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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, comments 

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- 
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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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Anuatia 

Byx quccepraiua onan KiTaicxava YUH ycbIHbIc 6bepy 2«yliecin asipmeyre ap- 

HaJiraH. SepTTeyHi, MaKCaTbI - %KawapTbiFaH KiTall YCbIHbICTAPbIH KAaMTAMACbI3 

eTy YH MaiiqaaHyUIbl Wikipjlepi %eHe KalayllapblH ecKepeTiH THiMfi 2xoHe 

*KeKeNeHAipiIreH YCbIHbICTap 2KyHeci Kypy. PK yMBICTa MastiMeTTepii 2*KHHay Ibi 

opTypmi oficrepi, coHbIA iMinye Ka3ak TUNHZe Mikiprep *HHay YINIH TeerpamM 

6oTLIH Maiiwatany 2KoHe TaHbIC KONM{aHylbilaplan akapaT 2kuHAay KapacTsipbl- 

nran. Mogenbaik oKbITY Yulin Ka3ak, Tiingeri 330 nikipyen TypaTHIH JepeKkTep 

SKUHAFbI 2KACaJLUI, ON KOHLI-KyH fi Tasfay oficTepit KON aHy apKbIbI OH 2KaHE 

repic nikipmepre 6esiH Al. Kenin-Kyiiti Tayay YUH opTypi *KikTey yrisepi nait- 

TanaHbuigsl, conbIH iminge Jloructukanbik perpeccus (Logistic Regression), Kes- 

neticok opMaH (Random Forest), Hats Bafiec (Naive Bayes) »xeHe Tipex Bextop- 

JIbIK, MalliMHaJlap (Support vector machine). Tipek BekTOpJIbIK MauruHa (Support 

vector machine) Mogemi 6acka Mojielbsepsen acpin rycerin 95% ex 2orapbI Jan- 

ikke KOJI 2KeTKI3AI. 

ConbimMeH KaTap, PucTOorpamMMaHbl Tal alaha OTHIPHIM, MiKipNepy Talay OF Tikip- 

neple aleTre repic mikipmepre KaparaHjia KeOipek ce3szep Gap ekeHiH KepcerTTi, 

oy emkell-Temkellli 2keoHe MaSMYHJPI WosyapAbI KepceTeml. Ocep eTeTin ce3zep 

MeH co3 TipKecTepiH aHbIKTay OKbIPMaHJapAbIH, KITANTBIH Kanyalt actekTinepin 

GaralaitTbIHBIN TYCiHyre MyMKiNwiK 6epai. Osipnenren Kenec Gepy rxylieci on- 

natin Kirairxana BeO-cafiTpina 6ipikTipimren. Exi xaHa MaliqaranylIbl KYPbILAbT, 

oslapra KaJiaraH *KaHpliap MeH TIIAepM Tatyay MyMKingiri 6epingi. 7K ytie xexe 

yCbIHBICTap 2Kacay yw epoip KiTankKa KaTbICTbI OH Tikiplep MeH yHaTylapaBi 

nati aan ABI. By Tacit naliqananylibliapra e3yepiH KBISbIKTEIpraH, OypbiHHaH 

ranpiMa Gosia 2KeHe Oacka OKbIPMaHapyaH OH Mikipjep ayiraH KiTaliTapLDpl



2KbIIIaM Tabyra MyMKinwiK Sepexi. 

By 3epTreyHitt 2KeKeJIeHIpiIreH YCbIHbICTap Ka2KeT OHaliH KiTaixaHama 

Oacka mlaTdopMamapaApl osipleyllinep VI0iH MpakTUKaJIBIK casapbt 6a, " Oom 

2KYMBICTBIH HeTWKesepi MeH KOPbITBIHAbWapbl YCbIHbIMAap 2*Kylieciv sant 4 i . 

MbITy MeH 2KeTiIZipyue MatijaaHbuiybl MyMKiA, Oy Nati jananyubuiapra ssa _ 

KOpCeTY CallacblHbIH apTybIHa 2KaHe OAPALIH KAHAFaTTAHYLIbLIbIFLIHBIY, soryema 

oKesleni. 

vi



AHHOTAaluaA 

Jlanuas qvccepTaitua nocBamena paspaborke pekoMeHLaTesIbHOU CUCTEMBI As 

onnaitn-Ouomuorexu. Ler uccneqopaHusa — co3jaTb scbdekTMBHY!0 UM NepcoHnasiu- 

3upoBaHHylo cucTeMy peKoMeHalMil, KoTOpad YIMTEIBaeT NpeMMOUTEHMA TOb30- 

paTesieti, KOMMeHTapHH Ha. Ka3aXCKOM A3bIKe H IpeqMOyTeHHa, YTOObI MpesocrTas- 

JIATb AKTYAJIbHbIe PEKOMEHAallMH TO KHVTaM. B pabore paccMoTpeHbl pa3.IM4HBIe 

MeToB cOopa JaHHbIX, B TOM “McCue MCHOAb3OBaHHe TeerpaM-OoTa [1d reHe- 

pallu KOMMeHTapHeB Ha Ka3aXCKOM ASbIKe M cOop HHdopMallwu OT 3HAKOMBIX 

nonb30BaTese#. Cosqan HaOop AaHHBIX, cofepxkamit 330 KOMMeHTapHesB Ha Ka- 

3aXCKOM ASbIKe Jia OOyYeHUA Moye, KOTOpbIit Obi pazyeseH Ha NoOKUTEMb- 

HbIe M OTPUIUATeIbHbIe KOMMeHTapMM C MOMOMMIbIO MeTOAOB aHaiu3a HacTpoeHuit. 

JIna avanv3a HacTpoeHMit UCHONBIOBAJINCh PasIM4Hble MosesH Kaccuukallun, 

B ToM unce JlorucTudeckad perpeccua7, Cryyaiinpiit nec, Haupupitt Battecopckut 

mero u Merox, OMOpHEIX BEKTOPOB. Mojiesib MalMHBI ONOPHBIX BEKTOPOB JOcTur- 

na HauBbiciiet TouHocTu 95%, Ipessokiaa Apyrue Mogesn. 

Kpome Toro, aHaJIv3 KOMMeHTapHes C TOMOMN{bIO THCTOTPaMMBI NOKA3aII, ITO To10- 

*KHTeIBHbIC KOMMeHTapHN OOLIYHO Cofep2KaT Goble COB, YEM OTPKLUATeIbHLIe, 

uTo CBHeTeNbCTBYeT O Gosee MOApOOHEIX M MH*OpMaTHBHBIX OTSEIBAX. Barap- 

NMATCIBHIX CHOB MU pas NOSBOMMNO MOHATb, KAKMe acileKTbl KHUT Le- jleHue B 

onp30Baremu. Paspab6oTaHHas pekoMeHyaTebHad CHcTeMa HHTerpHpoBana HAT I 

B caitT OHaitH-OMOMMOTEKN. Bait CO31aHbI Ba, HOBbIX MOJIb30BaTeIA, KOTOPbIM 

6piia TpeAOCTaBIeHa BOSMO*KHOCT BLIOUpATh MpeANOUNTAeMble 2KaHPbI MU ASbI- 

xu. CHCTeMa MCIONb3OBasIa MOOKUTEMbHBIC KOMMEHTApUy V jwlahku, CBA3aHHbIe 

c Kaxkiow KHUTOH, NIH CO3qaHuA MepCoHasIMsHpOBaHHbIx pexomennzauni. Taxott 

ONXOL, NOSBOMAeT MOMb3OBATEIAM 6bICTpO HaXOAMTb UHTepecytoliMe HX KHHTH, 

vil



KOTOpbIle y2Ke MOJIBSOBaJINCh NOMYJIAPHOCTbIO MW NOTYAHIIM NOJIOHKATEIIBHbIe OTSbI- 

BbI JIpyrux wATaTeseli. 

ro uccteqoBpaHve MMeeT MpakTuYecKoe 3HateHue WJId paspaOoTuHKoB OHJaliH- 

6u6mMoTeK MH Apyrux maTdopM, rye TpeOyioTcH NepcoHasbHble peKOMeHallun. 

PesyibTaTbl MU BbIBOZEI ZaHHo paborsl MOryT O6bITb HCNOJb3OBaHbI IPH Dastb- 

nelimieit paspa6oTKe H COBepIIeCHCTBOBaHHH PeKOMCHAAaTesIbHbIX CHCTeM, UTO IpH- 

BelleT K MOBLIWeHMIO KavecTBa OOCYKUBAHUA MOMb3OBaTeNev UM MOBBITIeHHIO 1x 

yHOBJIeTBOpeHHOCTH. 
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Abbreviations 

SVM Support Vector Machine 

mySQL Structured Query Language 

TF-IDF Term Frequency-Inverse Document Frequency 

1X



Table of Contents 

Declaration 

Acknowledgements 

Abstract 

Anwgatia 

AHHOTAauMa 

List of Abbreviations 

1 Introduction 

1.1 Recommendation in real life ........000202. 

1@ Wie wremmeetddtionagion................ 

14 Pendliarieatith WHAWNe DfEE .....cees.ccccc.... 

LA Significance of thestudy ...........-........... 

Te eee 

2 Related work 

91 Recommendation system .......2.2.~,2..., 

ee 

3 Method and Materials 

31 Creating a website with Django ......200~0~0~.. 

ty Tia . <x ac ecxameneseamenenccenn.... 

oc Gite CMMI oo co ne oe eee cchccce....!. 

Vii



- . es £ « © & 8 © = 2 om fe ey ee ella 

3.5 Pre-processing ................0-002...., 

3.6 Sentiment analysis. ...........0..2000000~0~0@0202- 

3.7 Models ...........0--00-0-0--0000000000020 

3.8 Evaluation... ........2.0...0.0.2.2...... 

4 Experiments 

4.1 Comparison of models... ........02022.. 

4.2 Identifying words with the greatest impact on prediction . . 

4.3 Adding a recommendation system to the website .. . . 

5 Discussion of results 

6 Conclusions and 

G.1 Conclusions 

6.2 Future work 

Reference 

A Appendix 

Abstract 

future work 

Xi



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]. 

Sometimes 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 

‘na 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 

‘¢ wore important: having a super smart algorithin 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
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1.2 What is recommendation system 

According t te phos. 7 
. 1@ to a user’s choices, interests, and behavior, recommendation syst 

are informati 
. the « Reads . Ndabvion systems 

nformation systems that offer individualized recommendations. T! 

widely en ‘ - . _—_ s. they are 

y employed in many different industries, including social networks, st 
a ‘s, stream- 
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including products, music, movies, and books. Collaborative filteri ; : . ering, content 

filtering, hybrid methods, and machine learning are just a few of the Lift : i , > JUST : » dilterent 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 eae 
Works are 

to read before bed or finding a movie to watch on the weekend w ul - as 

without a recommendation 
system [3]. Without a recommend: _ 1 be difficult 

would spend 

ation system, we 

fit from recommendation systems to promote and sell their products 
a 10 iF ot time E 5] A 4 kL es 

today bene 

The examination of user preferenc R es and how they compare to those of : other user s 

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

and entities, 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 SIs -Dasec s 
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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 algorithms 

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 

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

ich and choose the appropriate information while access to vast volumes of 
see 

lata is getting easier and more common. The online library is one place where 
ca iS 

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

tailored to their likes and interests, a good recommendation system for these li- 
ral Bee Jit ’ 

praries can significantly enhance the user experience. 
o ny ! - 
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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 comments 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



to choose a language and genre during registration, on the basis of whi 

initial user profile will be created. The system will then utilize senti me the 

techniques to examine user comments and determine whether the ment analysis 

unfavorable. This will enable the system to consider user vreferences or Bove or 

them with books that suit those choices. To estimate the sopularity : — 

among users, the system will also consider data on likes and dislikes ok vn 

a high number of likes and favorable reviews will be highlighted wh ooks with 

with low numbers of likes, dislikes, and unfavorable reviews won't 7 reas vos 

User preferences, comment analysis, and like/dislike data will all be son _ 

to create the final suggestions. Users will receive pertinent and oieaatey 

recommendations as a result of the system’s ongoing updating and adapt ized 

their evolving preferences and inclinations. As a result, there are veveral . ve 

to creating a recommendation system for an online library based on "ona ts 

and like/dislike systems. By making personalized recommendations and assi fe 

users in finding new authors and publications that appeal to their vnterest me 

will enhance the user experience. Additionally, the recommendation sleorith it 

helps to boost user engagement with the online library. Giving users accur . 

ommendations makes it more likely that they will stay on he 
and pertinent rec 

onger to look up new books and writers. More page views, download ? 8, 
platform | 

and eventually greater user engagement and satisfaction result from this 

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

a recommendation system. The system will gather data on reader oreferences, 

comments, and responses to books, which will be analyzed and important date 

about reader preferences, popular genres, literary trends, etc., will be extract i 

This data can be utilized to construct marketing and promotion plans as w i 

as to enhance the book catalog and schedule events. Overall, creating an onlin 

library recommendation system based on reviews and like/dislike systems is 

crucial step in giving readers a tailored and enjoyable reading experience Users 

will be able to quickly identify books that suit their likes and learn about new 

literary works thanks to this method. Additionally, it can aid in boosting use 

activity, gathering beneficial data, and develop the library platform. 

Additionally, it presents options for enhancing the caliber of recommendations 

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

5



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 

a 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 in 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: 

e 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. 

e Development of recommendation algorithms: The development and imple- 

mentation of recommendation algorithms based on the evaluation of user 

comments in the Kazakh language and the like/dislike system. The user 

choices they set upon registration, such as language and reading genre, will 

be 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 algorithm 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. 

e User Experience 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. 

e 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 ! | se of sentiment analysis techniques and machine learning models in reco 
oe of : ysis : m- 

mendation systems for online libraries has been the subject of extensiv ] ject of extensive research. 

Chis section will discuss This section will discuss some of the most important pieces of research on tl he 

subject. 

2.1 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 a ht 

proaches. The authors begin the article by providing a summary of the ‘ el 

and responsibilities involved with recommender systems, including stile Ff ion 

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

ditionally, they outline the primary categories of recommender systems, includi bh ooyobll Dy . lading 

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

give a brief summary 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 it functions, and discuss its benefits and drawbacks. The writers al L¢ s. ers also 

go throug 

ations. Then, Adomavicius and Tuzhilin think about potential upgrades and : cS Ane 

h numerous metrics and techni YOU: rics echniques for measuring t q measuring the quality of recom- 

mend 

additions to the techniques used by current rec : ecommender systems Th : 

aie . Lhey examine 

1SS1 es LKe la J€ SCc G rV, cc iy c¢ a) fers ed int 11 an y it at a] t] y 
| | » { 11 l € Jio5 4%. OL Ihe 10 é d _ . ] V C LS ) ad 3 e 

ie



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 recommendations. 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 

involved in determining item similarity, choosing the most comparable objects, 

and producing user recommendations. The authors compare their strategy with 

ig collaborative filtering techniques while also conducting trials on actual existit 

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 

several 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 
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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] introduce 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 
| ' 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 

f, lanl eX a mies custom I prefer ence nD anc prod et J if ibutes using mw 5 ch : ] 19), e 

fie = 4 

| u abt 

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

ct features and purchasing context, it creates justifications for why a specific 
11 AF bral wd 5 f : 
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product is suggested. Users can better grasp recommendations and make knowl 

edgeable purchasing selections thanks to these explanations. The | ‘ esi 

and functioning, including data collecting and processing = a 8 design 

explanation generation, and suggestion giving, are described ee =e 

incorporation of explanations in a recommender system, according t ' : . 

tal findings, considerably raises user satisfaction and seats heen . So 

educated selections while making purchases from an Stati ee “os 

useful for e-shop developers who want to raise the standard of come . 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’ ao EXT'S 

; : ‘ . . . 

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 caset 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 
sa % 3 reca. 3 

and F-score. The study’s findings demonstrate that the model, which account aid ¢ nts 

for topical traits and sentiments, performs particularly well when it comes t f te ne) 

text review emotiona 

sentiment while presenting intriguing research findings and a novel method ethoc 

| 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 peu Je tht 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 , Th dnNal- 

are compared. Se 
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vats ceeanpes are presented and contrasted by the authors, including logistic 

regression, support vector machine (SVM), naive Bayes, and —— f til 

authors evaluate the benefits and drawbacks of wadh basin ue and = The 

ments regarding its efficacy in determining the tone of the bent, . ues: 

findings demonstrate that, depending on the text’s kind and the ' | . ee 

several text sentiment analysis techniques have advantages and ran a 

For instance, Naive Bayes may be better suited for some a7 ern 

whereas Support Vector Machine (SVM) works well in the overall . a _ 

per offers insightful comparisons of various machine learning-based re he 

text sentiment analysis. It can be helpful for text panto toes eon to 

and developers as well as applications in recommender systems ron Tous . e sen- 

timent analysis is a crucial component for producing pertinent and individuali 

recommendations. 
aaricnaame 

The following article [13] represents a significant contribution to the field of 

sentiment analysis. Liu gives a thorough explanation of the want a ; 

cedures employed in this book to analyze and draw out sentiment = ~ - . 

a. The author also takes into account related activities like 4 
from textual dat 

meut classification, emotion extraction, and figuring out a text’s subjectivity. L 
sR ctivity. Liu 

continues by introducing several sentiment analysis techniques, such as lexi 

imethods, machine learning, rule-based models, emotion es techni OP ats 

others. He outlines the fundamental ideas behind each dtratag a4 te 

trations of how each can be used in practical situations. In addition to di 7 us 

the futur 

o discussing 

| study and de | t l fi Id f she } 4 ! es 

and pr 

Opinions, 

thorough overvi 

field and can be used as a resource for information and direction for creatin | 
ating and 

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

ew of the key approaches, methodologies, and difficulties in thi 
: ila 

J “his 

implementing sentiment analysis models and algorithins in a variety of context Ntvexts. 

One of the most often referenced papers in the area of opinion and sentiment 
Y OCI nN 

analysis is the paper [14]. The main approaches and procedures for assessi 
a ny ass essing 

opinions and seutiments are reviewed in this article. The authors dis t] thors 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 summary 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 aims 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 models 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 
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| 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 

31 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- 

databases 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 

+ language: Language +__str__: String 

+ comment: Comment 

+__str__: String Comment 

Language +name: string 

BookLike + emal: email 

; + name: String + 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. 

Model "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 "base.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 "book_ 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 "ike 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 "search.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, coin- 

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. 

Scikit-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 hased on user preferences: Use user preference data, such 

as likes and dislikes, to 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 comments. 

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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hancing recommendati ‘i , g tion system efficiency, and enhancing recommendation qual- 

ity. 

Therefore, the creation of the website using Django and its continuous enh 
| | ance- 

ment with the functionality of the recommendation system will allow custome , rs 

of the online library am effective and customized selection of books 

3.2 Database 

One of the most well-liked relational databases for storing and managing struc 

tured data is the MySQL database. The MySQL database is crucial to the 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 make 

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

columns that describe its structure and properti : properties. These are the database's 

contained tables: (see figure 3.2) 
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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. | 

"catalog _ profile" table (User profile): The user table and this table are connected 

udes user information, such desired genre and language. 

"catalog _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- 

n sific . j 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 "catalog _booklike" (likes /dislikes): includes information on reader prefer- 

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

tion. 

Table "catalog _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 
e Creating tables: 

columns and data types) and connections (primary and 
their structure ( 

foreign keys). 

e 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 

ap 

propriate tables. 

e D -W ‘on j . 
ata Update: When information in an online library changes, such as wh hen 

new s are 5 books are added or users post comments, data update operations are 

performed to update the database to reflect the changes 

© Data Retrieval: Data retrieval operations enable the selection of data fr 

a, database based on predetermined criteria. For instance, we can vet wove 

all books in a particular category or comments exclusively for a cif 

book. The retrieved data can be utilized for statistical analysis serform 

operations relevant to the functionality of the recommendation system and 

displaying recommendations to users. 

Django integration with MySQL database: 

Working with a MySQL database is made simple by Django. Utilize Django’ 

. . . 
. , 0 

ORM (Object-Relational Mapping) to build data models that correspond bo the 

layout of the database’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 

33 Data Collection 

The practice of gathering information for use in research or other objectives i 

Py 
one 

. 

1S 

known as data collection. In addition to information about user preferences and Ot, Tere S n 

s, it also covers the collecting of numerous sorts of data, including word ? r 8, 

action 
d video recordings. The development of a recommen- 

numbers, photos, audio, an 
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ae ae for an library depends heavily on data collection, which is a 

crucial step in research. It involves gathering, setting ing r 

data needed for modeling and ioe The i an i wee 8 : 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. | 7 

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 athe’ 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 

books. . 

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. \ 

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 so, the recommendation system is guaranteed to reflect the 
librarie 

actual tastes and interests of users, enhancing its usefulness. 

Personalization
: 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. iduz er pr " Jual user preferences enable the system to recommend tl 

pertine plicati - ° ent publications, enhancing user engagement and enj memes 

calability: Large | a hsca amounts of informati ation can be h 

: . ‘ 
andled by ing 

collection techniques arta ali es. ; . a i. 
ques. In the case of an online library, where a sizabl ' : able amount of 

{ ‘ t ce Oce; ¥ 

this is particularly crucial. 

Disadvantages of data collection: 

Effort and cost. a | ost: Data collection can be labor-intensive and expensive in t 

oth time a a 
. 

ye in tern 

an ie and money. For instance, gathering information from physical as of 

(OT 
Whrarl 

“ 

Ysical sour . 

ike bookstores and libraries necessitates traveling to several place urces 

i 
: 

. : 
‘ “¢ 38, contacting 

with employees, and planning the information collection. It can tak _ 

money and time to do this. 
- it can take a lot of 

Data quality: There are dangers related to the quality of the data wh 

: a 
' 3 

p 

= ) 
i a 

: i 

collected utilizing various techniques. For instance, when utilizing b oa en it is 

ee all ots to create 

. a9 Ww ich (0) in 

pede the effectiveness and precision of the recommendations [17| 

Resti 1C ; ! 
to dat 2 AY 4 16) 5 ©) a cess 0 d 1 

ess dl c c in O1 a * 

circumstance 

duce the volume and diversity of data tl 
? J i er ay } ; iat can be gathered a 

: red and reduce the study’ » St ys 

overall efficacy. 

1 4 ources i y anes 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 QED 

comments and gath 

1iques, information on books, authors : 
s s, genres, and user prefer eferences as ¥ ‘ vell as 

er data from bookstores and libraries. With the use of t] se of these 

tech 

roughly 330 co 

Bi 1 es 7 h 1 al V W 1 2 Cc a € ct 1 

coments, which i 

setting. The gathering of information f 1 from physic: cal sources enha: 
; 

neces the 

mments in the Kazakh language were gathered 

oO t € 0 bn J a cher a W ide 
oO 

li y 

s crucial for creating advice that is suitable for this particul ular 

cultural 

1¥ q rket | 2 e5 pec oO p a - y a d € hi = f T Cc ) { ’ ob i¢ rds lk al oO ¢ | 

lection Process. 

zs kk 

The use of consents and collecting consents from users ensi ry 0 L ‘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. 

It 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. simp! 

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 customisation 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 is a crucial component of research since it offers insightful knowl- 

edge tor comprehending and analyzing the gathered data. To extract meaningful 

results and reac 

stical interpretation of data [4]. Data analysis is crucial for comprehending h wise conclusions, it requires the processing, visualization, and 

stati 

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 Thidf Vectorizer
() and Count Vectorizer () TyidfVector. 

One of the methods used 

izer() enables the use of the term-frequency-in
verse document frequency approach 

af



° ee text data to numeric vectors. By considering the significance of t 

| nis te oe vetiction impact on the overall collection of socuments, 

vere text data prediction models. Count Vectorizer(), nevertheless trans- 

ata into vectors based on a count of the frequency at which each ter m 

0 ; ; , 
ecurs. 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 
sse sis is crucial to develop? ing the recomm i endation syst em 

for an online library. It aids 1 ini 7 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 tim : - 

Thesis also heavily relies on the optimization of data analysis. used a V vote a 

and procedures to enhance the analysis’s efficiency and v vcon, Date 
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 a further component of optimization. imple d 
7 

. mente 

Naive Bayes, Support Vector Machine (SVM), Logistic Regressio ? - Sion, 

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 into ac- 

nt. MySQL was used to store the data, and tables indexes, and queries w 
’ Caer) , 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 

artitioning, 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 of =relces . i 1 i ir J 
a 

ligently on this data are all made possible by data analysis 

Tl i é 1e quality of models can be evaluated, and experiments can be ru run, as part 

of data analysis for theses 1 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 
| ‘ 2 performance of 

the models, including accuracy, recall, precision, and F1 score. Finding tl i : s . ng the best 

algorithms and methodologies will b i (6) o 
» V Cc Mmparin met rics acro 

o 58 Many 

models. 

Experiments and Improvement of Models: To find the ideal model configurati guration, 

researchers tested with a range of methodologies, parameters, and algorith Ps ) TI ms. 

This could entail adjusting model hyperparameters, employing ensemble tect 

niques, or adding further characteristics to enhance ateitotion a 

Model Validation: It’s crucial to test models on a different data set (the validat at ; validation 

sel ) from i Ee O e us d O od | tra . im ae ie ie ih V 

well the model generalizes and predicts using new data 

Further directions of research: It is possible to offer further study directions aft 
J ns alter 

the data has been analyzed and a recommendation system has been developed 2 eloped. 

Sis f t h : . seeks to FIVE W eb i er, e c1ise 

[ his ( ny > €asl 5 us e€ i 

ence, and the effectiveness of the recommendation system 

Create a chart showing th 

the positive and negative comments. Start pre-processing after that. D 
Aw , a SS, ata 

e ratio of positive to negative comments after first sepa 

rating 

preparation for sentiment analysis comes after data analysis. (see figure 3.3) lysis. (5 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: seat 

step. It covers os : a, analysis, pre-processing is a crucial 

seniges Jop clesatng and rat a cai to prepare text data for subseque 

algorith | : come ting it. Several methods were empl | . - 

alg | m to preprocess the input, including removing punctuati ployed in the 

text’s case, and utilizing the Count Vectorizer() and Tietenlaliveat ce the 
‘ vzer() to turn the 

text 1 * TOY xt into a vector form. (see pseudocode Listing 3.1) = aia 

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 a ist 

uation: Code uses the regular expression 
Removing punct 

cc 
? ~ 

re.sub(r’[*\w\s]’, ’’, comment)’’ to edit comments to ent remove any > any punc- 

tuation. This ¢ his enables the removal of superfluous symbols that have n 5 t oO semantic 

meaning and may skew the analysis’s findings 

Lowercase: Code utilizes c : 
: , utilizes comment.lower() to low owercase every word i > eve ord in order t . bo pre- 

serve uniformity and eliminate case differences. This enables the s 
| 

s the same-character 

but different-case terms to be regarded as synonymous pater 

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

izer() methods to convert text data to vector representation. Th ‘fidf Vector- 

torizer() converts e€ 
a e Count Vec- 

of each word in the comment. Tifidf Vectorizer() transforms co : 

TF-IDF 
8 comments using the 

the word's rele 

ney within the comment. 

g: The StandardScaler is used by code to apply feature standard 
-AbUTe Staldard- 

=f : . > unts 

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

vance within the context of tk > COHLEAL che full remarl mark corpus as well i s 1 as its 

freque 

Feature scalin 

and normalize the 

he influence of outliers on the analysis’s finding 
aS. 

ization 
values of feature vectors. This equalizes the f 

and lessens t 

S the features 
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sly “ecisi : he effectiveness and precision of sentiment analysis are enhanced by the 1 f 
. 

, nce she use o 

varlous - i i ist 1 : ious pre-processing techniques. They assist in bringing the data to an easy-t 
er . 

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 1e 

sentiment of comments. 

3.6 Sentiment analysis 

— ten : 
Sentiment analysis is a text analysis technique used to identify the emotional ; e J 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 : srOUs 

fields. such as social media, marketi : o— 
’ keting, product. evaluations, political analysis, 

and others, might benefit from sentiment analysis. The capability of sentiment 
i 

5 Net 

analysis to automatically process massive amounts of textual data and extract 
. ; 

wc Tac 

emotional information 1s one of its main advantages [ 19] Companies and o i 
, 3 [Lo]. reani- 

1 use this to assess user attitudes and opinions from a variety of source dl ’ 5, 

including, social networks, forums, blogs, etc. Determine public perception of 
, ; O a 

or event dotig eentinianl Analyele £0 ake better Dusiiens decisions 
he RL YET Se lines REYES? al restric bios and Oraasbacl ia i 

Ha AA RAPRS- Fe fata (Ores trios thl'. 4! 

zations Cal 

mood, service, 
Of}, ne 

ae aa ater unity iii EAC Shietiols itt the test ts 

It might be challenging to determine the exact tone, particularly when there 

in. irony. aubiguity, or poor grammar, Additionally, sentiment analysis 

Sie SF LHe PFIHIATR- is 

sles. 

is sarcas 

can be sensitive to con text and culture, thus outcomes may differ across languag y du Toss languages 

and cultures. 

assess the tone of user comments in an online library, sentiment anal al- 
In order to 

ysis is crucial in the co 

nts as positive or nega 

ree commendations 
aud directing users bo tle most pertinent books. 

However, it's also critical to focus on the moral implications of sentiment analy- 

safeguarding user ¢ 

-aform judgments [19]. These factors need to be considered 

ntext of dissertations. This makes it possible to categorize 

saline tive automatically, which is helpful for producing 

be. ag lata priv: sis, such as privacy and exercising caution when using the 

analysis’s findings to 1 

and investigated im the dissertation. Overall, research on sentiment analysis offers 

] ‘ 
1 « j > hrs Diy ce 

. 
Ly 

applications for enhancing an online library’s recommendation system. Modern 
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machine learning techniques and technologies are used to assess c 

nel atid categorize it into positive and negative alig pete oe 

potential for furthering the development of sentiment maida - ee dela 

atid of include new settings and ethical sasideationa it - on ane sig- 

discussed. We’ll also look into the phrases that have the bigg 7 ne artic 

predictions. 
| Sgest Impact on model 

The initial stage in training sentiment analysis models is to create a list wi 

that indicates the emotional tone of remarks, with positive con te a list with data 

(+) ean negative comments denoted by (-). The labeled ro a he 
by 

of this list, serves as the foundation for developing and testing at oe 
Bb shine learning 

eel wat 
ay syata 

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 asa distinet , 7 . e€ i 

dataset, sentiment analysis algorithms are trained to "understand" a = 

to detect the emotional undertone of text. Gi ‘ok heel ; . Give the model clear cues as to the 

emotional tone of each comment as you mark up the data. This aids tl 

hil; 
" 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’ iti } nt’s positive emotional 

tone if it recognizes that it contain siti : 

6 ains positive words, phrases, or expressions 

Because they give the? 

texts, labeled datasets are an important tool for training sentiment l , analysis 

c { { ie 1 ) 

nodel context for how to discern between positive and n i F eg- 

ative 

models. 

nificantly impacted by 

and robustness of the trained model, it is crucial to label data consistent] 

objectively. You 

ly and 

analysis models. 

fiers or neural networks, to extract text . 

: 
big xtual properties rties and create 1 ate models 

can utilize a labeled dataset you've created to develop sentiment 
nok i 

‘men 

This information will be used by machine learning model 

' 
els, such 

as classi 

that can automatically categorize fresh texts accordi 
; : xts according to their emoti ir emotional tone 

It’s crucial to keep in 

training of sentiment analysis models [2¢ ] WI 1s [20]. When developing senti , g sentiment 

mind that using and producing a labeled dataset is just , is just one 

step in the 

there are additional factors to take into account in additi wicition to 

analysis models, 

al 

Data pretreat 
‘ ts 1 Cc | f A nu “ z Ve I 7) } oces Pe d ima OT cle { ste e { 

elements. 
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J _! n @) ! c 

models. Punctuati Si suation, § : , stop words, and word normalization (such as ki s making all 
fo} 

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

creased and noise elements that can skew analytical vesults ne : ee 

pretreatment. Additionally, picking the right model or algo 2 reduced by data 

‘sian The sentiment analysis problem can be solved on 7 vat for training is 

learning techniques, such as linear models, decision trees : i mina t 
, naive Bayes classifiers, 

a rt T i id © | ] 4 
t 

‘ g§ disa = 

vantages of it 
; 

; ges of its own, and the best model to choose will rely on the particul 

an liti 
‘ 

ticular nee 

qualities of the data. The emotional sentiment of comments 
eeds 

was examined 

using 1 ing Fane 
g machine learning techniques and classification models in the dissert he dissertation 

Senti is entiment Analysis of Comments In an Online Library. Additionall 

fox ior . : _. ; j 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: s also be taken 

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

ol emotiona (OTLe i is C. ucial f ¢ us h : ak a } la ) she da a i di 

lack variation in data may be unreliable or unstable 

To determine the model’s performance and quality, evaluation and testi 

ae : — seal 7 - sting are al 

important addition to training the model [20]. Utili 
g are also 

. Utilized criteria lik e€ accuracy, 

recall, F1-score, and 

fit can accurately cat 

s or techniques. 

member that the sentiment analysis model will need t 0 

r *1S101 2 , i hi 3 T 
precision to achieve this. The model can be ev. ed t 2 evaluated to see = Sse * 

ate} 7 
oy eae * 

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] senti ime . A sentiment analysis 1 nt analysis model must | Lea pe 

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 ne . 

‘ , expressions, and circumstances because 

n are , MY Changing This e 1 
5 : 5 Can sntail retraini 24 lIning: 

the mo 

portant to note 

lysis models. 

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

sentiment ana First of all, data markup can take a while ; 

; 

. especi: 

e 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 

it, 1 seu J 4 it a nalysis. Di e rent r aud r Te 
| time! . vie. ry Witerpret i 

issue W 
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tone differently, and some comments may contain a variety of tones or ph 

_ 
rases 

that are difficult to categorize clearly. Due to this, sentiment analysis is uncertai 

ys , 
; 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 , ’ 8 

and idioms to describe different emoti 
ws 

tional states. Because of this, it’s crucial to 

consider these linguistic and cultural variances while creating sentiment analysi is 

models. 

usion, using Jabeled 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 as 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 nega 

The column on 

f the word distribution of comments is provided by tive remarks. the histogram will be greater if the remark has more 

words. A visual depiction © 

the word count histogram, 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 may 

can help discern between positive and negative 

by comparing th 

we discover that t 
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reflect a more in-dept aust 

content of the aa description of a pleasant user experience. The cont 

| nts should be taken into account when evaluati ontext and 

out data, among other things. Word count is - uating the word 

assessing sentiment; other aspects of the text, such as ex prc one factor in 

i factors, should also be taken into account eal Wi one 

histogram is a further tool for data analysis in the ae 
ee count 

general. This method makes it feasible to evaluate the ei Ca thesis, in 

omments in sev- 

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

content. 

Let’s exami ine how the comment word count histogram is applied i ‘ in a partic- 

ular scenari 
; 

so as one of the data analysis techniques used in dissertati 
; rtations. The 

word co istogré unt histogram offers details on the word count distribution i 

Ae 
! in comn 

sian 

nent 

les visual evaluation of which comments have larger or short i 
eS er contents and enal 

his is a handy tool for investigating textual data aud spotting potential bia pe ; spot ential pat- 

terus or peculiarities in a group of comments. By examining the hi a 

possible to ascertain the typical wo d iti aie rd count of positive and negative ss o =. : sae tie ga con 

and investigate var ‘ations in the distribution of comment length bet ee i ) at ' length between various 

ositive comments, for instance, may contain more words on average 
o>? 

categories. P 

e longer and more in-dep -depth assessments. Negative rem s. Negative r ° arks 
} 

indicating that they ar 

on the other hand, might be shorter and use fewer w 
pute 

ords. The analysi nalysis of the word 

count histogram can al 

the results, it is important to take 1 > into account fe ; features or flaws i : ws in the 

} 
7 OF ou k ] e 

J. ae h da a n 
e "dete e 

analyzing 

data, which may 

Note that the word coun 

merely offers generic information about the length of com 
comments. It 

be indicated by comment i aL} s with very fev y few or very many J : words. 

t histogram does not consider the content or context of 
xb O 

comments; it 

s in conducting 

road understandin 

in the positive and negative c . ategories wer ‘ e compared using : Ing 

assist a primary analysis of the data and acts as a suppl 
tS aS a SU p emental 

tool for a b g of the word distribution in the comments. TI . The 

th of comments 

‘ 

il tion ol co Yr 1 4 J al gtl 5 al a é fas] “aD 

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

a commen 

variations 11 the dist 

statements. (see figure 3.4) 

might have longer
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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. 

ag shown by the histogram. 

procedures were ca sried out after ar 
, after analyzing analyzing the word 

Positive comments typically contain more words than 

negative remarks, 

The following analytical 

count histogram: 

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 aVOY- 

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

ascertain how long 

distribution 

ve comnments call be 

ges, Wee search for variations in the distributional c 

Comparison of 

able and negati 

ar word count ran 

ence of peaks, OF outliers. 

It is possible to determine the typical length of cor U 
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 

10)



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: 

o = pO + blzl + p2x2 +... + bn*xn 

where b0, bl, b2; --» bn - model coefficients (weights), x1, x2, ..., xn - values of 

independent variables. 

Application of the logestec 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*(-z)) | 

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, b1, 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 logistic regression. 

Random Forest is 2 machine learning approach that addresses classification 

group of decision trees. To obtain more reliable 
and regression issues by using 2 

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 @ 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 
a | 

projected for each new observation. The 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. Outliers 

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 Forest 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: 

"). 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 impa 

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, particularly 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 

‘nations 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 aim 

Naive Bayes typically nee 

eous when there is aS 
be advantag 

Support Vector Machine (SVM) is a potent machine learning method 

that handles classification and regression issues. In a multidimensional space, 

SVM creates @ hyperplane or group of hyperplanes that effectively separates data 

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

Following are the Support 

separabilety- 
Fin 

| 7 

Maximum sep goal of SVM. An N-dimensional
 space has a (N-1)-dimensio

nal 

ere N is the quantity of features. To maximize 

ding the best hyperplane to maximally divide the two 

data classes 18 the 

subspace called a hyperplane, 
wh 
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the "classification gap," also known as the distance (gap) between two clas 

SVM looks for such a hyperplane. 
™ 

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. 

5: 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 generalizing 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 to the split boundary as a result, the tech- 

ent against outliers in the data. 

Efficient in High-Dimensional Spaces: SVM effectively manages the "curse of di- 

mensionality" and cam 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 

5 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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Describe al mtr é od and introduced each model separately howe r for del j EVE * model training § 

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 seething pases pr SEF aoomiiny 

it offers a variety of tools and methods, such as classification olin, = 

ing, dimensionality reduction, data preprocessing, and Ames 3] au Ce 

The scikit-learn library’s primary characteristics and elements vd litad % 

Machine learning models: Scikit-learn provides implementations of mes rps 

chine learning models, including closest neighbor algorithms, support ee on 

chines, decision trees, random forest, and gradient boosting model wana 

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

able, such as feature sca 

dimensionality reduction, and others 

is 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 
oO 

Choice of mode 

searches, and model performance ¢ 

lear 
7 

1 ie } 1 s ] c ¢ 
. . 

Tr - for o the optimal model ar 
1 provides for choosing t I id fine-tuning its parameters. 

ation: Scikit-learn offers measures including es including accuracy, 
Model Performance Evalu 

recall, F1-measure, standard error, and more for assessing the performance of fi ance o 

models. 

Text data processing: Scikit-learn offers a variety of methods for processing text 
i 

4 
(=) 

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

rectors, and others. 

ensible package, Scikit-learn makes it simple to incorporate 

this [23]. 

> libraries: Other well-liked Python data analysis packages 

5 are integrated with Scikit-learn. As a result, iaealins 

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 matrl 
data arrays, operat 

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

; _ dawiinone crs 
Convenient user interface: sc nine learning 

easy to use, making it convenient for machine learnimg newcomers to utilize the 

se, models and study data because many methods 

to put uP 

1 ,ndersta
ndable parameters.

 
package. It is simple 

and classes have simple a" 
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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 learning models, as well as related tools and libraries, 

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

tools employed. 

Logistic Regression: 

Library: sklearn.linear_model 

Model: LogisticRegression 

Used tools: 
| | 

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

matrix of counts. 

StandardScaler from sklearn.pr processing: Scales characteristics to improve model 

performance. 

Random Forest: 

Library: sklearn. ensemble 

Model: RandomForestC
lassifier 

43



Used tools: 

Tfidf Vectorizer from sklearn. feature_eztraction.text: Converts text data to nu- 

meric features using TF-IDF. 

Star ' ¥ Mi Dreproc a . Boyt Bh A. ens * 

tandardScaler from sklearn.preprocessing: Scales characteristics to improve model 

performance. 

Naive Bayes: 

Library: sklearn.natve_ bayes 

Model: MultinomialNB Used tools: 

CountVectorizer 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.svm 

Model: SVC 

Used tools: 

TfidfVectort 

meric features using TF-IDF. 

StandardScaler from sklearn. preprocesst 

zer from sklearn. feature_extraction.text: Converts text data to nu- 

ng: Scales characteristics to improve model 

performance. 

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

lems involving natural language processing. The "Term Frequency-Inverse Docu- 

ment Frequency" (TF-IDF) 

c vectors, is the foundation of this system. 

approach, which enables text data to be represented 

as numeri 

TF-IDF Weights: 
TfidfVectorizer() determines 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 Seat in this 

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

Converting text to 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 used 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 flexibility: 

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. 

Tfidf Vectorizer(, ) 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 classification 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 Count Vectorizer: 

Term Frequency Count: 

Count Vectorizer() the number of times each term appears in the text. Based on 

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 a result, the text 

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

each column represents @ phrase. 
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Converting text to numeric vectors: 

CountVectorizer() 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: 

CountVectorizer() 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. pipeline. Pipeline: A device for building pipelines, models, and chains of 

data manipulations. 

preprocessing. StandardSca
ler: 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 TfidfVectorizer) with models (eg LogisticRegression, Ran- 

domForest Classifier, MultinomialNB, SVC). Pipelines made it possible to train 

models and convert data systematically. Several models, such as LogisticRegres- 

sion and RandomForestClassifier, used text data preprocessing with Count Vector- 

izer or Tfidf Vectorizer. CountVectorizer 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. 

5 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 t! 

text categorization problem are presented in this section. Several metrics ne 

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 
— 

s : 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. 
a 

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

e precision _ Score: This statistic assesses how well the model predicts a posi 
oa 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 ‘h, 
situ- 

ations when reducing false positive predictions is crucial. 

Precisi TP 
recision = ssp 

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 ot 

correctly classified positive and false negative samples is used to compute 

it. It is helpful in situations where it is crucial to reduce the number of 

unfounded negative forecasts. 

TP 
Recall = ————=;; 

TP+FN (3.8.3) 

. . . 
s ac 

° an 

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 
nt t. 

-s into accoun 2 - (Precision - Recall) 
Precision + Recall 

F1-score = (3.8. 4) 

These metrics were calculated using the corresponding functions from sklearn. metri 

such as accuracy_score, precision_score, recall_score, fl_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, Naive 

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 fi_ 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 avoiding overfitting. Next 

known machine learning models that were appropriate for our 

rt Vector Machine, Logistic Regression, and Random 

he models were trained using the proper learning 

effectiveness 

we chose a few well- 

task: Naive Bayes, SUPP° 

Forest. During the experiment, ¢ 

methods on the training set. 

The first time, the models were trained immediately without the aid of any 

As an illustration, early training without TfidfVectorizer() and 

The text was not tokenized, the words that had no special 

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 on 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 on a 

test sample, and the following findings were found: accuracy was 83%, precision 

was 81% percent, recall was 95% percent, and the F'l-score value was 86%. These 

results demonstrate the model’s successful classification of comments. 

After that, the model for logistic regression was trained. The accura cy, precision, 

recall, and F1-score values were as follows after the model had beep trained and 

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

Regression model performs in terms of classification accuracy and recall. 

: . as examined. Accurac 2cisi ba 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 Naive 

Bayes model displayed good accuracy and accuracy, but slight loss in recall, 
ad 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 SVM model performed well, with good accuracy, recall, 

and F1-measure values. (see table Table 4.1) 

the Fl-scor 

respectively, 

y of various machine learning algorithms y 

Table 4.1: Comparing the accurac 

Algorithm Accuracy | Precision | Recall | F1-Score | 

Random Forest 837% si 95% Ca 

L istic Regression 887% ae 06% aia 
ogis ; — 88% 90% 88% 3797 

|__Naive Baye’ 
“88% | 37% | 

According to the results, it can be said that all four models did a decent job ecording 
| 
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of sorting comments into positive and negative categories. The SVM model, 
however, demonstrated the highest precision, recall, and F1-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 F1-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 Bayes SVM 

Figure 4.1: The comparison graph of classification models 

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

compare classification model pe 
| 

ment in which four different models—Rando
m Forest, Logistic Reg eaton, Naive 

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 an experi- 

Bayes, 

shows the values of the m 

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

for each metric, and the dots on the lines correspond 

to the values fo 

colors are employed. 
ur 

by red, and F1-Score by p Math ; 

' 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 be- 

longs to which 

each model yields uni 

Forest. offers somewhat | 

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 them. 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 

when contrasting the model results with human assessments.People were given 

remarks as part of the exP 

ing to the models. The ail 

mndcate whether they thought it was favorable or negative. 

People found it challengin to Pip ‘ ~ " anes content of many 

comments while analyzing them and to cece fewest Positive and negative 

tuations, the comments frequently fell into the category of 

In these s! h comments are uncommon, they are intriguing because 

| nuances that are 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. 

neutral. 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 to develop models that most faithfully represent human 

preferences and judgments may find this information to be helpful. On the other 

side, a comparison to assessments from the general public can also highlight vari- 

ations and disparities between model predictions and actual perceptions. This 

might be a sign of the challenges and constrain’s models 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 gatherin 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. 

] comp 

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

The capacity of the models 

g of 

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 
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be considered in future researc ij lered in future research. For instance, new studies might be conducted 
with a wider range of participants and more evaluation comments. 
FE in Py ] . - - ea 2 . 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 

is to forecast the likelihood that an observation belongs to one of two classes. it A alk, 3 : 

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. 

In 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 
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it in the feature_names 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 — 
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 posttive_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 positeve_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. 

Thig will be helpful for the development 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 

r 
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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 adjustments, 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. 

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

data and train the SVM model. 

3 A new 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.himl 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 "?Kexe 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 

"TIcuxonorus" (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 book recommendations and take pleasure in reading books that suit their 

interests and tastes thanks to this. 

Recommendation book 
Marua ytpa 

7 HaBbIKOB BbICOKOSMPeKTHBHEIX NOLEN 

Boratsi nana, Gequetd nana 

User: Rustem ByAb ayuwer Bepcved ceba 

Aymaii wv Goratert 

Cuaa Bonn 

Staff 
Moxax, KoTOpsii4 npogan caol «peppapu» 

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

Recommendation book 
Nogco3Hanne MoxeT BCE 

Mapeca meHbule, xKHBM Gonbwe 

Kak 3aBOeBbIBaTb APY3eH M OKARbIBATb BAWAHHE Ha mogev 

User: Nurtas Boigu 13 30HbI KoM@opta 

Xouy v byay: Npwnate ce6a, nomoGuTb KV3Hb M CTaTb CHACTAMBBIM 

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 "?Kexe 

namy" (self-development), the website provided 7 recommendations from a total 
list of 15 books in this genre. The first book recommended was “Marus ytpa” (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 criticism 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 selfdevelopment, 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 "IIcuxonorua" (Psychology) in figure 4.3, the 

website provided 5 recommendations from a total list of 11 books in this genre. The 

first book recommended was “Iloxcosnanue Moxert sce” (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 oO 
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 

its, 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 development 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 "Tsmm"(too much), "yHama- 

mi" (did not like), "607xamapt" (predictable), “exmemyi" (size) and "Hamap" (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 "Kepemer" (amazing), "2xaxKcpI” 

(good) and "yHassr" (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 "2KaKcbt Kiran" (good book), it 

AA . ‘ " 

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

phrase "?KaKcb! KiTail emec"(not a good book) will be perceived as a negative 

coment. Also vice versa "2KamaH Kivamt"is a negative comment, but if we add 

the word "emec"for example "2Kaman kiran 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 twhile 

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 c 

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 "nerenmen" (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 "yereH- 

men"in the second sentence might modify the context of the comment and draw 

ive and positive aspects. This is so because the 

d is frequently used to introduce 

praising it in the second. After 

a contrast between its negat 

word "nereumen"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 "nerenmMeH"and proceeds 
to describe the good points, this can create a contrast effect and change the 
overall perception of the comment. The word "zerenmen "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 "zerenmen"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 "Zereumen"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 "yereumen"will enhance the 

recommendation system by increasing its sensitivity to user demands and preferences. 

This will enhance the suggested recommendations’ quality and relevancy, resulting | 

in a more positive user experience. 

The examination of user preferences and the results of the recommendation [ 

experiment can be used to note the following: 

Genre "Kexe yamy" (Self-development): 

Of the total list of 15 books in the genre of ">Kexe gamy 7 books were recommended 

for the first user. The first recommended book was "Marua ytpa" (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 "IIcuxonorua" (Psychology): 

Out of a total list of 11 books in the "IIcuxonorua"genre, 5 books were recommended 

for the second user. The first book recommended was "IloqcosHaHme MoxerT 

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

also had 2-3 likes and comments. 

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 terms’ 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 "zereumen". This was taken 

into account when designing the recommendation system to prevent misrepresentatior 

of comment values. Added these words to TfidfVectorizer() and Count Vectorizer() 

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 

ct j 4 a 

srences, 7 books were recommended for the “?Kexe amy (Self 
language prefe 

development) genre and 5 books for the "Ilcuxonorua" (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: 

1. 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 

5 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. 

2. 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. 

A. 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 svm_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 

72



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 Model 

014 

O12 

010 7 

P| 

& 008 
2 

= 

A 006 

004 

002 4 

000 | 
rf} a —! Ca] e = 

ah eae eS GBR 2 SESE SE EE 
z “8 ¢T &@ of =& 3 8s 2 uw § 2 ¢ ¢ 
3 ¥ te} a 2 a 5 = 
Pf c a 3 5 2 & = 

8 e 8 2 

a 
Words 

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 KepemerT (awesome) 0.09107522535870648 
THIH 0.060717484742525446 

»aKce! (good) 0.058282666431600696 
yHagpl (liked) 0.04786075054444368 

meri (me) 0.04146780101256813 
Tpussmepsik (thriller) 0.039181946680994256 

yatpt (great) 0.03601023963397543 

raxalibm (amazing) 0.03229746319213919 
cyliximyli (lovely) 0.03221715071411773 
Kalirpiampt (sad) 0.032202413436524455 

Logistic Regression Kepemer (awesome) 0.5050926123848026 
meni (me) 0.25923679396779313 

ykaxcpt (good) 0.22678988389950344 

—~ pH 0.20804214070902619 

Tpusnepmik (thriller) 0.17482103607435304 
acep (effect) 0.16752868491675885 

cyitkimai (nice) 0.16685636152892308 
kitam (book) 0.15844974583307192 
ynsr (great) 0.15733187075195731 

Kitantsr (book) 0.1553806010803329 

Models Negative Words 

SVM yamamer (didn’t like) -0.13429591878408734 
xenemteri (the future) -0.061783627391424259 

vaa3 (shallow) -0.05812047538614953 

KbI3bIKCEI3 (boring) -0.04536975780441565 

emec (not) -0.04378601863906304 

6omxamEr (estimated) -0.0423126255776497 

onmta -0.038141456521928616 

thm (too) -0.038035722380839854 

Kipe (input) -0.03747320253921703 

enmiemyi (size) -0.0359262022706327 

Logistic Regression Yuamagt (didn’t like) -0.2913357129391812 

TEM (too) -0.23923679396779313 

raa3 (shallow) -0.22678988389950344 

6omxKaspr (estimated) -0.2250930820069513 

emec (not) -0.19779787576739197 

sxypex (heart) -0.17701996409640824 

cesimre (to sense) -0.17701996409640824 

“wamap (bad) -0.1745529791762287 
outta. (so) -0.17029593483891384 

emuemsi (size) -0.17010131735642617 


