicts a posi
Posi-

tive class. It is calculated as the proportion of positively categorized sampl
to the total of positively and falsely classified samples. It is helpful in ?tes
situ-

ations when reducing false positive predictions is crucial.

Precisi TP
1eclSiION = =T
TP+ FP (3.8.2)

recall _score: This score assesses how well the model can identify positiv

samples. The ratio of correctly identified positive samples to the total o(;
correctly classified positive and false negative samples is used to compute
it. It is helpful in situations where it 18 crucial to reduce the number of

unfounded negative forecasts.

TP

Recall = ——————=
TP+ FN (3.8.3)

. . . S ac
’ &n

correctness of the model. It is helpful in situations with unbalanced clas
ses
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when it is crucial to take both false positive and false negative predictions

it t. - .
into accoun 2 - (Precision - Recall)

Precision + Recall

F'1-score = (3.8. 4)

These metrics were calculated using the corresponding functions from sklearn.metri
such as accuracy_ score, precision_score, recall_score, fI_score. Then, after
passing anticipated labels and ground truth as parameters to these functions,

metric values were returned.
These measures were used to compare the effectiveness of several models and

determine which model is more effective at classifying text.

There are various stages in evaluation:

e Description of the dataset: A total of 330 comments were used in the exper-
iment, split into a training set and a test set. Each comment was marked
with a "+" or "-" to denote its positivity or negativity. Additionally, the

models were assessed using 100 comments.

Setting up an experiment: Pipelines were created using a variety of ma-
chine learning models, including Logistic Regression, Random Forest, Najve
Bayes, and SVM, to assess the performance of -the models. The data trans-
formations included in each pipeline, like text vectorization utilizing the
Count Vectorizer() or TfidfVectorizer(), and data preprocessing using the
StandardScaler() or Normalizer for some models.

e Evaluation results: T he following indicators were employed to assess how

well the models performed: accuracy_score, precision_score, recall_score,

and f1_score. These metrics were determined for each model using test

data. and the findings were recorded in a table for comparison. In-depth
ata,

descriptions of the findings will be provided for each of the experiments.



Chapter 4
Experiments

4.1 Comparison of models

The experiment starts with a model comparison. About 230 Kazakh-language

comments were utilized for training, and 100 remarks were used for the test. The

results of the test were also shown in the new comments as + and -, positiv
) €

results (+) and negative results (). The models were trained using the prepared

data at the start of the experiment. The dataset was then divided into training
and test sets after analysis and preprocessing. This made it possible to assess the

of models using several sets of data while a\}oiding overfitting. Next

known machine learning models that were appropriate for ouxi
rt Vector Machine, Logistic Regression, and Random
he models were trained using the proper learning

effectiveness
we chose a few well-
task: Naive Bayes, Suppo
Forest. During the experiment, ©

methods on the training set.
The first time, the models were trained immediately without the aid of any

As an jllustration, early training without TfidfVectorizer() and
The text Was not tokenized, the words that had no specia}
ext was not turned into a vector of integers

training aids.

Count Vectorizer()-
removed, and the t

After training, test them with fresh comments, and then use the sklearn.metrics
library method to determine their accuracy. Naive Bayes had an accuracy of 85%

which was very low, but I tried the test again after employing the crucial and es:
sential procedures. The section O models and scientific learning went into great

value were not
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depth on how each model was prepared for training separately using the relevant
library methods.

Used each technique for all models and abandoned the techniques that produced
the best outcomes. In the experiment, various machine learning models were
compared in order to assess their efficacy and select the model that would best
address the categorization issue in the context of the thesis. The Random Forest,
Logistic Regression, Naive Bayes, and SVM models were trained and tested as
part of the experiment.

Training was done on the training set using the correct settings, starting with the
Random Forest model. Following training, the model was put to the test oy .
test sample, and the following findings were found: accuracy was 83%, precision
was 81% percent, recall was 95% percent, and the Fl-score value was 86%, Theds
results demonstrate the model’s successtul classification of comments.

After that, the model for logistic regression was trained. The accura cy, precision,
recall, and Fl-score values Were as follows after the model had been trained and

tested: 88%, 85%, 96%, and 90%. These metrics show how well the Logistic

Regression model performs in terms of classification accuracy and recal].
- v as examined. Accurac scisi )
Next, the Naive Bayes model was acy, precision, recall, and

e value of the model were found to be 88%, 90%, 88% and 87%.
after training and testing. In comparison to earlier models, the Naijve
Bayes model displayed good accuracy and accuracy, but slight loss in recall,

Th‘e SVM model was then trained. Following model testing, the following results
were discovered: accuracy of 95%, precision of 90%, recall of 96%, and the F1-
score value of 95%. The gVM model performed well, with good accuracy, recall,

and Fl-measure values. (se€ table Table 4.1)

the Fl-scor

respectively,

y of various machine learning algorithmsg

’

Table 4.1: Comparing the acCurac

Algorithm Accuracy | Precision | Recall | F1-Score |

Random Forest 83% 812/6 95% E_

L “'t'c Regression 88% : 85(5) 967, W
0g18s 1 —— 88% 907 887 570

| Naive Bayes | % | e

According to the results, it can be said that all four models did a decent job
ccording ; |
ol



of sorting comments into positive and negative categories. The SVM model,
however, demonstrated the highest precision, recall, and Fl-score values, making
it the most appropriate for handling the classification issue in the context of a
thesis. Because of the SVM model’s great accuracy and completeness, it can
accurately categorize a vast number of comments and identify both positive and
negative ones. The Fl-score, which measures precision and recall harmonically,

has a high value, supporting the model’s overall effectiveness. (see figure 4.1)

Random Forest  Logistic Regression Naive Bayas SVM
Figure 4.1: The comparison graph of classification models

Accuracy, Precision, Recall, and F1-Score are the four different metrics useq to

compare classification model pe |
ment in which four different models—Random Forest, Logistic R batin, Mt

and SVM—were trained and put to the test. The graph has a Y-axis that
etrics and an X-axis that lists the names of the models.

rformance. It displays the findings of ap experi-

Bayes,
shows the values of the m

i line
The graph has a different ; s
vie ¢ each model’s metric. To set one statistic out from the others.

for each metric, and the dots on the lineg correspond

to the values fo
colors are employed.

ur
by red, and F1-Score by p G ;
’ metric thanks to the variation in color. The graph illustrates how

que outcomes for various measures. For instance, Random

Accuracy is represented by blue, precision by green, recall
ple. It is simple to distinguish which column he-

longs to which
each model yields uni
Forest offers somewhat 1
recall (recall). However,

ower F1-Score, but great accuracy (accuracy) and good

Logistic Regression has higher F1-Score and accuracy,
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but lower F1-Score and recall. Naive Bayes has a high accuracy (accuracy), a high
precision (accuracy of prediction), but a low recall (completeness). Finally, SVM
achieves the top results in accuracy, precision, recall, and F1-Score, performing
well across all criteria.

The graph is a crucial tool for evaluating the effectiveness of various models and
showing the outcomes of an experiment. It enables comparison and evaluation
of each model’s performance against several indicators, allowing the researcher
and readers to quickly determine which model is best for a given classification

assignment.

The findings dem
of 93%, performed best across all measures (accuracy, precision, recall, and F1-

score). This is so that the SVM, a more complicated model that can handle
non-linear class borders, can be used. Naive Bayes and logistic regression also
produced good results, although SVM marginally beat\@hem. Both Naive Bayes
and Logistic Regression have an accuracy of 88%. The Random Forest model, on
the other hand, had the lowest accuracy 83% and this may be because it struggles
to perform well with text input and necessitates a high number of trees. How-
continued in order to evaluate the models. I sought the
When comparing the outcomes of the models with the
test comments labeled as good or negative?

onstrated that the SVM model, which achieved an accuracy

ever, the experiment was

opinions of two people.
ans, what category are

opinions of hum
dels among themselves, a comparison of each

a comparison of the mo .
model’s output with people was made. since the model presents the outcomes

in the manner in which they were learned, for instance, if positive then (+) and
here were some noteworthy interesting nuances discovered

if negative then (-)- T .
Wheng contrasting the model results with human assessments.People were given

remarks as part of the exp

ing to the models. The ait :
iniicate whether they thought 1t Was favorable o negative.

People found it challengin fo pirPo tze zecif et emOtionatl content of many
comments while analyzing them and to cecice BELeen p?31t1ve and negative

‘ tuations, the comments frequently fell into the category of
In these sl I comments are uncommon, they are intriguing because
| nuances that &¢ challenging to convey with a straight-

Following

eriment that were either favorable or negative accord-

n for the participants was to rate each comment and

options.
neutrs]. Even though SuC

they can include emotiona
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forward binary classifier.
This finding paves the way for additional study and development. Consider in

cluding impartial comments in the model training data and investigate how thi
is

would effect the models’ performance and accuracy. More of these comment
S

might be gathered to broaden the emotional categories that the models can us
e

and improve their ability to precisely categorize various emotional nuances

Additionally, it may be inferred from the results of comparing the models with

people’s ratings that there is some degree of agreement between the models and

the ratings. It’s possible that some models are more reliable and compatible with
observations than others. This can be used as a foundation for additional model

refinement and for choosing the best model for particular categorization issues

The effectiveness of categorization models in reflecting the emotional content of
perception is generally improved by com-

comments and interacting with human
s with human ratings. This enables a more thorough

d identification of both their advantages
the degree of agreement between mode]

paring the results of model
analysis of the models’ performance an

and disadvantages. The ability to gauge

stimations made by individu
to accurately mimic how individuals perceive emotions

is demonstrated by how well they accord with observers’ judgements. Developers
and academics who want 50 develop models that most faithfully represent human
preferences and judgments may find this information to be helpful. On the other
side, a comparison t0 assessments from the gel.lera,l public can also highlight vari-
ations and disparities between model predictl'ons and actual perceptions. This
might be a sign of the challenges and ConSt,rmnts II,IOdels face when it comes to
effectively categorizing emotions and capturing the intricacies of text’s meaning,

Such differences may be the focus of future study and model development.
Additionally, the ga.therin estimations from individuals enables the research

to take into account huma

based on a richness of know ; |
the evaluation of models- In order to construct models for classifying emotional

content that are more accurate and effective, machine learning and human intel-

combined through comparison with human assessments.
1 comp

findings and als is one of the key benefits of doing so.

The capacity of the models

gof

n intui
ledge and comprehension of the text, adding value to

tion and expertise. Human assessments can be

ligen b
ce can be i ith indivi ici
arison with individual participants’ scores may

The extension of the mode
H4



be considered in future researc B : ;
lered in future research. For instance, new studies might be conducted
with a wider range of participants and more evaluation comments.

F -, a I . - - oo . -
or instance, Naive Bayes and Logistic Regression produced good findings, but
many comments did not agree with the results when they were compared to peo-
ple’s opinions. Additionally, I believed that since the aim of logistic regression
1s to forecast the likelihood that an observation belongs to one of two classes. it
A A, J ]
would be better suited to the job of the thesis. and only two classes. However
as evidenced by the outcomes, the Support vector machine model performed well

with text data. also contrasted his findings with those of those who nearly all

matched.

4.2 Identifying words with the greatest impact on

prediction

The research included an investigation of the phrases that had the greatest im-
pact on the classifier’s prediction. For this, the get_ feature_names_ out function
was used, which allows to get a list of all words from the model dictionary. 20
terms were found to have the biggest influence on prediction based on this list.
The 20 words with the most influence were derived in order to better understand
which lexical components are most crucial for categorizing comments. In addition
to understanding which parts of the text have the most influence on the text’s

emotional content, this can help uncover major themes and concepts linked to

both positive and negative comments.

Further investigation was done to identify the top 10 words that are most effective

at predicting favorable and negative responses. This makes it possible to concen-

trate on the phrases that best describe each emotional group.
First, the Support vector machine model was used to determine the most pow-
erful words. The code to examine the word weights in a support vector machine

(SVM) model and output the words with the greatest influence on the model’s

predictions can be found here.
Tn the pseudocode (see pseudocode Listing A.1) gets a list of all features (words)

using the get_ feature_names_ out() method from the vectorizer object and stores

1)



it in the feature_mnames variable. Then, using the coef _ attribute of the SVM
sve model, get the weights of each feature (word) and convert them into an array
(array) using toarray(). The ravel() method is then used to convert the two-—
dimensional array to a one-dimensional array. Next, a weights dict is created,
where the keys are the words from feature names and the values are the corre-
sponding weights from sum_ weights. This dictionary enables you to determine a
word’s weight based on its name. Using the sorted function and a for loop, the
20 most influential words and their weights from the weights_ dict are displayed

under the header "20 most influence words for the prediction:". The words are
listed in decreasing weight order.

Similar to this, other models also created algorithms and highlighted their most

important words.

Two empty lists are then made: negative_words and positive_ words. Next,
iterates over the words in the weights__ dict, and if the weight of a word is greater
than 0, then this word is added to the positive_words list, otherwise - to the
negative_words list. So, categorize words into good and negative categories based
on their importance. The 10 most influential positive words and their weights from
the weights_ dict are presented along with the caption "The 10 Most Influential

Negative Words:" using the sorted function and a for loop. The words are listed in

decreasing weight order. The 10 most influential negative words and their weights
from the weights_ dict are presented along with the title "The 10 Most Influence

Positive Words:" using the sorted function and a for loop. The words are listed
in ascending weight order. (see pseudocode Listing A.2)

The appendix contains the output of each model. A table and graph are used to
display the results. (see results of research Figure A.1, Figure A.2, Figure A.3
Table A.1)

The examination of the most significant words reveals important details about
the lexical traits that are crucial in determining the emotional tone of remarks.
This will be helpful for the developient of new methods for the study of emotions

in texts as well as for further refining categorization models. This allows for a
rasp of how textual information relates to emotional content thanks to

greater g
he most influential words and their impact on prediction. This

the findings about t

vt
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could be beneficial for future study and method development for understanding

emotions in text.

4.3 Adding a recommendation system to the web-
site

After all the data adjustiuents, this model was posted to a nearby website for

testing. The trained SVM was then added to the Django project in order to be

used for book suggestions.

1. Created a new Python module for the Django project, recommendation.py.

9 1In the recommendation.py file, put the commands used to preprocess the

data and train the SVM model.

3 A pnew function that will take user input and return book suggestions has

been added.

4. saved the recommendation.py file and sent it on to the Django project’s

views.py file.

5. Imported the get_book_ recommendations() function from the recommen-

dation module
created a view that would deal with the user’s request and use the SVM

model to obtain book recommendations.

7. In urls.py file, include a path in the suggested view.

8. Created a recommendation.html template that will show both the results of

the recommendations and the user input form.

In the recommendation.py file, defined the get book _recommendations(user)

function that will use in view to get book recommendations. Define a

get_ book_ recommendations(user) a function that accepts an input object. then
tion to determine their favourite languages and genres. After
ach to annotate the amount of likes while
mments, and the presence

get the user’s informa
that, use the filter and annotate appro
filtering the books depending on these preferences, co
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of likes. Then arrange the books according to the quantity of "likes"and "positive
comments"in descending order.

After that, registered new users on website, for each of them indicating their
preferences regarding the genre and language of books. The first user chose the
genre "7Keke gamy" (self-development) and the language "Russian"as preferences.
This indicates that the user prefers to read Russian-language literature on the
topic of self-development. The second user, on the other hand, chose the genre
"Tlenxonorus" (psychology) and the language "Russian". He values psychology-
related books, and he also likes to read in Russian.

Users can utilize the relevant functions and models in the Django project to
acquire book recommendations that fit their preferred genre and language using
information about each user’s preferences. Each user will be able to benefit from

tailored hook recommendations and take pleasure in reading books that suit their

interests and tastes thanks to this.

Recommendation book

Marua ytpa

7 HaBLIKOB BbICOKO3IQGEKTUBHSIX NHOAEH
Borateii nana, 6eAxsti nana
User: Rustem Byab nyuweii Bepcueit cebs
AOywman » Goravent
Cwna ponm

Staff
MoHax, KOTOpbIiA NPoAAn cBok «geppapu»

Figure 4.2: Book recommendations for the first user based on his preferences

Recommendation book

Moaco3Harue MoXeT Bcé
Mapbea MeHblLE, XnBu Gonbwe

Kak 3aB0eBbiBaTh APY3ed U OKA3bIBaTe BAMAHUE HA noaen

User: Nurtas Buifian 13 3016 KoMdopTa

Xouy v byay: NpyHats ceba, nomobnTs XKU3Hb ¥ CTaTh CHACTAKBEIM

Figure 4.3: Book recommendations for the second user based on his preferences
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As you can see from the figure 4.2 for the user who chose the genre "ZKexke
namy" (self-development), the website provided 7 recommendations from a total
list of 15 books in this genre. The first book recommended was “Marust yrpa” (The
Magic of the Morning). Considering that it has 4 positive comments and 4 likes,
this book was chosen as the first suggestion. 2-3 people liked and commented
on the remaining recommendations. Some of them also received ecriticism and
disapproval, which may have lowered their ranking on the list of suggestions.

As a consequence, the website offered tailored suggestions for a user interested
in self-development, taking into consideration the quantity of favorable remarks
and likes for each book. This enables the user to choose the appropriate books for
their reading needs and self-development by providing recommendations based on

the popularity and favorable reviews of the books.

For the user who chose the genre "ITcuxomorusa" (Psychology) in figure 4.3, the
website provided 5 recommendations from a total list of 11 books in this genre. The
first hook recommended was “Tlojncosnanue moxker Bee” (Mind power). The first
suggestion was made for this book because it has received 4 positive comments

and 5 likes. Additionally, the remaining suggestions received 2 to 3 likes and
comments. Some of them also received criticism and disapproval, which may have

lowered their ranking on the list of suggestions.

As a result, the website offered tailored suggestions for a user with an interest in
psychology, taking into consideration the quantity of favorable remarks and likes

for each book. This enables the user to choose the appropriate books to study
psychology and satisfy their reading demands by providing recommendations

based on the popularity and favorable ratings of the books.



Chapter 5

Discussion of results

The four machine learning models compared in the study were SVM, Logistic
Regression, Random Forest, and Naive Bayes. The objective of the study was

to determine the best practical model for classifying comments into positive and

negative groups.
Following training and testing,

f classification predictions for comments.
rrectly categorize both positive and

in mind that the results could vary

the SVM model outperformed the other models

in terms o It had excellent recall and

accuracy, proving the model’s capacity to co
negative comments. It is imperative to keep
based on the precise activity and the data used.

For a more in-depth examination of the commer
nt in each comment. This a
distribution. Future work with data and model
e analysis of this kind of data.

Furthermore, the importance of words for model predictions was looked into.
had the biggest influence on model

made a list of the words and phrases that
s makes it simpler to understand whether particular character-

discriminating between positive and unfavorable
useful for the models and their

jts, a histogram was made that

shows the word cou llowed for the measurement of

comment length and word count,

optimization may benefit from th

predictions. Thi
istics or words are important in

responses. In the future, this information might be

interpretation.
Overall, the research’s conclusions corroborate the SVM model’s capacity to dis-

tinguish between positive and negative comments. It is critical to remember that
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the model to apply and the pertinent qualities to identify depend on the specific
task at hand and the data being used. The results of this study can be applied
to user evaluation analysis and the developient of more precise and potent rec-

ommendation systems.

Some keywords were discovered during the investigation of word importance for
model predictions that significantly affect whether comments are categorized as
positive or negative. In negative comments, the words "teM" (too much), "yrnama-
ne1"(did not like), "6omxamapt" (predictable), "enmenmmi" (size) and "namap" (bad)
were identified, which are found in many negative comments, and all the models
that were tested are highlighted as important.These lines perfectly express the
comments’ displeasure and critical tone. Their existence reflects dissatisfied users
and negative sentiments. It’s noteworthy to see how these terms were all emphasized
uniformly across all models, highlighting their potency and significance in identifying
key statements. On the other hand, the words "xepemer" (amazing), "xxaxcer”
(good) and "yuauper" (liked) were identified in positive comments, which all examined
models emphasized as crucial for predicting favorable remarks. These words convey
pleasant emotions and user enjoyment. Their inclusion in the comments confirms
the good tone of the evaluation and affects how supportive comments are perceived.
Analyzing such keywords aids comprehension of which specific terms are essential

in the classification of comments. This information may be used to enhance the

model further and gain a better grasp of the important factors influencing user

input.
In addition, it is important to note the presence of the word "emec" (not), which
can significantly change the context of the sentence and affect the classification of
comments. For example, if we consider the phrase "2Kakcbl kitan"(good book), it

ays : . "
will be considered as a positive comment. However, if we add the word "emec the

phrase "2KaKchl KiTall emec"(not a good book) will be perceived as a negative

comnent. Also vice versa "2KamaH xitan"is a negative comment, but if we add
the word "emec"for example "2Kaman xitan emec"(not a bad book) then this is
mment. The word "emec"has a strong negative connotation
tence. Its existence denotes hostility
e a crucial indicator of

already a positive co
and can change the meaning of the entire sen

toward the thing or thing in question. This word may b
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unfavorable comments in the context of comment analysis. Given this aspect, it
is crucial to account for contextual changes brought on by the term "emec "Wh,.ile
developing a model for comment classification. It is important to pay attention
to how it affects the model’s predictions and to the likelihood that, if any, the

context and tone of the comments may change.

To determine the effect of the word "emec"on model predictions, it is possible
to use a method based on the creation of distinctive features or the modification
of data.

One approach is to incorporate a special feature that will indicate the presence
of the word "emec"in the comment. To do this, used the CountVectorizer() or

TfidfVectorizer() method with settings to count individual words, including "emec".
Then add this feature to the feature matrix before training the model. (see figure

5.1)
vectorizer = Tfidfvectorizer(ngram_range=(1, 1), token_pattern=r’\b\w+\b|emec")

Figure 5.1: Adding a word to the method that it is taken into account in the

prediction.

In this algorithm, TfidfVectorizer() will take into account individual words,

including "emec". The feature matrix X will then get a feature indicating the

presence of the term " emec". This attribute is taken into consideration during the

model’s training and prediction processes.
This conclusion emphasizes how important it is to look at word ¢

contextual interactions in addition to single words in order to classify comments
onal undertone of users’ perspectives.

ombinations and

more properly and understand the emoti
which is also a part of the Kazakh language,
ce, in lengthy comments that span
he book in the first sentence while

The word " nerenver" (although),

might alter the sentence’s context. For instan
two or more phrases, the user may condemn t
the first sentence’s criticism, the word "ngeren-

ven"in the second sentence might modify the context of the comment and draw
ive and positive aspects. This is s0 because the

d is frequently used to introduce

praising it in the second. After

a contrast between its negat

word "nerenmen"has the opposite connotation an

information or arguments that are in opposition.
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In example, when a user in the first sentence criticizes and describes the negatives
of the book, and then begins the second sentence with "nerenmen"and proceeds
to describe the good points, this can create a contrast effect and change the
overall perception of the comment. The word "zeremmen "emphasizes that despite
the criticisms in the first sentence, the second sentence will bring out the positive
aspects of the book This use of the word " nerermen"helps to balance the statement

and demonstrates that the commentary is not entirely negative, but contains both
positive and negative opinions about the book. This makes it possible to present

a more thorough and impartial point of view on the subject at hand.
Understanding how words like "merenmen"are used in context will help you better
grasp how to read comments and how different word choices can change how

statements are meant to be taken emotionally.

Thus, research related to the words "emec"and "geremmen"will enhance the
recommendation system by increasing its sensitivity to user demands and preferences.
This will enhance the suggested recommendations’ quality and relevancy, resulting l

in a more positive user experience.
The examination of user preferences and the results of the recommendation l

experiment can be used to note the following:

Genre "2Kexe gamy" (Self-development):
Of the total list of 15 books in the genre of "2Kexe namy 7 books were recommended

for the first user. The first recommended book was "Marus yrpa"(Miracle morning)
with 4 positive comments and 5 likes. 2-3 people liked and commented on the
'remaining recommendations. A few of the suggested works received criticism and

disapproval.

Genre "INcixonorus" (Psychology):
Out of a total list of 11 books in the "Ilcuxonorus"genre, 5 books were recommended

for the second user. The first book recommended was "Iloacosnanue moxer

Bee" (Mind power) with 4 positive comments and 5 likes. The rest of the recommendatior

also had 2-3 likes and cominents.
An study of these statistics shows that the recommendation system takes into

account the quantity of positive comments and likes for each book. Users can now

get personalized recommendations based on their preferences and interests.
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To provide clients with personalized recommendations, the recommendation system
was successfully developed, tested, and implemented into the website. In order to
evaluate the system’s functionality and its ability to take into account positive
comments and the quantity of likes, we created two new users and gave them the
option to choose their preferred genre and language. Using the selections made at
user registration, the system provided recommendations.The algorithm utilized
by the system looked at every book that was available in the selected genre and
language while also considering how many positive reviews and likes each book
had. The machine ranked the suggestions based on this data, showing customers
the books with the best ratings and likes at the top. New users might then get
recommendations that are personalized for them and take into account the positive
reviews and preferences of prior users. This will enable users to rapidly find

intriguing publications that have garnered interest and positive reader evaluations

in the past.
By employing comments and likes as system recommendation components, it is

able to take into account both user preferences and the consensus among readers
on the book. This improves the quality of recommendations and makes it easier for

consumers to select books they will like based on popularity and positive ratings.
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Chapter 6

Conclusions and future work

6.1 Conclusions

A recommendation system for an online library was created as part of this project

using machine learning and data analysis techniques. The study’s goal was to de-

velop a useful recommendation system that could offer consumers tailored book
endations based on their interests and an analysis of comments and likes.

recomm
uage were gathered

Data about books, users, and comments in the Kazakh lang
during the study. Several techniques were employed for this, including data from
libraries and well-known people, a Telegram bot that produced remarks in Kazakh,
and data from libraries. Users selected reading preferences for genre and language
upon registration, allowing recommendations to be generated with their prefer-
ences in mind.
Using Sentiment Analysis techniques, the obtained data were pre-processed and
split into positive and negative remarks. The sentiment of the comments was then
predicted using a variety of classification models, including Logistic Regression,
Random Forest, Naive Bayes, and Support Vector Machine. The Support Vector

Machine model has the highest classification accuracy result (95%) when compar-

ing the outcomes of the models, proving its efficacy in foretelling the sentiment

of comments made in Kazakh.
A histogram was created to count the words in the comments as part, of the data
analysis. Positive comments contain more words than negative ones, according
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to the histogram. Along with ten words for both positive and negative remarks,
the top 20 words that had the biggest impact were highlighted. For each model,
particular words were compared. The peculiarities of these termms’ influence on
prediction could be shown by comparing them across several models [24].

The research also found that there are words in the Kazakh language that can
change the context of a sentence, such as "emec"and "merenmen". This was taken
into account when designing the recommendation systein to prevent misrepresentatior
of comment values. Added these words to TfidfVectorizer() and CountVectorizer()
methods so that these words are taken into account when predicting.

A comparison with the feedback of actual users was conducted to assess the
validity of the model results. The comparison revealed a match between user
reviews and the SVM model’s predictions, demonstrating the efficiency of the
recommendation system.

The research shown that the Support Vector Machine model and the created
online library recommendation system are extremely accurate and can successfully
propose books to the user while taking into consideration their preferences and

As a con
were used to include the recommendation system into the

(genre and language)
created website. Two new users were created and assigned reading genre and

(« ’ 9 5
srences, 7 books were recommended for the “2Keke namy (Self

language prefe
development) genre and 5 books for the "TTcuxomnorus” (Psychology) genre. Books

with the highest number of positive comments and likes were the first in the
recommendations. Taking into account the quantity of favorable comments and

likes, the website successfully recommended books, proving the value of the built

recommendation system.

The following outcomes of this investigation were attained:

{. The user’s preferences for reading genre and language have been taken into

account in the development of a recommendation system for an online li-

brary.
A telegram bot, data from libraries, and information from well-known users

were only a few of the approaches used to gather information about books,
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users, and comments in the Kazakh language.

3. To examine comments and identify their sentiment, Sentiment Analysis
techniques and classification models (Logistic Regression, Random Forest,

Naive Bayes, and Support Vector Machine) were used.

4. The recommendation system will use the most accurate Support Vector

Machine model, which has a 95% accuracy rate.

5. When data was analyzed using a histogram, disparities between the quantity

of terms used in positive and negative comments were found.
The most potent phrases that have a noticeable impact on model predictions

are included.

It was also made clear that there are terms in Kazakh that can alter a

sentence’s context.

8. Created and put into use a website with a recommendation engine that

successfully gives consumers individualized recommendations.

The research of user comments and likes served as the foundation for this

s research and development of an efficient recommendation system for

dissertation’
show that using machine learning and data analysis

an online library. The results
techniques enables the delivery of pertinent and customized recommendations

that take into account user preferences. The created technology has the potential

for real-world applications and can greatly enhance online library users’ reading

experiences.

6.2 Future work

3 creation of the recommendation system might cover
However, more research and

the following areas:

1 Increasing the study’s participant base and data set will enable more accu-

rate analysis and the formulation of recommendations.

9 Enhancing machine learning models with more complex algorithms and
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methods, including deep learning or neural networks, to increase the preci-

sion of predictions.

3. To accommodate a larger range of user preferences, the capability of the
recommendation system should be expanded to include other criteria like

the book author, user ratings, and other metrics.

4. Investigating the use of additional text analysis techniques, such as topic

modeling or sentiment analysis, to better comprehend the content of books
and user reviews.

5. To offer a more practical and intuitive user experience, user interface changes

and system optimizations have been made.

Testing the effectiveness of the recommendation system by additional study

and tests in various scenarios and languages.

The proposed recommendation system is a potential tool for online libraries

that can considerably enhance user experience and satisfy user needs, as can be
inferred from the findings and recommendations. This system’s future study and

ment could result in even more precise and pertinent recommendations

develop
e their level of

that take into account individuals’ unique preferences and rais

happiness with reading books.
Thus, the dissertation research on "Development of recommendation system for

online library" contributes significantly to both the creation of recommendation
systems and the study of user behavior in online libraries. The findings and
recommendations of this study may be helpful to researchers, developers, and

practitioners tackling related issues.

In conclusion, the creation of an online library recommendation system based

timent analysis and the SVM model is a significant step toward the cre-

on sen
experiences. This approach

of intelligent systems and the tailoring of user
e used in other fields as well, not just the library industry, where it is nec-
n the evaluations of users and

ation
can b

essary to make pertinent recommendations based o

a like/dislike system.
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Appendix A

Appendix

Listing A.1: The 20 most influence words for the prediction

Set an empty list called feature_names
Set an empty list called svin_weights
Set an empty dictionary called weights_dict

Set feature names to list of feature names obtained from

vectorizer.get feature_names_out ()
Set svm_weights to the flattened array obtained from svc.

coef .toarray ()
Set weights dict to a dictionary created by zipping

feature names and svm_weights

Print "The 20 most influential words for the prediction:"

Set sorted words to the list of words in weights_dict,
sorted by their values in descending order, taking only

the first 20 words

For each word in sorted words:
Print the word and its corresponding weight from

weights_dict
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Listing A.2: The 10 most influential Positive words for the prediction

Set an empty list called negative__words
Set an empty list called positive words

For each word in weights dict:
If weights_dict|[word] is greater than 0, then:
Append word to positive words list

Else:
Append word to negative_words list

Print "The 10 most influential Positive words for

prediction"
Set sorted positive_words to the list of words in
positive words, sorted by their values in ascending

order

For each word in sorted positive_words, taking only the

first 10 words:
Print the word and its corresponding weight from

weights_dict
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Top 20 Most influence words for SVM Mode!
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Figure A.1: Top 20 Most influence words for the prediction of the SVM Model

Top 20 Most influence words for MultinomialNB Model
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Figure A.2: Top 20 Most influence words for the prediction of the MultinomialNB

Model
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Top 20 Most influence words for Logistic Regression Model
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Table A.1: Research results table most influential words for prediction

Models Positive Words
SVM kepeMeT (awesome) 0.09107522535870648
ThiH, 0.060717484742525446
»akchl (good) 0.058282666431600696
yuanpl (liked) 0.04786075054444368
meni (me) 0.04146780101256813
rpunnepiik (thriller) 0.039181946680994256
bt (great) 0.03601023963397543
rakaitbin (amazing) 0.03229746319213919
cyikimai (lovely) 0.03221715071411773
Kaitreuel (sad) 0.032202413436524455
Logistic Regression KepemeT (awesome) 0.5050926123848026
Meni (me) 0.25923679396779313
xaxco! (good) 0.22678988389950344
~  roH, 0.20804214070902619
rpusanepaik (thriller) 0.17482103607435304
acep (effect) 0.16752868491675885
cyiikimai (nice) 0.16685636152892308
kitan (book) 0.15844974583307192
yanr (great) 0.15733187075195731
kitantsl (book) 0.1553806010803329
Models Negative Words
SVM yraMans: (didn't like) -0.13429501878408734
xenereri (the future) -0.061783627391424255
tast3 (shallow) -0.05812047538614953
KpI3bIKCHE3 (boring) -0.04536975780441565
emec (not) -0.04378601863906304
Gomxananl (estimated) -0.0423126255776497
onma -0.038141456521928616
oM (t0o) -0.038035722380839854
kipe (input) -0.03747320253921703
exmreMIi (size) -0.0359262022706327
Logistic Regression Yuamaze: (didn’t like) -0.2913357129391812
ThIM (£00) -0.23923679396779313
Tas3 (shallow) -0.22678988389950344
ormxans! (estimated) -0.2250930820069513
emec (not) -0.19779787576739197
skypex (heart) -0.17701996409640824
cesimre (to sense) -0.17701996409640824
" pamap (bad) -0.1745529791762287
OHIIA, (SO) -0.17029593483891384
ourmrenli (size) -0.17010131735642617




