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Abstract 

The primary objective of the dissertation work was to extend and combine 

the hypothetical and useful information picked up in the learning procedure, and 

use them to research recommendation systems, in order to simplify the search 

for supervisors and students in areas of interest . To accomplish this objective, 

data was collected from different universities supervisors of Kazakhstan in the 

feld of Information Technology. The object of study is to develop a system of 

recommendations based on the data of supervisors. As a result of the dissertation 

work, a research was conducted among clustering algorithms. The peculiarity and 

reliability of the obtained results is justified by the correlation between the rules 

ly accepted standards of programming, consistency with the claims of and general 

the development environment and the technologies that were used. 
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AngatTia 

JivccepTalMAsIbik 2KYMBICTHIH, Heri3ri MaKCaTbI OKY Mpouecivye aviraH Teopu- 

AJIbIK, KOHE MIPaKTUKAJIbIK 6imiMsepiH TepeHyeTy 2koHe HbIFaliTy »«oHe OsapIbI 

YCbIHbIMJap 2yleci 3epTTey YIWIH Naliwaany, KbISbIFYLUbVIbIK TAHbITATbIH CaJla- 

Jlapla 2KeTeKUIIep MeH CTYMCHTTePAl i3yeyAi *KeHWIyeTy SOomgb. OcbI MaKcarKa 

ery yulin _Ka3saKcTaHHbIH opTypsli yHuBepcuTerrepivi aKMapaTTbIK TeXHOVIO- 

russlap CaJIacblH Jarl *KeTeKMIepiHi, JepekTepin *AuHay OpblHaybI. Seprrey 

o6pextici — 2eTeKUWinepgin Aepextepi Herisinge ycpinEIcTap »xyiecin osipzey. 

TiucceprauMasiblk 2XYMbICTHIA HOTWKeCIHDe KlacTepJiK aJITOpUTMep apacina 

3eprrey 2KYprisiviai. AnbIHFaH HOTWDKeJIepAIH epeKIWeiri MeH CeHiMAri epexe- 

jlep MeH Oarmap/laMaJiay bi 2KAJTITpI KAObIIJaHFaH CTAHapTTapbl apacwinjarpl 

KOppeJIAUMAMeH, OHACY OPTaCbIHbIH TAIalTAPbIMeH 2KHE KOJINAHbWIFAaH TEXHOJIO- 

ruaslapMeH colikecTiriMeH Herisjesesi.



AHHOTAalMsA 

Kmrouesoit wesIbIo WuccepTaljMOHHOl Opiio yrayOneHue u yKpemieHue Teope- 

TMYeCKUX WM WpakTuyeckux MosHaHul, WpMoOpereHHBIx B Mporecce u3y4eHus, u 

UCHONbIOBAHME UX JIA UCCHEHOBAHUA PEKOMCHATEIIbHBIX CHCTEM , YTOObI yIIpo- 

CTUTb IOMCK pyKOBOLUTese u CTYZeHTOB B MHTepecyiommux obsacTax . [na j0- 

CTIDKeCHHA MOCTABJIEHHOM WeM Obi CoBeplieH COop JaHHbIX cynepBaitzepos c pa3- 

HbIx yHuBepcuTeToB Kaszaxcrana B chepe Mncopmauvonunix Texnonruu . O6bexT 
usy ¥en — paspa6oTaTb cucTeMy pekoMeH alu, OCHOBaHHY10 Ha JaHHbIXx cynep- 

paiizepos. B urore BbINOJIHeHUA AMCcepTalMoHHOw padoorTp! 6bivi0 NpoBeyeHo uc- 
cnejqoBaHve Cpe1M avITOpaTMoOB KlacTepusalun . Oco6eHHocTb u AOCTOBepHocTE 

IIpHOOpeTeHHBIX Pe3YJIbTATOB o60cHOBaHa COOTHOLMeHHeM MpaBusiam u Obmenpu- 
3HAHHbIM MepKaM IIporpaMMMpOBaHUA, COracoBAaHHOCTbIO C IIpUTA3AaHUAMH Cpe- 

bl paspaooTKH UM TeXHOJIOTMAMU, KOTOPbIe ObIJIM MCIOJIb3OBaHBI . 

vi



Abbreviations 

KNN K-Neighbors Classifier 

DBSCAN Density-based spatial clustering of applications with noise 

ML Machine Learning 

TF Term Frequency 

TDF Inverse Document Frequency 

CGPA Cumulative grade point average 

REP Reduced Error Pruning 

WEKA Waikato Environment for Knowledge Analysis 

ID3 In decision tree 
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Chapter 1 

Background and motivations 

1.1 Introduction 

The relationship between the supervisor and the student plays a critical role 

in achieving academic degrees [1]. A key factor in the effectiveness of scientific 

leadership is the ability of the supervisor to meet the requirements of the student 

and meet the expectations that students place on their supervisor. Mutual under- 

standing and harmonious interaction become integral components of a successful 

process. 

Academic supervisors perform various roles, including adviser, teacher, mentor, 

guide and critic[2]. They should be ready to help and support their students at any 

time, including the creation of a methodology, discussion of results, presentation 

and possible publication of dissertations. 

One of the most important tasks is to find suitable students and research su- 

pervisors to ensure effective communication, create projects and apply research 

methods. However, finding students and supervisors who have common inter- 

ests and goals is often a difficult task. We face difficulties in identifying suitable 

candidates in various places and areas where they show interest in research [3] 

Based on this problem, I decided to choose an algorithm of clustering for a 

tion system for finding students and research supervisors, which will recommenda 

be based on the analysis of similar interests. Our goal is to find an most efficient 

1



algorithm for recommendation system that will improve the search process and 

ensure successful cooperation between students and academic supervisors 

As part of my dissertation work, I plan to collect data from academic super- 

visors, including information about the problems they face when working with 

students, as well as the difficulties encountered in tracking progress 

1.2 Motivation 

From the moment I planned to enter the master ’s program , the problem of 

choosing a supervisor was one of my main tasks and . Increasing the effectiveness 

of scientific leadership is of great importance in the process of obtaining scientific 

degrees. The relationship between the supervisor and the student should be based 

on mutual understanding and satisfaction of the requirements of both parties 

As a student, I understand that the supervisor performs not only the role of 

adviser and teacher, but also is a mentor, guide and critic. The whole process 

starting with the development of methodology and ending with the presentation 

and publication of dissertations, requires the active participation of the supervisor 

and his willingness to help at every stage. 

For this reason, I decided to choose this topic for my dissertation work in 

order to conduct a study of the motivation of scientific supervisors and create an 

innovative platiorm based on the analysis of similar interests. In general, I believe 

that improving the process of scientific leadership, solving difficulties in finding 

students and scientific supervisors are important motivations in my dissertation 

work. 

1.3 Aims and objectives 

The main purpose of the research is to choose an algorithm of clustering for 

the recommendation system that allows you to find students and research super- 

visors specializing in the 

ious sources of informatio 

mmendation system for what helps to find a supervisor 

field of information technology. To achieve this goal 

vat n will be investigated. To find a simplified algorithm 

of clustering for a rece 

2



and a student with similar interests, a study of clustering algorithms will be con- 

ducted. The goal is to select the most appropriate algorithm that will effectively 

group students and supervisors based on their interests. To fulfill the purpose 

of the work, data collection of scientific supervisors from various universities of 

Kazakhstan will be carried out. The collected data will be analyzed to identify 

similarities and differences between the interests and achievements of academic 

supervisors and students. 

My goal is to create a system that will do things like: 

e Study of different clustering algorithms . 

e Collection of data from supervisors . 

e Analyzing data . 

e Choosing the most appropriate clustering algorithm for recommendation 

system .



Chapter 2 

21 Literature review 

Researches suggest that the recommendation system can be operated b 

an assessment of students’ interests and the scientific achievements of th ased on 

sor [4]. This approach is focused on choosing an academic supervisor we supervi- 

quality metrics and matrix normalization rather than presenting su using Scopus 

binations and without creating co-authorship networks. At the ea com- 

researchers were also taking into consideration the preferences of the s al abner 

[5]. Some supervisors do not pay attention to students’ background never 

ge, 

but others do. Consequently, the authors divided supervisors into th ree groups: 

"exploitation" group represents those who prefer to use their existing knowled 

while the "exploration" group represents those wh DOWAGUSE, 
o want to work with s omeone 

whose knowledge is somewhat different from their own, and a hybrid “mod 
‘ 

mo ” 

group. For each group there are content-based, collaborative filtering, and : mats 

recommendation approach, respectively. In earlier research, there vag ybrid 

: a similar 

approach that also contains three filtering techniques for recommender system | system [6]. 

They provided extensive categories for collaborative filtering that were divi 

into two: memory-based and model-based. Each one represents cimtisn iced 
. 

. 

a) 

5 formulae and learning algorithms. Collaborative filtering fa, usage 

Ts mostly of variou 

| recommendations because it bases 
Y 

s on object’s similari 
ilarity rather t1 an successfu 

milarity [7]. The authors propose a hybrid recommender system th yste at in- 
item’s Sl 

5 collaborative filtering W ith content-based filteri ering. The use of techni 4 hw OF niques 

tegrate 

like clustering, similarity, 

ations. There is @ proposal based on fri 
sed on friendship-b Iship-based recommenc °C nda- 

and classification incr eases the precisi cision and accu Iracy 

of recommend 

4



tion mechanism i : 
iat entice sao ean media platforms [8]. Authors proposed the syst 

coma tvcertstvaselzoe “ preferences of its users.. An algorithm for this ian 

rites tesell cas as _ ue using closeness measure as a friendship Siar ih 

msi westaeni elec the ve i, ormation of lei connected users. Authors vote 

omthves tonsa a " alnstney ee of their approach was giving the best result 

dent thesis proposals are _ oi Another study proposed a system where st 

sei aliemtentiele 
| = ed by the suggested system, which then provid 7 

recommendati 
upervisors in descending order of relevance [9]. The . some 

upload ‘ets hie " ali phases: indexing where each sqadees 

| , publications and recommending where the ust 

submitted thesis proposal of the student. It uses cosine init ing ses oO compute 

the relevancy in a vector s e @ pace model. The same m R ethodology in otl ier studies 

wee used but before using cosine similarity they applied the inve 
: 

rs : 

: ocu ment frequency (TF-IDF) word weighting to find the most infl er . 

‘n title and abstract text of the student research [10]. Both of tl eameeie . 1ese approaches 

were giving good results comparing the rec ommendations with tl 1e actual data. 

Some experiments demonstrated an utilization of three decision tree algori 

the higher education system, including J48, random tree, and on ta, in 

— 

} . a 

part of the data mining process, data preparation and pre-processi ree [11]. As 

: ing were done 

using WEKA, machine learning software i are in Java. In the first phase of the 
before 

proposed model, the three algorithms were appli 
’ 

pplied to the tar get dataset, and th , e 

generated decision trees are set to be compared to choose the best classi assifier. The 

chosen classifier is used to manage the student in selecting the major th r that would 

result in the highest cumulative grade point ave rage (CGPA) in the s ubsequent 

phase. Since using decision trees as a prediction model in recommend 
nder systen ats 

requires building a 

er to handle larger scales [12]. Their proposed algoritl am is re- 

algorithm [13] and uses the hybrid approach because tl 

‘ 
ause the mode 

As the authors introduce, the considerable difference . el 

rom 

large number of tre es, researchers pro posed a modificati cation to 

the model in ord 

lated to the ID3 

requires only one tree. 

the mentioned algorith 

satisfactory utility of the decision tree after experi 
perimental setups. A . A systematic 

researchers says that interest in development of e-learni _ of e-learning rec- 

m is in the leaf nodes of the tree. Proposed work unveiled 
veilec 

review from other 

stems is growing in recent years [14]. C ; 
— . Comparing different t ypes of 

ommender sy 
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approaches, hybrid recommender systems and approaches based on supervised 

and unsupervised learning have the highest percentage that shows how effective 

hybrid and machine learning-based approaches are. Authors call attention to the 

significance of joining different recommendation methods that tend to raise the 

quality of recommendations. Another way of recommending is to use the cosine 

method|[15]. Various aspects are considered, such as research interests, exper- 

tise, academic qualifications and accessibility. By incorporating these factors into 

the cosine similarity method, research demonstrates an integrated approach to 

providing accurate and appropriate advice.



Chapter 3 

Method and methodology 

231 Dataset collection 

As part of the thesis work in the field of IT recommenda tory systems, d , data 

collection plays a key role in understanding and analyzing user pref 

behavior. One effective data collection tool that can be a i crenees and 

oogle Forms. 

Consider the importance and benefits of usin g Google Forms in th e context of my 

research work. 

The first step in data collection is to form questions that will help t 

necessary information. Questions 
p to obtain the 

Forms for collecting information offers many advantages. Google F 

. : sein od 

e ro 

simple and intuitive interface that makes creating and sortianine rms has a 

surveys simple 

rs without programming expertise [16] 

can include various aspects. Utilizing Google 

and accessible for use 

ability and customizabili pility enable varlous 

Google Forms’ adapt 

add conditions, and modify access settings. This allo 
: allows you 

types of questions, 

to tailor the survey to your 

also facilitates the distribution of surveys. You can easil 
ye. ‘an easily dis- 

d r searcl ] e i ve 
a Ss. 

Google Forms 

tribute a survey link via email, social media, and other onli 
ner online platfor orms to your your 

s, This enables you to collect information from more parti articipants i s in 
respondent 

less time.



Automatic data processing is an additional benefit of Google Forms. It auto- 

matically accumulates and organizes data and makes the results accessible in a 

convenient format. This simplifies the analysis and interpretation of data, as well 

as the export of data for further processing. 

In addition, Google Forms provide online data access and storage. Your data 

will be stored in a Google cloud service, which ensures the security and availability 

of information from any place with the Internet. 

In order to obtain a fresh and relevant set of data on the parameters of super 

visors, such as age and general work experience, a survey was conducted among 

supervisors of different universities in the direction of IT of Kazakhstan 

Ne Questions 

What is your level of study? 

How long have you been a super- 

visor? 

6 How many PhD and Master stu- 

dents have you supervised in year 

(average)? 

Research area 

8 What problems did you have dur- 

ing the work with students ? 

9 What type of communication do 

you prefer ? 

1 Name Surname 

2 Age 

3 Gender 

4 

5 

~
]
 

Table 3.1: Survey questions 

able 3.1 Name, Surname, Age, Gender: These questions helped 
Based on the t 

establish the context and identify the supervisor . 

What is your level of study? This question helped to establish the qualifications 

of the supervisor, 45 it is an important factor in determining his competence in 

the field of IT recommen 

rvisor: this question helped you to assess his experience 

dation systems. 

Experience as 4 supe 

stability and level of knowledge. How long have you been a supervisor? This gives 

8



Table 3.2: Result of the survey 

Participants Quantity 

Supervisors: 100 

Students: 300 

an idea of his ability to provide individual attention to each student 

Research area: Study of the field in which the supervisor conducts research i 

the field of IT recommendation systems. 
- 

What problems did you have during the work with students ? This question 

will help to understand the various challenges that a supervisor may face, such as 

limited resources, technical complexities or communication problems 

What type of communication do you prefer with students (online, offline or 

hybrid)? The question will let you know what approach to communication the 

supervisor considers most effective in the context of IT recommendation syste stems. 

32 Using Google Sheets to analyze data 

ext of research, research analysis, sometimes referred to as data 

reviewing and interpreting gathered data in order to 

d make decision-based on evidence. In order to find 

In the cont 

s, is the procedure of 

draw meaningful findings an 

ps, trends, and insights within the data, it includes employing 

| approaches and statistical procedures. Understanding study 

theses, and providing accurate interpretations all depend 

analysi 

patterns, relationshi 

a variety of analytica. 

findings, confirming hypo 

on research analysis. 

ess of using Google Sheets for research purposes 

The effectiven 

analysis is to turn unstructured data into knowledge that 

The goal of research 

estions, confirm or deny hypotheses, and further our un- 

answer research qu 
may 

n subject. 
derstanding of @ give 

t in modern 8¢ fic research is the use of efficient data analysis in 
jenti 

struments. 
readsheet provided by Google, Google Sheets provides 

researchers with a practical and affordable data analysis instrument. This article 

9



examines the utility of Google Sheets for research purposes. 

The user-friendliness of Google Sheets is one of its primary advantages. Even 

without extensive programming or statistical knowledge, researchers can rapidly 

master the fundamental functions and tools of tables. This enables you to spend 

less time on training and begin data analysis sooner. 

Google Sheets provides a vast array of data analysis features and capabilities 

Calculations and data aggregation are simplified by functions such as SUM, AV- 

ERAGE, COUNTIF, etc. There are also numerous charts and graphs available 

to visualize the study’s findings. 

Google Sheets provides the capacity for data collaboration. Researchers can 

invite coworkers to share tables, which facilitates collaboration and the exchange 

rmation. The possibility of simultaneous data modification allows you to 
of info 

he research team’s output. 
reduce approval time and increase t 

ts is compatible with Google Docs, Google Slides, and Google 

to exchange data and research results using elec- 

as well as store data in the cloud for easier 

Google Shee 

Drive. This enables researchers 

tronic documents and presentations, 

accessibility. 

is of the effectiveness of using Google Sheets is based on the expe- 

£ researchers who regularly use this tool in their work. Performance and 

are also taken into account. The results of the analysis al- 

low us to draw conclusions about the advantages and effectiveness of using Google 

Sheets in research work. It is noted that Google Sheets is a convenient, functional 

and affordable tool for data analysis. Its advantages include ease of use, collabo- 

ration, flexibility of fun ty and integration with other tools. The results of 

the analysis confirm th 

research work. 

To apply the descriptive 

The analys 

rience O 

user satisfaction data 

ctionali 

e effectiveness and practicality of using Google Sheets in 

analysis approach to the data analysis. Researchers 

eadily study bigger groups of people using this strategy [17]. When a 

es need to be summed up and described, descriptive analy- 

It is frequently used in the early phases of data analysis 

may © 

dataset’s major qualiti 

sis is utilized in the study. 

10



o 

overview of the data’s main characteristics Yi . You may use descripti scriptive analysi ysis on 

a variety of data ki kinds, such as textual, numerical, or categorical data 

It als ; 
. 

; also offers graphical displays like histograms, bar charts and h 

we 
oye . 

. 
, 3, ie : . 

as statistics like mean, median, mode, and standard deviation r ‘ke arts, as 

. Following are 

a few typical applications for descriptive analysis: 

Data Exploration: Descriptive analysis is often the first step i 

ration. Researchers use descriptive statistics to calculate ns
in data explo- 

tendency (e.g., mean, median) and measures of dispersion (er. of central 

deviation, range) to understand the distribution and variability of thet _ ata. 

They may also create visual representations like histograms, bar charts, and ’ rts, an 

pie charts to summarize and visualize the data 

Summarization: Descriptive analysis is employed to comp b ress big 
Data 

To give a clear picture of the data 
datasets into digestible summaries. 

researchers may compute summary statistics for various variables h , such as 

nN I . 

important trends, patterns, and outliers. 

parison: Descriptive analysis empowers analysts to compa d analys re an 

ategories inside the dataset. For casc, they m ) - ay 

plies or extents over distinctive statistic bunches 

Data Com 

differentiate groups OF c 

calculate and compare im 

This permits for bits of knowledge into contrasts or 

or test conditions. 

similarities among different groups or categories of intrigued 

Preliminary Analysis: Descriptive analysis is very important in th 

ae . 
e€ ear 

n insight into the data before proceeding to mo y 
re 

stages of research to gal 

complex analyses. This helps researchers understand the characteristi TISTICS of 

their data, identify potential problems (such as missing data or outliers) 

isi 

Ts 

make informed decisions about subsequent analysis methods and re an 

searc 

questions. 

e analytics provide researchers with key information to effectivel ively 

Descriptiv e researc h results. Researchers can use descriptive 

report and communicat
 

1]



statistics and vi izati su , * . alizations to present clear and concise summari fd 

n researc apers, T ; i weer papers, reports, or presentations. This makes the It . results easier 

to understand and interpret for both experts and laype rsons. 

Generally 1 ip I y l ime f 
, descr tive analysis serves as an establ S . | , 1ptl | 1 i | nt for assisting in orma- 

10n exp orati i c 1 1V an ti t | | t O on and examination in research. It 21 es a in od ; i uctory under 

; eid 
tanding of the information, distinguishes key designs, and enco urages successful 

communication of research discoveries. 

32 Data and discussion 

Using the results 3.2 of the survey, we conducted a descriptive analysis tl ysis that 

resulted in the following: 

In table 3.3 shows the average values of the collected data related to tl a 1e age of 

the respondents, t 

they supervised. These data are important information for understanding tl anding the 

characteristics and experience of supervisors in working with student ents. 

heir work experience as supervisors and the number of student ents 

Analysis of average values: 

s: The average age of respondents is 25-30 years. This indi . l- 

Age of respondent 

cates that supervisors from different age groups participated in the surv h 
: oa ey, W ich 

ety of experiences and approaches to working with students. Th 
* . . 

‘ 

king as a supervisor in total: The typical number of ro 

ty is between one and five. This suggests that 

may mean a varl 

number of years spent wor 

years spent working in this capaci 

among those who responded, there are both relatively new supervisors wl 
S who are 

just beginning their careers and 

amount of experience working with students. 

under supervision: The number of students under supervi rvi- 

more seasoned specialists who have gained a la rge 

ents 

reported by respondents so far ranges from one to five peopl ple on 

visor ervisors have some experience dealing with a par 

Number of stud 

sion that has been 

plies that sup 
average. This im 

dents, which may have an effect on their ability to effectivel : Ively 

ticular number of stu 

port students as they go through the process of their work 

lead and sup 

12



Table 3.3: Mean Value 
Question Mean Value 

Age 25-30 

How many PhD and] 1-5 

Master students have 

you supervised in year 

(average)? 

Through conducting a study of the average values of the data provided by 

the respondents, we are able to arrive at judgments regarding the qualities and 

experiences of supervisors. The table demonstrates that the respondents are of 

varying ages, have varied levels of experience working in supervisory roles, and 

have previously collaborated with a certain number of student participants. This 

information is necessary for additional analysis and evaluation of the work done 

by supervisors in the context of their interactions with students. 

Based on the histogram 3.1 following three primary problems have been 

indicated by the results of the survey of supervisors regarding their interactions 

with students: 

Motivation 
6b a 

Other reasons 

ri ry 

Skills 
a0% 

Responsibility 

gure 3.1: Histogram of main problems with working students 
Fi 

Lack of responsibility om the part of students is one of the most. signifi- 
® 

s contributing t0 the problem. The majority of students begin 
cant factor 

13



projects, but they do not finish them; they miss meetings or arrive late t 

them; and some students do not even show up for meetings that have _ 

planned. This may result in the completion of projects being delayed - 

may also make the task of supervisors more difficult. 

A further issue is the students’ lack of motivation, which is a problem in and 

of itself. They are unable to comprehend the project’s end outcome and do 

not acknowledge the existence of well-defined objectives. This might result 

in students not being as invested in the project as they should be, a lack 

of drive to reach their goals, and a lack of self-discipline when it comes to 

completing their assignments. 

e Competencies: The third issue is that not all students are equipped with 

the competencies required to collaborate with an instructor. Some students 

may not have sufficiently developed skills such as the capacity to success- 

fully interact with others, organize their work, plan their time and duties, 

evaluate and comprehend data. This may make it more difficult to a 

ate with scientific supervisors and have productive interactions with them, 

which in turn may have an impact on the quality and efficiency of the work 

Other 

lk 
Lack of 

Lack of information 

Communication 

Time Management 

Figure 3.2: Histogram of main problems with working supervisors 

Based on the figure 3.2 following is a list of the main problems that students 

experience when interacting with academic supervisors: 

14



° Insuificient information and responsibility: It is problematic f 

obtain insufficient information from the academic su _ wc or students to 

spouse for their coursework. Some supervisors eae
 who are re- 

ane about the project, goals, expectations, and i naan 

This leads to a vague understanding by students of their respo . dace 

how exactly they should contribute to the project. Lack of venati - n can 

also lead to difficulties in completing tasks and achieving goal S. 

Comeniaienncs time management: The problem arises in the field 

munication between students and academic supervisors, especiall ° — 

comes to planning and time management. Students - emalene at ‘ 

ties in establishing regular and effective communicati
on with oun ; ° 1 and 

clarifying meetings, receiving feedback and support. This on eat ta in 

lays in work, misunderstanding of instructions and loss of direction * . 

research process. 

Count of Research area 

Mathematical and 

Education and Human 

Engingering (ENG) 38 

Computer and 

Figure 3.3: Histogram of the Research area 

am Figure 3.3, it can be concluded that the majorit . 4 
Based on the histogr 

t research in the field of information technology (IT). Thi . This 
of respondents 

conduc 

means that the bulk o 

chnology is a broad field that covers various aspects, such as soft a 3 soft- 

k technologies, databases, artificial intelligence, cyber 

f the research work that respondents do is related to IT 

Information 
te 

ware development, 
networ 

security, data analysis and others. It plays an important role in the modern world 

r 

and has a significant impact on many industries, including business, medici ’ me, 
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education, finance and others. 

The fact that the majority of respondents conduct research in the field of IT 

may indicate the importance of this field and the interest of researchers in studying 

its various aspects. Perhaps this is due to the rapid development of technology, 

constant innovation and the need for relevant research that can help in the progress 

and improvement of the IT industry. 
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Chapter 4 

Methods of Machine Learning 

4.1 Overview 

In our research, we have used various modern tools and techniqu les. 

1. Back End - Python, Django, SQLite 

2. Front End - Vue.js 

3. Machine learning - Agglomerative Clustering, DBSCAN, Spectral Clust ’ ustering, K- 

Neighbors Classifier 

modern programming language, that is used in various fields of ie) Python is a 

ence, such as back end, data science, statistics, analytics, etc. Wi ’ , , tc. We’ve computer sci 

decided to use Python due to its simplicity and ability to implement a machine- 

learning algorithm [18]. 

mework for the back end on Python | ; anguage. It contain alns Many 
Django is a fra 

libraries and tools for development under the hood. SQLite is a datab c a as ‘ ss 

that can be hosted 

e system 

It comes by default with Dj 

ular front-end framework, that is fast, capable, and useful ) on eful. 

10 al og re c rlve 
of I . 

ango. 

Vue.js is a pop 

as, numpy and scikit-learn libraries for our our recommendati ation sys- 
We used pand 

rithm. These libraries are beneficial for working wit] v 
tem machine-learnin

g algo 
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data. 

Machine learning algorithms 

For our recommendation system, we have tried to use the following algorithms: 

e Agglomerative Clustering 

e DBSCAN 

e Spectral Clustering 

e K-Neighbors Classifier 

We have decided to use these algorithms of machine learning, because these 

algorithms are used for solving recommendation problems by top-tech companies 

like Facebook, Amazon, Google, and Netflix. These algorithms fit the require- 

ments of our problem the most. 

Score metrics 

For our machine-learning algorithms, we use the following scoring metrics: 

e F1-score 

e Rand score 

e Runtime 

F1-score is @ metric used to assess the quality of classification models, especially 

in the case of unbalanced classes. It combines two metrics - precision and recall 

to get one overall score [19]. 

a measure of how accurately the model classifies positive examples 

Precision is 
mber of correctly classified positive examples 

It is defined as the ratio of the nu 

to the total number of examples that the model assigned to a positive class. 

Formally, the accuracy is calculated as follows: 

Correctly classified positive examples 
. ° _ ee 

fied | wy 

Precision = (Correctly classi fied positive examples+Falsely classified positive 
( 

p examples) 

(4.1.1) 
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Recall, also kn —— 

isis own as sensitivity or completeness, measures wl 

exa 

: 

bi 
Ww 1 2 

the numb mples a model is able to correctly detect. It is defi i, epereen or 

-he numbe 
: - 

: s Getln 

er of correctly classified positive examples to the total “ :. the ratio of 

‘0 the total number of positive 

exam i ples in the data. Formally, the recall is calculated as foll 
ows: 

Correctly classified positive examples 
Recall = G 

orrectly classified positive exampl : ples + False negative examples) 
(4.1.2) 

The F1 measure is the harmonic mean between accuracy and I 

rese 

recall. It rep- 

ns a balance between accuracy and recall, taking into account b rep 

positive and false negative errors. Formally, the F1l-measure is calcul ' i culated by the 

following formula: 

The calculation of the F1- score all ows you to take into acc ount and evaluate 

both the accuracy and the recall of the model at the same time. T e. tie 

cially useful when classes are unbalanced and it is important to achi _ ee ieve both high 

accuracy and high recall for both classes. 

e F1-score allows you to get, one numb er that characteri izes the qualit ality 
Using th 

of the model as a whole. The closer the value of the F1 score is to 1 

the model copes with the classific 
, the better 

es the precision and recall of the data and then uses the fol 
ne Tol- 

ation. 

F1-score calculat 

o calculate a score of the model: 
lowing formula t 

2 * (Precision * Recall) 
Fi — score — 7 

(Precision + Recall) (4.1.3) 

is a metric that describes a similari ity between trai ain and test dat 7 ata 

Rand score 

sets. It is used to evaluate the performance of the clustering algorithm [2 

ve 

am 

ates true positive an 

[20]. Rand 

don comparing pairs of objects and determining whet! ether 

d true negative values for data sets 

score calcul 

The Rand score is base 

they belong to the same ¢ 

on the concept of four possible combinations of pairs of obj 
pairs OF Objects: 

luster or to different clusters in different partitions. Th s. The 

evaluation is based 
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True Positives (TP) - pairs of objects that belong to the same cluster in both 

the first partition and the second partition. 

True Negatives (TN) - pairs of objects that do not belong to the same cluster 

in both the first partition and the second partition. 

False Positives (FP) - pairs of objects that do not belong to the same cluster 

in the first partition, but belong to the same cluster in the second partition 

False Negatives (FN) - pairs of objects that belong to the same cluster in the 

first partition, but do not belong to the same cluster in the second partition 

The Rand score calculates the number of true positive (TP) and true nega- 

tive (TN) pairs of objects in the data partitions and uses them to calculate the 

consistency coefficient. Formally, the Rand score is calculated as follows: 

The value of the range estimate can vary from 0 to 1. A value of 1 indicates 

a complete coincidence of the data splits, while a value of 0 indicates a complete 

lack of similarity between the splits. Values close to 0.5 indicate a random split 

of the data. 

imation is a useful metric for comparing different clustering algo- 

ality of clustering. A high value of the Rand score in- 

ween partitions, which indicates good performance 

Range est 

rithms or evaluating the qu 

dicates strong consistency bet 

of the clustering algorithm. 

(a+b) _ correct similar pairs + correct dissimilar pairs 

m=" @) total possible pairs (4.1.4) 

Runtime is a metric that shows the time of algorithm evaluation. Runtime is 

an important metric 

users will get their response faster. 

c is an important indic 

m. A lower runtime means that an operation or algo- 

because it will decrease the cost of server maintenance and 

ator because it directly affects the performance 
Runtim 

ficiency of the syste and e ys 
r, which can be critical for users, especially in the case of 

rithm is executed faste 
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online servi icati ices or applications where a fast response is needed to meet meet user needs 

Reduci i 
edn einen thes has a number of advantages. Firstly, it allows you t 

e server and reduce maintenance costs, since fast ; ° 

of operations requires less server resources. This can be especi allv i execution 

working with a large amount of data or highly loaded systems y important when 

In iti Ww me j 
addition, the low runtime increases user satisfaction, as they receive th 

su i 
‘ , ve the re- 

ts of an operation or query faster. This can enhance the overall user experience 

and improve the interaction with the system. 

us methods can be used to estimate the runtime, including measuri 
, uring 

Vario 

the real execution time of an operation or algorithm on specific data , or using 

asymptotic complexity to evaluate the performance of the algorithm dependi ending 

on the size of the input data. 

me estimation and performance optimization are important tasks i 
Ss in var- 

Runti 

ious fields such as software development, computational science, databas ’ es, ma- 

chine learning, and others. Efficient use of resources and reduced execution t 
’ 

ion time 

ing system performance and meeting user needs 
are key factors for improv. 

Data 

As a data source, we used data of SDU students. This data contains: 

e hashed students names 

e hashed teachers names 

e courses 

e grades 

We have collected about 100 supervisors and 300 students’ data. We k new 

ated augmented data based on the data w e 

this was not enough, so we gener 

of augmented data, we had almost 2000 data fields 

had. After the generation 

with different projects for different users. We used 70% percent of the data for 

percen t for testing to validate and fine-tune the model. For th 
. ° . 

. e 

orithm, used in our diploma project, we have found the best training and 30% 

machine learning alg 
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suitable features using an automatic feature selection technique called R i 

Feature Elimination (RFE). RFE works by recursively vemvin ¢ a ai 

the dataset until it finds the best suitable feature set. There are i. : nes fom 

RFE execution: 
Te are specific steps for 

Train the model: We chose our ML models, and the best suitable algorithm 

for our problem were clustering algorithms (AgglomerativeClustering oe 

SCAN, SpectralClustering, KNeighborsClassifier). 

1 

Feature ranking: The trained model, now assigns a rank to each to each c 

feature, based on how important was this feature for the prediction 

3. Features elimination: We've eliminated features, that didn’t have any im- 

pact on the target variable. 

Model retraining: Retrained the model with new features. 

5. Comparing results: We’ve compared results with different features and al 

gorithms. 

Agglomerative Clustering 

One of the algorithms used in our recommendation system is Agglomerative 

Clustering. It is a machine-learning approach that groups data points based on 

how far apart they are from one another[21]. 

Based on the figure 4.1 process 0 

dered as a separate cluster at the first iteration of 

f agglomerative clustering begins with the fact 

that each piece of data is consi 

a proximity matrix is computed in order to estimate the 

the algorithm. After that, 

proximity between clusters. 

n each pair of clusters and is used to determine the proximity 
similarities betwee 

between clusters. The distance measure that is calculated by the algorithm is 

determined, in part, by t 

This matrix includes information on the distances or 

he kind of data that is being processed by the system 

During each iteration of agglomerative clustering, the proximity matrix is used 

ose the two groups th 

rought together to form a single new cluster, and the 

at are geographically closest to the input data. After 
to cho 

t, these clusters are b 
tha 

odi proximity m atrix is m fied to reflect these changes. The procedure of merg- 
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ing existing proximity matrices and updating them takes place in an iterative 

manner until a predetermined completion condition is satisfied. The completion 

requirement could be hitting a certain distance threshold, reaching a certain num- 

ber of clusters, or meeting some other criteria that determines the quality of the 

clustering. 

Agglomerative clustering offers a variety of benefits to its users. To begin, it 

does not require a specific number of clusters, which enables you to easily modify 

the method in accordance with the specifics of the data you are working with. 

Second, it is capable of processing data of many different types, including textual, 

ta. Third, agglomerative clustering makes it pos- 
cal, and quantitative da 

‘erarchical structure of the data by revealing information 

s and the connections between them. 

categori 

sible to investigate the h 

on the nesting of cluster 

erative clustering does, however, have a few drawbacks to consider. To 

begin, utationally difficult and call for a significant amount of 

processing resources, particularly when working with a large amount of data. 

Second, the quality of the findings and their ability to be interpreted can be 

considerably impacted by the selection of an appropriate distance metric and 

gregation approach. When utilizing agglomerative clustering, therefore, 

the appropriate parameters are selected and that the 

Agglom 

it may be comp 

cluster ag 

it is essential to ensure that 

algorithm is configured correctly. 

plied to the setting of @ recommendat
ion system, agglomerative

 clus- 

an be used to group persons OF items on the basis of their similarities in 

mendations based on the qualities or preferences of the group 

be helpful for developing personalized suggestions that take 

between users or items, as well as increasing the 

When ap 

tering C 

order to make recom 

This can 

ation the similarity 

ndations that are generated by the system. 
as a whole. 

into consider 

overall quality of recomme 

ive Hierarchical Clusterin 

es A “og CO 63) 

eg. °&9 “CO es” 
Figure 4.1: Agglomerative Clustering 
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Agglomerative clustering is a technique that is frequently utilized in recom- 

mendation systems like those found on Amazon, Netflix, Spotify, and other simila ) ? } r 

platforms. 

Function agglomerative_ clustering() 

start = timer(); 

agg clustering = AgglomerativeClustering(n_clusters=3); 

agg_clustering.fit(X_ train); 

y_pred = agg _clustering.fit_ predict(X_ test); 

agg fl score = f1_score(y_test, y_pred, average=’micro’); 

agg rand_score = rand_score(y_test, y_ pred); 

end = timer(); 

" AgglomerativeClustering Fl score: "+ agg fl score); print( 
print(" AgglomerativeClustering Rand score: " + agg _rand_ score); 

print (" AgglomerativeClustering runtime: " + (end - start) + "s."); 

Algorithm 1: Agglomerative Clustering evaluation 

Density-Based Spatial Clustering of Applications with Noise 

A complicated method known as quad DBSCAN is used to cluster data points 

m together into clusters while taking into account the distance 
by grouping the 

ber of neighbors who are located within their radius. 
between them and the num 

antage of this algorithm is that it deals with noise/outliers by removing 
The adv 

them [21]. 

lowing parameters for the DBSCAN algorithm: 
There are the fol 

silon - defines the radius of clusters 
) Ep 

min. number of data points to create a cluster 
e Minimum points - 

DBSCAN steps: 

ulation: For each point in the dataset, the distance to all other 
1. Distance calc | 

culated. This can be the Euclidean distance or another distance 
points is cal 

pending on the ¢ 

ain points: If the number of points inside the epsilon 

1 to the minimum value (minPts), then the 

tric, de 
haracteristics of the data. 

metric, 

2. Definition of the m 

radius 1s greater than or equa 
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point is considered the main point. The main points are central to the 

formation of clusters. 

Cluster formation: For each main point, a cluster is formed by adding all 

points located within the epsilon radius from this main point, as well as 

their neighboring points satisfying the minPts condition. If a point is not 

the main one and does not belong to any of the clusters, it is considered an 

outlier. 

Elimination of noise points: At the end of the clustering process, outliers 

and noise points that do not belong to any cluster are excluded from the 

resulting dataset. 

BORDER 
POINT 

MinPts = 4 
eps = 17 unit 

CORE 
POINT 

Figure 4.2: Density-Based Spatial Clustering of Applications with Noise 

The DBSCAN algorithm allows efficient processing of noise points and differs 

from other clustering methods such as agglomerative clustering and spectral clus- 

don the concept of density, which allows it to identify clusters 
tering. It is base 

of arbitrary shape and detect boundaries between clusters. See figure 4.2. 
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DBSCAN algorithm is used in GPS services (Google Maps, Yandex.Maps), 

social media and online advertisement, fraud detection, etc. 

Function dbscan() 

start = timer(); 

dbscan = DBSCAN(eps=0.5, min_samples=5); 

dbscan.fit(X_ train); 

y_pred = dbscan.fit__predict(X__test); 

dbscan_fl_ score = fl_score(y_test, y_pred, average=’micro’); 

dbscan_rand_ score = rand_score(y_ test, y_ pred); . 

end = timer(); 

print("DBSCAN F'1 score: " 4+ dbscan_fl_ score); 

print("DBSCAN Rand score: " 4 dbscan_rand_score); 

print("DBSCAN runtime: " + (end - start) + "s."); 

Algorithm 2: Density-Based Spatial Clustering evaluation 

Spectral Clustering 

This algorithm has a different approach, in comparison to others used. It 

uses eigenvectors and eigenvalues of a similarity matrix. This algorithm is very 

useful for finding complex relationships in the data. 

Steps for spectral clustering algorithm: 

e Calculation of the similarity matrix: First, a similarity matrix is calculated, 

which measures the degree of similarity or distance between each pair of 

data points in the dataset. It can be a distance matrix or a similarity 

matrix, depending on the chosen metric. 

e Laplace graph construction: Based on the similarity matrix, a Laplace graph 

is constructed. The Laplace graph represents data as a graph where data 

points are vertices and edges represent connections between points based 

on their similarity. The graph can be constructed as a complete graph or 

using stricter criteria such as k-nearest neighbors. 

e Calculation of eigenvectors and eigenvalues: The eigenvectors and eigenval- 

ues of the Laplace graph matrix are calculated. The eigenvectors represent a 
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set of new features for the data, and the eigenvalues show their importance. 

Usually, the first few eigenvectors corresponding to the smallest eigenvalues 

are selected 

e The generated eigenvectors are utilized in the clustering process, which was 

named after its end result. The traditional method involves making use of 

clustering techniques such as k-means in order to classify new features that 

have been derived from eigenvectors. You can also make use of spectral 

clustering, which is a technique that determines the best number of clusters 

and their boundaries by making use of information about eigenvalues. 
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(b) Spectral Clustering 

Figure 4.3: Spectral clustering 

The spectral clustering method is very helpful when discovering complicated 

linkages in data, such as nonlinear dependencies or unequal clusters. This is 

because of the algorithm’s ability to recognize these types of relationships. It 

enables you to take into account the global data structure and has the potential 

to produce positive results in a variety of contexts [22]. 

The image segmentation, document clustering, and recommendation system 

are just few of the applications that are suitable for this clustering approach.See 

figure 4.3. 
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Function spectral() 

start = timer(); 

spectral_ clustering = SpectralClustering(n_clusters=3); 

spectral_clustering.fit(X_ train); 

y_pred = spectral_clustering.fit_ predict(X_ test); 

spectral_fl_score = fl_score(y_test, y_ pred, average=’micro’); 

spectral_rand_score = rand_score(y_ test, y_ pred); 

end = timer(); 

print ("SpectralClustering F1 score: " + spectral_f1_ score); 

print("SpectralClustering Rand score: " + spectral_rand_ score); 

print("SpectralClustering runtime: " + (end - start) + "s."); 

Algorithm 3: Spectral clustering evaluation 

K-Neighbors Classifier 

KNN is a straightforward yet highly effective method for classification. In 

our use case, the performance of our method has been superior to that of other 

algorithms. This technique makes use of an approach known as instance-based 

learning, in which the classification of new data is determined by the labels of the 

class that is geographically closest: to it|23]. 

The KNN algorithm consists of the following steps: 

1. Training: In this step, the model receives a training sample consisting of 

vectors of objects and their corresponding class labels. Each object is rep- 

resented by a set of attributes, and each class label determines whether an 

object belongs to a certain class. The training sample is used to build the 

KNN model. 

Distance calculation: When new data is received for classification, the KNN 

algorithm calculates the distance between each data point in the training 

sample and the new data point. Most often, Euclidean distance or another 

distance metric is used to determine the proximity between points. 

Neighbor Selection: KNN then selects the K nearest neighbors of the new 

data point. K is a user-defined number, usually a hyperparameter of the 

model. 
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4. Weighted voting: When the nearest neighbors are selected, each of them 

gives a vote in determining the class of the new data point. The weight of 

the voice can be determined by distance, for example, the nearest neighbors 

may have more weight than the more distant ones. The class to which most 

of the neighbors belong (by votes) is selected as the predicted class for the 

new data point. 

5. Notation: In the last step, KNN assigns the predicted class to a new data 

point. This can be classification based on class labels or, in some cases, 

regression if class labels are numeric values. 

KNN algorithm is often used for image classification, handwriting recogni- 

tion, medical diagnosis, recommendation systems, etc . The algorithm is simple 

but very useful and handy. In our case, KNN showed the best accuracy of the 

Fl1-score and random score. See figure 4.4. 
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Figure 4.4: KNN 
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Function knn_classifier() 

start = timer(); 

knn = KNeighborsClassifier(n_neighbors=3); 

knn.fit(X, y); 

y_pred = knn.predict(X_test); 

knn_fl_ score = fl_score(y_test, y_ pred, average=’micro’); 

knn_rand_ score = rand_score(y_test, y_ pred); 

end = timer(); 

print("KNN F1 score: " + knn_fl_score); 

print("KNN Rand score: " + knn_rand_score); 

print("KNN runtime: " + (end - start) + "'s."); 
Algorithm 4: KNN algorithm evaluation 

4.2 Result 

To assess the effectiveness of the various clustering and classification algorithms, 

F1 score, random score and runtime were used. The F1 score is a measure of model 

accuracy and completeness, and its value closer to 1 indicates more accurate and 

complete results. A random score is used to compare results with a random model, 

and a value closer to 1 indicates a higher accuracy. Running time is important, 

especially when dealing with large amounts of data, as fast performance can be 

an important factor when choosing an algorithm. 

The results of evaluation of algorithms of agglomerative clustering, DBSCAN, 

spectral clustering and K-neighbor classifier showed the following values: 

Table 4.1: Aglomerative Clutering 
Aglomerative Clutering Value 

F1 score 0.07 

Rand score 0.579108138238573 

runtime 0.03682747099998096 
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Table 4.2: DBSCAN 
DBSCAN Value 

F1 score 0.01 

Rand score | 0.3837235228539576 

runtime | 0.018435167000006913 

Table 4.3: Spectral Clustering 
Spectral Clustering Value 

F1 score 0.15333333333333332 

Rand score 0.5872017837235228 

runtime 0.721807449000039 

Table 4.4: K-Neighbors Classifier 

K-Neighbors Classifier Value 

F1 score 0.37666666666666665 

Rand score 0.6722408026755853 

runtime 0.04209975199995597 

Table 4.5: K-Neighbors Classifier 

Based on the results 4.1,4.2,4.5,4.3 it is possible to conclude that the K- 

neighbor classifier shows the best efficiency among the considered algorithms. 

The F1 scores and random scores for KNN are higher, indicating more accurate 

results than other algorithms. It is worth noting, however, that by adding more 

data to the learning part of the algorithm, the evaluation indicators can improve, 

indicating the potential for improving model accuracy with more data. 

Thus, on the basis of the analysis, it is possible to recommend the use of the 

K-neighbor classifier as the most efficient algorithm for a given dataset. 
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Chapter 5 

Conclusions and future work 

5.1 Discussion 

The F1 score is a measure of model accur . 
core 1S racy and completeness, with a value 

closer to 1 indicating more accurate and complete results. The random score j : re is 

used as a comparison with a random model, and a value closer to 1 indicat es 

higher accuracy. Runtime is also considered, as faster performance is important 

when dealing with large amounts of data. 

d on the results in the tables 4.1, 4.2, 4.3, 4.5. It can be concluded that Base 

the K-Neighbors Classifier demonstrates the best efficiency among the considered 

algorithms. It achieves higher F1 scores and random scores, indicating cig ’ Te 

accurate results compared to the other algorithms. However, it’s important t 
— 

ant to 

note that the evaluation indicators can further improve with the addition of m ore 

data to the learning process, suggesting the potential for enhanced model accurac y 

with increased data. 

In summary, based on the analysis, the research recommends utilizing the K 

Neighbors Classifier as the most efficient algorithm for the given dataset 

The provided research text. describes the accuracy result of a system that 
. ab rec- 

ommends prospective supervisors to students based on their research topics. T] s. The 

accuracy testing was conducted by comparing the system’s recommended ; ; ed Super- 

5 It O { € : { ab 3G] ted 
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in Table 13, where each row represents a different query and the recommended 

supervisors are compared with the actual supervisors|18] 

For example, in the first query (Q1), the system recommended supervisors $43 

S21, and $39. The actual supervisors were $39 and S7, and the system’s reco 

‘ 
’ : & m- 

mendation was true. The accuracy testing was performed for 20 experiments, and 

the overall accuracy rate is calculated as 75% . 

The conclusion of the research suggests that the system, which utilizes cosi 

similarity as a method for determining supervisors, can effectively provide veo. 

ommendations aligned with the research topics of the students. The system aims 

to facilitate the process of finding supervisors who match the ainatleritsl research 

interests. 

In terms of future work, the research suggests automating the classification of 

research list topics for prospective research supervisors. This can be achieved by 

incorporating machine learning approaches such as Naive Bayes classification or 

Neural Network classification algorithms. Automating the classification process 

can streamline the addition of new research supervisors to the system’s database. 

Overall, the accuracy result indicates that the recommendation system pe fe 

forms reasonably well, with a 75% accuracy rate based on the comparison betwee1 etween 

the system’s recommendations and the actual supervisors. 

Comparing the two accuracy results: 

Clustering and Classification Algorithms: The evaluation focused on the perf 

; 
or- 

mance of clustering and classification algorithms. Metrics used: F1 score, rand 
. 

. ’ om 

me. The K-Neighbors Classifier was identified as the most efficient score, and runti 

algorithm based on higher F1 scores and random scores, indicating mor 
, re accu- 

rate results. 

ling with large datasets. The potential for improved accuracy with more dat 
> data 

The analysis highlighted the importance of runtime, especially wl 
, nen 

dea 

mentioned. Overall, the research recommended the use of the K-Neighb > IN- ors was 

Clas 

y testing was conducted for 

The evaluation compared the system’s recommended 

sifier for the given dataset. Supervisor Recommendation System: The ac 
: The accu- 

a 
a system that recommends prospective supervisors 

based on research topics. 
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supervisors with the actual data. Metrics used: Comparison of recommended and 

actual supervisors for 20 queries. The overall accuracy rate was calculated as 

75%. The system utilized cosine similarity for determining supervisors. Future 

work suggested automating the classification of research list topics using machine 

learning approaches. The system aimed to facilitate the process of finding super- 

visors aligned with students’ research interests. Comparison: 

Both research texts focus on assessing the accuracy of different systems /algo- 

rithms but in different domains. The Clustering and Classification Algorithms 

research evaluated the algorithms’ performance using metrics like F1 score and 

random score, considering runtime as well. The Supervisor Recommendation Sys- 

tem research tested the accuracy of a recommendation system by comparing rec- 

ommended and actual supervisors. The Clustering and Classification Algorithms 

research identified the K-Neighbors Classifier as the most efficient algorithm, while 

the Supervisor Recommendation System achieved a 75% accuracy rate. Both re- 

search texts mentioned the potential for improved accuracy with more data or 

the use of machine learning approaches. In summary, while both research texts 

discuss accuracy results, they are based on different methodologies and domains. 

The Clustering and Classification Algorithms research evaluated algorithms’ per- 

formance, whereas the Supervisor Recommendation System research focused on 

a recommendation system for supervisors. 

5.2 Conclusion 

Students’ overall intellectual development is significantly impacted by the con- 

tributions of prominent scientific supervisor. The ability of a scientific leader to 

successfully satisfy the needs, expectations, and facilitate harmonic interaction of 

their students is an essential part of a successful scientific leadership process. 

Scientific supervisors are responsible for a wide variety of tasks, including serv- 

ing as an advisor, educator, mentor, guide, and critic. They need to be ready to 

help and support their students throughout the entirety of the research process, 

beginning with the formulation of the technique and continuing all the way to the 

publishing of the findings. 
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Th 
. . 

ot e task of finding qualified students and scientific leaders who share simil 

interests and objectives is a hard one. It is necessary to have a system th is 

able to effectively connect students and those who make decisions, taki ‘ 
co , taxing into 

consi i 
i 

deration the preferences and requirements of the scientists involved 

The thesis required the collecting of data from researchers, which included ) e 

information on the challenges faced by researchers while working with student s 

and the obstacles experienced when measuring progress. The method that Id 

. 

, 

Ww 

be employed by the recommendation system was chosen with the use of this dat ata. 

In general, the establishment of a reliable system for searching students a: d n 

supervisors is an important step that needs to be taken to improve academi mic 

counselling and improve the overall academic performance of students. The thesi ; esis 

is an analysis of classification algorithms for the recommendation system based 

on the analysis of similar interests. This system can significantly simplify and an 

improve the process of selecting a research supervisor for students in the fut uture. 

In addition, the collected data and research results could be used as a basis f asis for 

further research and development of a recommendation system platform 

5.3 Future work 

Integration of numerous data sources may be the subject of additional research 

, 
; 

a 

in the field of analyzing the data set of academic supervisors and constru in cting 

a recommendation system for students. This may be done in order to g enerate 

suggestions that are both more accurate and complete. Data about student d 
. 

nt demo- 

graphics, academic records, and participation in extracurricular activitie b 

: : . was . 
S can 

included in the report, 1n addition to information regarding academic su i ° 

. . . 
. 

pervisor 

This can include details such as the academic supervisor’s professional e i xperience, 

area of expertise, and connections with students. 

Integrating additional data sources, such as demographic data, can b ’ e an ef- 

fective way to gain a more in- 

ments of students. When proposing a supervisor, for instance, it is helpful t 
? ptul to 

e, nationality, and other demographic aspects. This 

depth understanding of the preferences and require- 

take into account gender, ag 

is because doing so allows one to take into account the potential pref erences of 
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students as well as the socio-cultural milieu in which they find themselves. 

The academic histories of students, including details such as their prior achieve- 

ments, grades, and academic preferences, are also eligible for inclusion in the col- 

lection. The examination of these data can lend a hand in determining the nature 

of the connection that exists between the academic qualities of a student and 

the academic advisors who are most suited to guide them. Students who have 

demonstrated prior academic performance or who have particular academic in- 

terests may, 

specialize in the relevant disciplines. 

for instance, obtain suggestions regarding academic supervisors who 

The participation of students in extracurricular activities and the gathering of 

useful information from those activities is also a possibility. For instance, students 

who take an active role in scientific conferences, projects, or other extracurricular 

activities may give preference to research supervisors who have prior experience 

in these areas and are able to assist them with their research work. 

However, for the successful deployment of recommendation systems, it is also 

vital to pay attention to the development of a user-friendly and intuitive interface 

for students. This is because students are the ones who will be using the system. 

When it comes to the suggestions’ acceptance and application in a real-world 

setting, the ease of use and accessibility of the recommendations play a significant 

‘nfluence. When it comes to choosing a academic supervisor , students shouldn’t 

have any trouble gaining access to the recommendations, and the materials that 

are offered to them should be arranged in such a way that makes it simpler for 

them to comprehend and use the advice. 

In general, prospective future research in the field of analysis of the data set of 

supervisors and the creation of recommendation systems for students may focus 

on combining diverse data sources in order to provide guidance that is both more 

accurate and more detailed. At the same time, it is essential to provide students 

with an interface that is user-friendly and straightforward, as well as to take 

into consideration demographic data, academic data, and extracurricular activity 

data. Additionally, it is essential to keep in mind the fact that students. Students 

can obtain a greater level of success in their research projects with the assistance 
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of this type of innovation, which has the potential to considerably improve the 

process of management selection. 
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