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Abstract

This dissertation introduces a Personalized Career-Path Recommender System
(PCRS) designed to help high school students in Kazakhstan, particularly those
interested in STEM (Science, Technology, Engineering, and Mathematics) fields.
The system uses the Myers-Briggs Type Indicator (MBTI) personality types and
students’ academic performance to offer personalized recommendations for uni-
versity specializations. The research addresses the common challenges faced by
students, such as high dropout rates and frequent changes in majors, often due
to the lack of structured career guidance. To tackle these issues, the study col-
lected a variety of data, including students’ demographics, academic records, and
personal attributes, as well as detailed profiles of university majors. Advanced ma-
chine learning techniques, including content-based filtering, collaborative filtering,
fuzzy logic, and hybrid approaches, were used to process this data and generate
accurate recommendations. The effectiveness of the PCRS was tested with real
data from students at SDU University. The results show that the system can pro-
vide relevant and personalized career guidance, significantly improving students’
decision-making processes and satisfaction with their chosen specializations. By
combining MBTT personality assessments with academic performance data, this
research offers a fresh approach to educational technology and career counseling.
The insights and methods developed in this study can be adapted for use in other
regions facing similar challenges, ultimately helping more students make informed
and satisfying career choices.

Keywords: Personalized Education, Career Guidance, STEM Education, Ma-
chine Learning, Recommender Systems, MBTI, Career Path Decision.
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Annarna

By nuccepranus Kazakcrangarsl ;Korapbl CHIHBII OKYIIbLIAPbIHA, dcipece STEM
(FBITIBIM, TEXHOJIOTWsI, HHYKEHEPUsI YKOHE MaTeMaTHKa) CasaapblHa KbI3BIFYIIIbI-
JIBIK, TaHBITATHIHIapra apHaaral 2Keke Kocibu 2Komnaer Yooy 2Kyitecin (PCRS)
yeoiaagibl. 2Kyite crynentrepain Maiiepc-Bpurre Tun Muaaukaroper (MBTI) 6oii-
BIHITIA YKEKe TYJIFa TYPJIEPIH 2KOHE aKaIeMUSIJIBbIK, YKETICTIKTEPIH MMail1aIaHbIIl, yHHA-
BEPCUTET MaMaH/ILIKTAPbl OOMBIHINA YKEeKe YChIHbICTap Oepesli. 3epTTey CTyIeHTTeD
JKUi Ke3JIeCeTiH »KOFraphl JIeHTelIerTi OKY/IaH MIBITY »KoHe MaMaH/ILIKTap/Ibl XK1l 63~
repTy CUAKTBI MOCceJeIepl mernryre 6aruITTaaran, 0y Kedinece KypbLIbIMIaIraHn
KociOn KeHec OepyiiH »KOKTBIFBIHAH TYbIHIaMIbl. OChl Moceeep i merry YImH
CTYJIEHTTEP/IIH, 1eMOrpadUsIbIK JIepeKTepi, aKaJeMUIbIK, Ka30aIaphbl KoHe 2Ke-
Ke epeKINeJIKTeP], COHJIali-aK YHUBEPCUTET MaMaHIbIKTAPBIHBIH erzKei-TerKeii
npoUIbIIEPl CUSIKTBI OPTYPJI MOJIMETTED KUHAJILI. Byl MomimerTepi enjiey
JKOHE HAKTBHI YCHIHBICTAp 2Kacay VIIH KOHTEHTTIK Ccy3rijiey, Ko/L1abopaTuBTIK CYy3-
rijiey, OYJIBIHFBID JIOTUKA YKOHE apaJjac TOCLIIep/Ii KAMTUTHIH 3aMaHayu MalluHa-
JIBIK, OKBITY omicTepi Koamaubliabl. PCRS tuivginiri C/IY YauBepcuTeTiHiH CTY-
JICHTTEPIHIH HAKTHI JlepeKTepiMen Tekcepii. Hormxkenep kepceTkenjeit, xKyiie
CTYJIEHTTEP/IiH, MeNTM KaObL/I/Iay IPOIECTEPIH KOHE TaH/araH MaMaH/IbIKTAPbIHA
KAHAFATTAHYBIH €JI9yip »KaKcapTa OTBIPBII, ©3€KTI KOHE YKEKe KOCiOMm KeHecTep
oepe asagpl. MBTI Goiibinma kKeke Ty/ra TYpJepiH aKaJeMUSAIBIK, KEeTiCTIKTep
JiepeKTepiMeH OipikTipe oThIpBIN, Oyl 3epTTey OLTiM O6epy TEeXHOJOTHAIAPbl MEH
KociOu KeHec Oepy/ie KaHa TOCL/IJI YehIHAIBI. Byt 3epTTey e o3ip/eHren TyciHiKTep
MeH 9JIicTeMelIep YKCaC KUbIHJIBIKTapra Tam 00/ral Oacka afiMakTap/a KOJIJanyra
Oeitimie/yl MYMKIH, HOTH2KECIHJIE CTYJIEHTTEepre CaHaJsbl KoHe KaHaraTTaHapJIbIK
KoCiOM TaHjIay Kacayra KOMEKTeCe.



AnHoTtanmng

Jannast mpuccepranug npejcrasiser [lepconammsuposannyio Cucremy Peko-
mergarmii o Kapeepuomy Ilytu (PCRS), npejaasHauennyo Jijisi CTapiieK/iace-
ko Kasaxcrana, ocoberno Tex, Kro uaTepecyercs STEM (Hayka, Texnosornw,
WHKeHepust 1 MaTeMaTnka). CrcTeMa UCHOIb3yeT TUIIBI JIHIHOCTH 10 UHIUKATODY
Maitepe-Bpurre (MBTI) u akajieMudeckyo ycreBaeMoCTb CTYIEHTOB JJisl IPeJIo-
CTaBJIEHAs TEePCOHATU3UPOBAHHBIX PEKOMEHJIAIIN 110 BBIOOPY YHUBEPCUTETCKUX
cruenrabaocTeil. MccienoBanme HapaB/ieHO Ha peIlieHre PACIIPOCTPAHEHHBIX ITPO-
0J1eM, ¢ KOTOPBIMHU CTAJIKUBAIOTCS CTY/IEHTHI, TAKUX KAK BBICOKUI YPOBEHb OTCE-
Ba W YaCcTble M3MEHEeHUs CIEeIUATbHOCTEH, YaCTO BOSHUKAIOIINE N3-38 OTCYTCTBUS
CTPYKTYPUPOBAHHOTO KapbepPHOI'0 KOHCYJIbTUpOBaHus. s perrenus 3TUX IIPo-
6JsieM ObLIO coOpaHo pa3zHooOpasue JIAHHBIX, BK/IIOYas JeMorpaduieckue JaHHble
CTYJIEHTOB, aKaJeMUYICCKIE 3AINCH U JITYHbIE XaPAKTEPUCTUKHU, a TaK¥Ke JIeTaIhb-
Hble TPO(UIN YHUBEPCUTETCKUX CHeIuajbHocTeil. [yt o0paboTKu 3TUX JTAHHBIX
U CO3JIaHMS TOYHBIX PEKOMEH AN MCIIOIH30BAINCH MTEPEIOBbIE METO/IbI MAIIH-
HOT'O 00yYeHMs, BK/IIOUasd KOHTEHTHBIE (hUIbTPAINN, KOJLTabOpaTUBHbIE (DUIBTPa-
1K, HEIETKYIO JIOTUKY U TUOpHIHbIE 110,1X0/1bl. dddekTusnocts PCRS ObLita mpo-
TECTUPOBaHA Ha peabHbIX JAHHBIX cTyaenToB YHuusepcutera CJ/IY. Pesynbrarst
[IOKA3aJ/I1, YTO CUCTEMa CIIOCOOHA IIPEIOCTAB/IATH PEJIEBAHTHBIE U IIEPCOHATN3UPO-
BaHHbIE PEKOMEH,IAINN 110 KAPbEPHOMY ITyTH, 3HATUTE/IFHO YTy dIast IIPOIECC MPU-
HATHUS PEIIeHNH 1 yJI0BJIETBOPEHHOCTD CTY/IEHTOB BHIOPAHHBIMU CIIEIIHAILHOCTIMU.
O6benunsist oneHKH AUIHOCTHBIX TUIOB 10 MBTI ¢ nanubiMu 06 akajieMudecKoi
yCIIEBAEMOCTH, 3TO UCCJIeIOBaHUE IIpeJijlaraeT HOBBIN I10/IX0/1 K 00pa3oBaTe/ IbHbIM
TEXHOJIOIUSIM U KAPbEPHOMY KOHCYJIBTUPOBaHNIO. VIHCAITHI 1 METOMOIOT NN, Pa3pa-
OOTaHHBIE B 9TOM UCCJIEIOBAHUH, MOT'YT OBITH 8 IalITUPOBAHBI JIJIsl KCITOJIb30BAHUS B
JIDYTUX PEruOHaX, CTAJKHBAIONIUXCA C AHAJIOITIHBIME ITPOOIEeMaMu, 9YTO B KOHEY-
HOM UTOI€ TTIOMOKET OOJIBINEMY KOJIMIECTBY CTYJIEHTOB Jej1aTh WH(POPMUPOBaHHbIE
U YJIOBJIETBOPSIIOIINE WX KaPbEePHbIE BHIOOPHI.

vi



Abbreviations

MBTTI - Myers-Briggs Type Indicator

PCRS - Personalized Career-Path Recommender System
STEM - Science, Technology, Engineering, and Mathematics
ML - Machine Learning

AT - Artificial Intelligence

CBF - Content-Based Filtering

CF - Collaborative Filtering

vil



Table of Contents

Declaration

Acknowledgements

Dedication

Abstract

Anpnarna

List of Abbreviations

1 Introduction

2 Literature Review

2.1
2.2
2.3
24

2.5
2.6

Recommender Systems in Education . . . ... ... ... .. ...
Course Recommender Systems . . . . . .. .. ... ... ... ...
Personalized Career-Path Recommender Systems . . . . . . .. ..
MBTT Personality Types . . . . . .. . ... .. ... ..
2.4.1 MBTI in Career Guidance . . . . . . . . ... ... ... ..
2.4.2 MBTI and Academic Performance . . . . . . ... ... ...
24.3 MBTIin STEM Education . . ... ... .. ... .....
Fuzzy logic in recommendation systems . . . . . . . . ... ... ..
Implementation in Developing Countries . . . . . ... .. ... ..

3 Methodology and Results

3.1

3.2

3.3

Methodology: Data Description . . . . . ... ... ... .. ....
3.1.1 UserData . . ... ... ... . ..
3.1.2 Item (Major) Data . . . ... ... ... ... ......
3.1.3 Interaction Data . . . . . .. ... ... .. ... ......
3.1.4 Data Summary . . . .. .. ..
Methodology: Data Cleaning Process . . . . . ... .. ... .. ..
3.2.1 User Data Cleaning . . . . . . . . .. .. ... ... .....
3.2.2 Item Data Cleaning . . . . . . . . .. .. ... ... .....
3.2.3 Interaction Data Cleaning . . . . . . .. .. .. ... ....
Methodology: Data Transformation . . . . . . ... ... ... ...
3.3.1 One-Hot Encoding for Categorical Variables . . . . . . . ..

viil

ii

iii

v

vii



3.4

3.5

3.6

3.7

3.8

3.9

3.10

3.3.2 Scaling of Numerical Features . . . . . ... ... ... ... 20

3.3.3 Creating Interaction Features . . . . .. ... ... .. ... 20
3.3.4 Combining All Steps . . . . . . . . ... . 21
Methodology: Normalization/Scaling of Numerical Features . . . . 21
3.4.1 Identification of Numerical Features . . . . . . . .. ... .. 21
3.4.2 Application of Standard Scaling . . . . ... ... ... ... 21
3.4.3 Implementation Steps . . . . . ... ... ... ... 22
Methodology: Statistical and Correlation Analysis . . . . . . . .. 22
3.5.1 Statistical Analysis . . . . . ... ... L 22
3.5.1.1 Descriptive Statistics . . . . . ... ... ... ... 22
3.5.1.2 Distribution Analysis . . . . . . . .. .. ... ... 23
3.5.2  Correlation Analysis . . . . . . ... ... ... ... .. .. 24
3.5.2.1 Correlation Matrix . . . . . ... .. ... ... .. 24
3.5.2.2 Heatmap Visualization . . . . . . .. ... ... .. 24
Methodology: Recommendation Algorithms - Content-Based Filtering 25
3.6.1 User Profile Construction . . . . . ... ... ... ..... 25
3.6.2 Item Profile Construction . . . . ... ... ... ... ... 26
3.6.3 Similarity Measurement . . . . . .. .. ... ... ... .. 26
3.6.4 Recommendation Generation . . ... ... .. ....... 27
3.6.4.1 Example Scenario. . . . . . ... ... 27
Methodology: Recommendation Algorithms - Collaborative Filtering 28
3.7.1 Conceptual Framework . . . . . . ... ... ... ...... 28
3.7.1.1  User-Based Collaborative Filtering . . . ... ... 28
3.7.1.2 Item-Based Collaborative Filtering . . . .. .. .. 29
3.7.2 Example Scenario . . . . .. ... 29
3.7.3 Advantages and Limitations . . . . . . ... ... ...... 30
Methodology: Recommendation Algorithms - Fuzzy Logic . . . . . 30
3.8.1 Conceptual Framework . . . . . . ... ... ... ...... 31
3.8.1.1 Fuzzification . . . ... .. ... ... ... ... 31
3.81.2 Fuzzy RuleBase . ... .. ... .. ... ..... 31
3.8.1.3 Inference Engine . . . . ... ... ... ... ... 32
3.8.1.4 Defuzzification . . . . ... ... .. ... .. ... 32
3.8.2 Example Scenario . . . . . ... ... L. 32
3.8.3 Advantages and Limitations . . . . . ... ... ... ..., 32
Methodology: Recommendation Algorithms - Hybrid Approach . . 33
3.9.1 Conceptual Framework . . . . . . ... ... ... ...... 33
3.9.2 System Architecture . . . ... ... ... L. 33
3.9.2.1 Content-Based Filtering Component . . . . . . .. 34
3.9.2.2 Collaborative Filtering Component . . . . . . . .. 34
3.9.2.3 Fuzzy Logic Component . . . . . .. .. ... ... 34
3.9.3 Aggregation Mechanism . . . . .. ... .. ... .. .... 34
3.9.4 Example Scenario . . . . .. ... 35
3.9.5 Advantages and Limitations . . . . . . ... ... ... ... 35
Methodology: Model Evaluation and Selection . . . . . . ... ... 36
3.10.1 Evaluation Metrics . . . . . ... ... ... ... .. ..., 36
3.10.2 Cross-Validation . . . .. ... ... ... ... ....... 37

X



3.10.3 Model Comparison . . . . . . . . .. .. ... ...
3.10.3.1 Graphical Representation . . . . .. .. ... ...
3.10.4 Model Selection . . . . . . .. ... ...

4 Discussion

4.1 TImplications of Findings . . . . . . . ... ... ... ... .....
4.2 Strengths of the Study . . . . . . ... ... oo
4.3 Limitations of the Study . . . . . ... ... ... ... ... ...
4.4 Potential Impact and Future Directions . . . . . . . ... ... ...

5 Conclusions and future work

5.1 Conclusions
5.2  Future Work

Bibliography

40
40
40
41
41

43
43
43

44



Chapter 1

Introduction

Choosing a university specialization is one of the most pivotal moments in a
person’s life. It’s a decision that sets the course for their future career and personal
growth. For high school students in Kazakhstan, this decision-making process is
often fraught with challenges and uncertainties. Unlike their counterparts in many
developed countries, these students lack access to comprehensive career guidance
resources. This means that they often have to rely on subjective advice from
family and friends or make choices based on the perceived prestige of certain fields.
Unfortunately, this can lead to significant mismatches between their abilities and
their chosen areas of study, resulting in high dropout rates and frequent changes in
university majors. These issues underscore the urgent need for a more systematic
and personalized approach to career guidance, one that can help students make
informed decisions aligned with their strengths and interests [1, 2|.

Problem Statement

In Kazakhstan, the process of selecting a university specialization is particu-
larly challenging due to the absence of structured career guidance resources. High
school students often base their critical decisions on limited and subjective infor-
mation, leading to poor alignment between their personal strengths and academic
paths. This misalignment results in high dropout rates and frequent changes in
majors, causing frustration and wasted resources. The current system fails to pro-
vide the necessary support to help students navigate these important decisions,
underscoring the need for an effective solution that can deliver personalized, data-
driven recommendations. Addressing this problem is crucial for improving student
outcomes and ensuring that educational investments yield the desired benefits.

Aim of the Research Work

The primary aim of this research is to develop a Personalized Career-Path Rec-
ommender System (PCRS) tailored specifically for high school students in Kaza-
khstan. This innovative system will utilize students’ Myers-Briggs Type Indica-
tor (MBTI) personality types and their academic performance in key subjects to
generate personalized recommendations for university specializations. By align-
ing students’ inherent strengths and interests with appropriate STEM (Science,
Technology, Engineering, and Mathematics) fields, the PCRS seeks to enhance
the decision-making process, ensuring that students select specializations that are



well-suited to their individual profiles. This approach aims to reduce the rate
of dropouts and increase student satisfaction by providing a more targeted and
supportive career guidance tool.

Research Objectives

The main objectives of this research are multifaceted, aiming to address various
aspects of the career decision-making process:

1. To analyze the current challenges faced by high school students in Kaza-
khstan when selecting university specializations. This objective involves conduct-
ing a thorough investigation into the existing decision-making processes and iden-
tifying gaps and deficiencies in the current career guidance resources available to
students.

2. To develop a comprehensive framework for a personalized recommender
system that integrates MBTT personality types and academic performance metrics.
This framework will serve as the foundation for the PCRS, detailing the algorithms
and methodologies used to generate personalized recommendations.

3. To implement the PCRS and evaluate its effectiveness in providing relevant
and personalized recommendations to high school students. This step involves the
practical development of the system, followed by rigorous testing with real user
data to assess its accuracy and usability.

4. To assess the impact of the PCRS on students’ decision-making processes and
their satisfaction with their chosen specializations. This includes gathering quali-
tative and quantitative feedback from users to evaluate how the system influences
their educational choices and overall satisfaction.

Significance of the Study

This study is significant because it addresses a critical gap in the educational
system of Kazakhstan. By providing a data-driven tool designed to aid students
in making informed decisions about their future studies, the PCRS aims to bridge
the disconnect between students’ abilities and their chosen academic paths. This,
in turn, can lead to lower dropout rates, higher academic satisfaction, and better
alignment between students’ career aspirations and their academic paths. Beyond
Kazakhstan, the insights and methodologies developed in this study could be ap-
plied to other regions facing similar challenges, thereby contributing to the broader
field of educational technology and career counseling. The potential for this tool to
transform the educational landscape is immense, offering a scalable and adaptable
solution that can meet the needs of diverse student populations.

Scientific Novelty

The scientific novelty of this research lies in its innovative integration of MBTI
personality types with academic performance data to develop a personalized career-
path recommender system specifically for high school students in Kazakhstan.
While various recommender systems exist, this research is unique in its applica-
tion to the Kazakhstani context, taking into account local educational and cultural
factors. By tailoring the system to the specific needs and circumstances of stu-
dents in Kazakhstan, this research provides a novel solution that can significantly
enhance career guidance in the region. Additionally, this study contributes to the
academic literature by exploring the intersection of personality psychology and
educational technology in the context of career decision-making.
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Scope and Limitations

Scope of the Study

The scope of this study encompasses the development and implementation of
a personalized career-path recommender system for high school students in Kaza-
khstan. The system focuses on recommending STEM specializations based on stu-
dents” MBTI personality types and academic performance. Key activities within
the scope include data collection from high school students, the development of
the PCRS framework, and the evaluation of its effectiveness through user testing
and feedback. The study aims to provide a detailed analysis of how personalized
recommendations can improve students’ decision-making processes.

Limitations of the Study

Geographical Limitation: The study is confined to high school students in Kaza-
khstan, which may limit the generalizability of the findings to other regions. Dif-
ferent cultural and educational contexts might require adaptations of the PCRS
framework.

Data Availability: The effectiveness of the PCRS depends on the accuracy
and completeness of the data collected from students, including their academic
performance and personality assessments. Any inconsistencies or gaps in the data
could affect the system’s recommendations.

User Adoption: The success of the system relies on its acceptance and adoption
by students and educational institutions. Factors such as awareness, accessibility,
and user trust can influence the extent to which the PCRS is utilized.

Technological Constraints: The implementation of the PCRS as a mobile or web
application may face technological limitations, including software compatibility,
user interface design challenges, and potential issues with data privacy and security.
Ensuring that the system is user-friendly and accessible to all students is essential
for its widespread adoption and success.

Structure of the Thesis

The thesis is organized into the following chapters:



1.Introduction: This chapter provides an overview of the research problem, the
aim of the research, objectives, significance, scientific novelty, scope, and limita-
tions. It sets the stage for the subsequent chapters by outlining the context and
importance of the study.

2.Literature Review: This chapter reviews existing studies and methodologies
related to recommender systems, MBTI personality types, and career guidance in
educational contexts. It explores the theoretical foundations and identifies gaps
in current knowledge, providing a basis for the development of the PCRS. The
literature review also discusses the evolution of career guidance technologies and
the role of personality assessments in educational settings.

3.Methodology: This chapter details the research design, data collection meth-
ods, and the framework development for the PCRS. It explains how the data was
collected, processed, and analyzed to develop the recommender system. This sec-
tion also discusses the algorithms and techniques used to integrate personality and
academic data. The methodology chapter outlines the steps taken to ensure the
reliability and validity of the data, as well as the ethical considerations involved
in the research.

Results: This chapter describes the implementation of the PCRS, the experi-
mental setup, and the evaluation of its effectiveness based on collected data. It
presents the findings of the study, including statistical analyses and user feedback,
and discusses their implications. The results are presented in a detailed manner,
with charts and graphs to illustrate the effectiveness of the PCRS in providing per-
sonalized recommendations. This chapter also compares the system’s performance
with existing career guidance methods.

4.Discussion: This chapter analyzes the findings, discusses the implications of
the results, and compares them with existing literature. It addresses the limitations
of the study and suggests areas for future research. The discussion also reflects
on the practical applications of the PCRS and its potential impact on educational
practices. This section explores how the PCRS can be improved and adapted for
use in different educational contexts.

5.Conclusion and Future Work: This chapter summarizes the research findings,
highlights the contributions of the study, and suggests directions for future re-
search. It reflects on the overall impact of the PCRS and its potential for further
development and application. The conclusion reiterates the importance of person-
alized career guidance and its benefits for students in Kazakhstan and beyond.
Future work could involve expanding the system to include other fields of study
and refining the algorithms to improve recommendation accuracy.



Chapter 2

Literature Review

The literature review explores existing studies and methodologies related to rec-
ommender systems, MBTI personality types, and career guidance in educational
contexts. This section aims to provide a comprehensive understanding of the theo-
retical foundations and identify gaps in current knowledge, setting the stage for the
development of a Personalized Career-Path Recommender System (PCRS) tailored
to high school students in Kazakhstan.

2.1 Recommender Systems in Education

Recommender systems have gained significant importance across various sec-
tors, including e-commerce and entertainment, for their ability to personalize user
experiences. In the educational domain, these systems have the potential to rev-
olutionize learning outcomes by offering tailored recommendations for courses,
learning materials, and career paths. There are three main types of recommender
systems commonly used in education: content-based, collaborative filtering, and
hybrid systems [3].

Content-based recommender systems analyze the characteristics of items a user
has interacted with to generate recommendations, focusing on intrinsic properties
and user preferences [4]. In an educational context, these systems can suggest
courses or academic materials similar to those in which a student has excelled,
such as recommending advanced math courses to a student who performs well
in mathematics. The advantage of content-based systems lies in their ability to
provide highly relevant suggestions by honing in on the specific attributes of items
and user preferences [5] [6].

On the other hand, collaborative filtering systems rely on the preferences and
behaviors of similar users to make recommendations, assuming that users who
have agreed in the past will agree in the future . In education, collaborative filter-
ing can be effective in identifying patterns among students with similar academic
profiles and interests, recommending disciplines or courses based on the behavior
of groups of high-performing students in specific subjects . This method can un-
cover relationships and preferences that may not be immediately apparent through
content-based approaches alone [7].

Hybrid recommender systems, which combine content-based and collaborative



filtering approaches, are particularly valuable in educational settings where mul-
tiple data points can offer a more comprehensive view of a student’s capabilities
and interests . By integrating different recommendation strategies, hybrid systems
can enhance accuracy and address limitations associated with using a single ap-
proach. For example, a hybrid system might use content-based methods to suggest
initial courses based on a student’s past performance and then refine those recom-
mendations using collaborative filtering based on similar students’ preferences [§]
[9].

Research has shown that collaborative filtering algorithms, such as user-based
and item-based collaborative filtering, are widely used and effective in recom-
mendation systems [10]. These algorithms predict user preferences by analyzing
similarities between users or items, providing personalized recommendations based
on past behaviors . Additionally, studies have explored the impact of matrix fac-
torization and regularization hyperparameters on the accuracy of recommender
systems, highlighting the importance of these factors in optimizing recommenda-
tion performance [11].

Moreover, the application of collaborative filtering in educational settings has
been investigated to enhance the recommendation of courses and academic mate-
rials [12|. By leveraging collaborative filtering algorithms, educational platforms
can offer personalized recommendations to students based on their interests and
behaviors, improving the accuracy and efficiency of the recommendation process
[13]. Additionally, the use of hybrid recommendation algorithms that combine
collaborative filtering with other techniques has been proposed to further enhance
the personalization of educational recommendations [14] [15].

In the realm of collaborative filtering, research has delved into developing per-
sonalized algorithms based on user interests and relationships to improve recom-
mendation accuracy [16]. These algorithms aim to address the sparsity and ac-
curacy challenges often encountered in traditional collaborative filtering methods,
offering more tailored and precise recommendations to users . Furthermore, studies
have explored the use of inferred tag ratings and ratio-based algorithms to enhance
user-based collaborative filtering, emphasizing the importance of computing user
similarities in recommendation systems [17].

Collaborative filtering techniques, such as user-based and item-based collabora-
tive filtering, have been extensively studied and applied in various domains to assist
users in finding relevant items based on their preferences and behaviors . These
methods leverage user-item interactions to predict preferences and provide per-
sonalized recommendations, contributing to the effectiveness of recommendation
systems [18]. Additionally, the integration of social information and graph signal
processing in collaborative filtering has been explored to enhance recommendation
accuracy by leveraging additional data sources|19].

2.2 Course Recommender Systems

Course recommender systems play a crucial role in modern education by assist-
ing both students and educators in selecting courses that align with individual
learning styles, academic performance, and interests. introduced a smart course



recommender system tailored to different learning styles, emphasizing the impor-
tance of personalized course recommendations to enhance student engagement
and academic success. This system utilizes machine learning algorithms to ana-
lyze student behavior and preferences, thereby suggesting courses that match their
learning profiles [20]. Similarly, developed a hybrid course recommender system
that integrates data from professors and students to provide personalized recom-
mendations based on factors like academic performance, interests, and feedback
from peers and instructors|21]|. By combining collaborative filtering and content-
based filtering techniques, this system ensures more accurate and effective course
suggestions, leading to a comprehensive understanding of student needs [20] [21]
[22].

The advancement of deep learning techniques has significantly influenced the
development of algorithmic aspects in recommender systems. Researchers have
increasingly turned to deep learning as the method of choice for enhancing the
capabilities of recommendation algorithms. These techniques have shown promise
in predicting user preferences and improving the accuracy of course recommen-
dations [23|. Furthermore, the integration of knowledge graphs and collaborative
filtering has been explored in personalized course recommendation systems. Fusing
knowledge graphs with collaborative filtering techniques can effectively recommend
courses to learners, outperforming traditional recommendation algorithms in terms
of precision, recall, and F1 scores [24].

In the realm of online education, the design and implementation of course
recommendation algorithms are pivotal. These algorithms play a crucial role in
guiding students towards suitable learning paths based on their career goals and
interests, thereby enhancing the overall learning experience [25]. Moreover, the
utilization of autoencoders in online teaching course recommendations has been
explored. By leveraging autoencoders and the Softmax function, this approach
aims to provide tailored course recommendations to students, further emphasizing
the importance of personalized learning experiences in online education |26].

Machine learning algorithms have been instrumental in developing recommender
systems that cater to the diverse needs of students. A machine learning-based rec-
ommender system can predict suitable actions based on course specifications, aca-
demic records, and learning outcomes assessments. By leveraging different machine
learning algorithms, such systems aim to enhance students’ learning experiences
through personalized recommendations [27]. Additionally, the implementation of
machine learning-based MOOC recommender systems has been explored to predict
learner motivation and offer personalized course recommendations. Considering
learner characteristics in recommender systems is crucial to broadening the scope
of recommendations in MOOCs and maintaining learner motivation [28].

In the context of academic performance prediction, machine learning algorithms
have been applied to forecast students’ learning features and performance. The
efficacy of the NN algorithm in predicting student performance showcases the po-
tential of machine learning technologies in understanding and predicting students’
academic outcomes [29]. Furthermore, predictive analytics have been utilized to
forecast student academic performance during online learning. The effectiveness
of the SVM algorithm in regression and classification methods underscores its role



in predicting student academic performance accurately [30].

The continuous evolution of recommendation algorithms in various domains,
including education, healthcare, and social networking, underscores the impor-
tance of leveraging machine learning and deep learning techniques to enhance user
experiences. These algorithms play a pivotal role in tailoring recommendations
to individual preferences, thereby improving decision-making processes and user
engagement. By incorporating diverse data sources, collaborative filtering, and
content-based filtering methods, recommender systems can provide personalized
recommendations that cater to the unique needs of users, ultimately enhancing
user satisfaction and overall outcomes.

2.3 Personalized Career-Path Recommender Sys-
tems

Personalized career-path recommender systems have gained significant attention
in recent years due to their potential to assist individuals in making informed
decisions about their professional trajectories. A student-centric recommendation
system based on a research analytics framework to aid in selecting the best career
path. This approach emphasizes the importance of tailoring recommendations to
individual students’ needs and aspirations, highlighting the value of personalized
guidance in career planning [31].

In the realm of recommender systems, user preferences play a crucial role. A
classification framework for modeling user preferences in recommender systems,
considering factors such as cognitive effort, user model, scale of measurement, and
domain relevance. Understanding and incorporating user preferences are funda-
mental in developing effective personalized recommendation algorithms that can
cater to the unique needs and interests of each individual [32].

Contextual information is another key aspect in the design of personalized rec-
ommender systems. The significance of context in constructing effective recom-
mendation models. By leveraging contextual cues such as location, time, and user
behavior, recommender systems can offer more relevant and tailored suggestions
to users, enhancing the overall user experience [33].

Moreover, the temporal dimension is essential in recommendation systems. A
time-aware hybrid approach for intelligent recommendation systems for individual
and group users, addressing challenges and limitations in existing recommendation
techniques. Incorporating temporal dynamics into recommendation algorithms
can improve the accuracy and relevance of suggestions over time, reflecting users’
evolving preferences and needs [34].

In the domain of personalized location-aware recommendations, a personalized
location-aware multi-criteria recommender system based on context-aware user
preference models. By considering users’ preferences in different contexts and
locations, this system aimed to deliver tailored recommendations that align with
users’ specific requirements and interests, showcasing the importance of context-
awareness in recommendation algorithms [35].

Conversational recommender systems have emerged as a promising approach



to enhancing user engagement and satisfaction. User-centric conversational rec-
ommendation with multi-aspect user modeling, emphasizing the importance of
high-quality recommendations in conversational interactions. By integrating nat-
ural language processing and user modeling, conversational recommender systems
can offer more personalized and engaging recommendations to users, fostering a
more interactive and user-friendly experience [36].

Furthermore, the concept of serendipity in recommendations has gained atten-
tion in recent research. A serendipity recommendation method for book cate-
gories using BERT, focusing on incorporating unexpected but relevant suggestions
to enhance user satisfaction and recommendation accuracy. By introducing ele-
ments of surprise and novelty in recommendations, serendipity-based approaches
can broaden users’ horizons and introduce them to new and exciting content they
may not have discovered otherwise [37].

Personalized career-path recommender systems leverage user preferences, con-
textual information, temporal dynamics, and conversational interfaces to offer tai-
lored recommendations that align with individuals’ goals and aspirations. By
integrating these elements effectively, recommender systems can provide valuable
guidance to users, helping them navigate their career paths with confidence and
clarity.

2.4 MBTI Personality Types

2.4.1 MBTI in Career Guidance

The Myers-Briggs Type Indicator (MBTI) is a psychological tool designed to
categorize individuals into one of 16 distinct personality types. This categoriza-
tion is based on four key dichotomies: Extraversion vs. Introversion, Sensing vs.
Intuition, Thinking vs. Feeling, and Judging vs. Perceiving. Each personality
type results from the combination of these dichotomies, leading to a comprehen-
sive profile of an individual’s preferences and tendencies. Table 2.1 illustrates the
16 MBTTI personality types [38].

Table 2.1 - MBTI Personality Types [38]

ISTJ | INTJ | ESTJ | ENTJ
ISTP | INTP | ESTP | ENTP
ISFJ | INFJ | ESFJ | ENFJ
ISFP | INFP | ESFP | ENFP

In the realm of career guidance, the MBTT plays a role in helping individuals
understand their preferences, strengths, and areas for development to make in-
formed career choices|39]. Career counselors use the MBTI to assist individuals in
aligning their personality traits with suitable career paths. Research has shown a
positive correlation between career satisfaction and choosing a career that aligns
with one’s MBTI type, leading to increased job performance and overall well-being
[40] [41].



Studies have explored the relationship between personality types and career
choices in various professions. For instance, research examined the personality
preferences of junior doctors and attending physicians across different medical spe-
cialties, revealing common personality types among these healthcare professionals
[42]. Similarly, a study on nurses in Indonesia linked caring behavior to personal-
ity traits, emphasizing the importance of understanding personality in providing
humanized healthcare services [43|. These studies highlight the significance of con-
sidering personality types in career-related fields to enhance job satisfaction and
performance.

The application of the MBTI extends beyond traditional career counseling into
diverse domains. For example, it has been utilized to analyze the personality
types of junior doctors in Oman, shedding light on the preferences of those in-
clined towards family medicine [44] [45]. Furthermore, research has examined the
relationship between personality and music majors, emphasizing the relevance of
understanding personality in academic disciplines [46]. Such research emphasizes
the broad utility of the MBTI in various contexts beyond career guidance.

Advancements in technology have enabled innovative applications of the MBTT.
Recent studies have explored the use of machine learning algorithms to predict
individuals’ MBTT types based on text analysis, showcasing the potential for au-
tomated personality assessment ("Human Personality Prediction by Text Analysis
Using CNN", 2023). Additionally, the MBTI has been employed in predicting
team performance, indicating the multifaceted utility of personality assessments
in diverse settings [47].

The MBTT’s influence extends to educational settings, as evidenced by studies
highlighting the impact of counseling based on MBTTI results on students’ aca-
demic achievements, emphasizing the role of personality in educational outcomes
[48]. Furthermore, research has explored the relationship between MBTI person-
ality types, gender, and career interests among veterinary students, showcasing
how personality influences academic and career preferences [49] [50|. These stud-
ies underscore the relevance of considering personality types in educational and
vocational contexts to enhance student engagement and success.

2.4.2 MBTI and Academic Performance

The relationship between MBTI personality types and academic performance
has been a topic of interest among researchers, shedding light on how certain
personality traits can impact learning styles, study habits, and overall academic
success. Studies have revealed that students with a preference for Sensing (S) tend
to excel in subjects that require attention to detail and practical application, like
science and engineering, while those with a preference for Intuition (N) thrive in
subjects that demand abstract thinking and creativity, such as literature and the
arts [51].

Understanding the interplay between personality types and academic perfor-
mance can offer valuable insights for educators and career counselors. By recogniz-
ing the strengths and preferences associated with different MBTI types, educators
can tailor their teaching methods to better suit the needs of students. Similarly,
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career counselors can leverage this information to guide students towards aca-
demic paths and careers that align with their natural inclinations and strengths,
ultimately enhancing their academic journey and future prospects [52].

Integrating the MBTT into educational settings can empower students to gain
a deeper understanding of their learning preferences and how to leverage them for
academic success. For instance, students identified as Thinking (T) types may
benefit from structured, logic-based learning approaches, while Feeling (F) types
might thrive in environments that emphasize collaboration and personal relevance.
By recognizing and accommodating these preferences, educators can create more
inclusive and effective learning environments [53].

Research has delved into the differences in academic achievement among stu-
dents based on their MBTT personality types. The study highlighted that students
in Information and Communication Engineering (ICE) with preferences for Intro-
version (I), Sensing (S), and Judging (J) types demonstrated significantly higher
academic performance compared to those who did not exhibit these preferences,
underscoring the impact of personality dimensions on academic success [54].

Moreover, studies have empirically examined the influence of Introversion and
Extraversion, as per the MBTI personality model, on academic performance.
Through statistical analysis, these studies aimed to establish a linear relation-
ship between personality types and academic achievement, providing insights into
how different personality traits can impact students’ academic outcomes [55].

Incorporating MBTI assessments into academic settings can also aid in cre-
ating optimal student groups for e-learning. By utilizing methodologies like the
Enneagram test and refining them with the MBTT test, educators can tailor group
compositions based on students’ personality types, potentially enhancing collabo-
ration and learning outcomes in online educational environments [56].

Furthermore, the MBTT has been utilized to mitigate miscommunications within
chemical engineering design teams, as evidenced by the work of . By leveraging
knowledge of Myers-Briggs Type Indicator (MBTT) personality types, teams can
enhance their communication strategies and foster better collaboration, ultimately
improving project outcomes and team dynamics [57].

2.4.3 MBTI in STEM Education

The application of the Myers-Briggs Type Indicator (MBTI) in STEM (Science,
Technology, Engineering, and Mathematics) education has garnered significant at-
tention in research. Studies, such as the one by Felder, Felder, and Dietz (2002)[58],
have highlighted the prevalence of Thinking (T) and Judging (J) types among en-
gineering students, suggesting that these personality traits may be advantageous
in STEM fields that require logical analysis and systematic problem-solving [59].
While certain personality types may be more common in STEM disciplines, di-
versity in personality types can bring a range of perspectives and problem-solving
approaches, enriching the field [60].

Research has indicated that Intuitive (N) types may excel in innovative and
research-oriented roles within STEM, while Perceiving (P) types might thrive in
dynamic and adaptable environments, such as tech startups [61]. By understanding
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the distribution of MBTI types in STEM fields, educators and counselors can
better support students by tailoring resources and support to meet the specific
needs of different personality types, ultimately enhancing student engagement and
retention in STEM programs [62].

Moreover, studies like that of have investigated the impact of an ROV (Re-
motely Operated Vehicle) competition curriculum on student interest in STEM,
particularly in technology and engineering . Such programs embed various aspects
of science, technology, engineering, and math (STEM) into their curriculum, em-
phasizing interest and perception in these fields [63]. Additionally, the study by
on KS-LSAMP Pathways to STEM highlights a system approach to minority par-
ticipation in STEM, focusing on gender and disabilities issues in post-secondary
STEM education, mentoring, and program evaluation [64].

The role of mentoring programs in supporting underrepresented minority grad-
uate students in STEM has been explored in studies like that of , which delves into
the supportive practices used with underrepresented minority graduate students
to address disparities and raise awareness of student needs in STEM graduate
programs [65]. Furthermore, have investigated enhancing the success of minor-
ity STEM students by providing financial, academic, social, and cultural capital
through collaborative efforts among STEM faculty, college staff, administrators,
and various partners [66].

The application of the MBTI in STEM education offers valuable insights into
the diversity of personality types within these fields and how educators and coun-
selors can better support students based on their individual preferences and strengths.
By recognizing and accommodating different personality types, STEM programs
can create more inclusive and effective learning environments, ultimately fostering
student engagement, retention, and success in STEM disciplines.

2.5 Fuzzy logic in recommendation systems

Fuzzy logic is a valuable tool in recommendation systems, providing a flexible
approach to matching and similarity assessment. In recommendation systems,
where the aim is to offer personalized suggestions based on user preferences and
behaviors, fuzzy logic helps manage uncertainty and imprecision in data. One
key advantage of fuzzy logic in recommendation systems is its ability to relax the
need for exact matches between forecasts and observations . This flexibility allows
recommendation systems to consider a wider range of factors and provide more
nuanced recommendations to users|67].

In collaborative filtering recommender systems, fuzzy logic has been effectively
used to enhance recommendation accuracy. For instance, introduced the Fuzzy-
based Telecom Product Recommender System (FTCP-RS), which integrates fuzzy
set techniques with collaborative filtering methods to recommend mobile products
and services [68]. By optimizing fuzzy similarity measures through genetic algo-
rithms, this system showcases the benefits of leveraging fuzzy logic in improving
the recommendation process.

Furthermore, fuzzy logic has been applied in novel ways in collaborative filtering
recommendation systems. proposed a simulated collaborative filtering recommen-
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dation system that utilizes cloud models and triangular fuzzy numbers to express
users’ evaluations on items, resulting in more accurate collaborative filtering rec-
ommendations [69]. This innovative use of fuzzy logic demonstrates its potential
in capturing complex user-item interactions for precise recommendations.

In personalized commodity recommendation methods, fuzzy semantics have
been employed effectively. introduced a personalized commodity recommenda-
tion method based on fuzzy semantics, focusing on modeling user interests and
preferences [70]. By utilizing fuzzy semantics, this approach enhances the un-
derstanding of user preferences and facilitates tailored recommendations across
various domains.

In web page recommendation systems, fuzzy semantic logs have been utilized
to develop advanced recommendation algorithms. presented a rough set web page
recommendation algorithm based on fuzzy semantic logs, transforming web access
logs into fuzzy semantic logs to provide personalized web page recommendations .
This approach illustrates how fuzzy logic can process user behavior data to offer
relevant recommendations in web environments [71].

Hesitant fuzzy set theory has been applied to measure product similarity in
recommendation systems, addressing uncertainties in historical ratings and sparse
data matrices. utilized hesitant fuzzy sets to characterize historical ratings, im-
proving the accuracy of product similarity assessments [72]. This application high-
lights the effectiveness of fuzzy logic in handling uncertain information to enhance
recommendation outcomes.

Moreover, fuzzy sets have been integrated into hybrid recommender systems
to model user preferences and enhance recommendation accuracy. designed a
hybrid multi-agent recommender system using interval type-2 fuzzy sets to model
user preferences, needs, and satisfaction [73|. By incorporating fuzzy sets in user
modeling, this system offers a nuanced understanding of user preferences for more
accurate recommendations.

In machine translation, fuzzy matches have been explored to enhance trans-
lation quality. proposed a method to integrate fuzzy matches in neural machine
translation through data augmentation, improving translation accuracy [74]. This
approach shows how fuzzy matching techniques can refine translation outputs and
address linguistic ambiguities.

In consumer-oriented intelligent systems, fuzzy technology has been used to
build consumer profiles for garment recommendation systems. introduced a method
for defining consumer profiles using fuzzy technology and fuzzy AHP to enhance
the personalization of intelligent garment recommendation systems |75]. By lever-
aging fuzzy technology, this approach enables the creation of detailed consumer
profiles for more targeted recommendations in the fashion domain.

Overall, the integration of fuzzy logic in recommendation systems offers a ver-
satile and effective approach to handling uncertainties, imprecisions, and complex
user-item interactions. By leveraging fuzzy sets, fuzzy semantics, and fuzzy simi-
larity measures, recommendation systems can enhance recommendation accuracy,
personalize suggestions, and adapt to diverse user preferences and behaviors. The
various applications of fuzzy logic in recommendation systems underscore its sig-
nificance in improving recommendation quality and user satisfaction.
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2.6 Implementation in Developing Countries

In developing countries like Palestine, the implementation of personalized recom-
mender systems for students, such as the Personalized Career-path Recommender
System (PCRS) developed by , plays a crucial role in assisting high school students
in selecting suitable career paths, particularly in fields like engineering. These sys-
tems consider various factors like academic performance, personality types, and
extracurricular activities to provide tailored recommendations, highlighting the
potential of technology to support students in aligning their abilities with their
career aspirations, especially in regions with limited educational guidance.

The challenges associated with introducing e-learning systems in developing
countries revolve around issues such as the digital divide and limited access to
technology. These challenges underscore the importance of considering infras-
tructure limitations and digital literacy levels when implementing technological
solutions in educational settings, emphasizing the need for inclusive approaches
that address disparities in access to resources and technology [76].

The significance of national standards that focus on career planning and pro-
fessional skills development to support the success of PhD-level scientists in a
global scientific environment has been emphasized. This highlights the impor-
tance of structured guidance and skill development frameworks to enhance the
career prospects of individuals in specialized fields, emphasizing the role of educa-
tional and career planning initiatives in fostering professional growth and success
[77].

Kissi-Abrokwah’s study in Ghana identified socioeconomic, educational, socio-
cultural, and individual factors as key determinants influencing students’ career
paths, underscoring the complex nature of career decision-making processes. Un-
derstanding and addressing these multifaceted factors are essential for developing
effective career guidance strategies that cater to the diverse needs and circum-
stances of students in developing countries, emphasizing the need for holistic ap-
proaches to career planning and guidance [78].

While the focus of career guidance systems like the PCRS is on personalized
recommendations for students, broader policies and practices in career guidance
across different countries reveal common themes and contrasts. Career guidance is
considered a public good in all countries, linked to policy goals related to learning,
the labor market, and social equity. This emphasizes the universal importance
of career guidance in supporting individuals in making informed career decisions
and aligning their skills with market demands, irrespective of cultural or economic
contexts [79].

In Pakistan, concerns about the alignment between skills supply and demand
are key drivers for the development of career guidance initiatives in higher educa-
tion. This underscores the importance of integrating career planning and guidance
within educational systems to ensure that students are equipped with the neces-
sary skills and knowledge to meet the demands of the workforce, highlighting the
role of educational institutions in preparing individuals for successful careers [80].

The role of individual factors, such as gender and sociocultural norms, in shap-
ing career aspirations and decisions is evident. The influence of cultural context on
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career thinking emphasizes the need for career guidance systems to consider not
only individual characteristics but also broader societal values and norms that im-
pact career choices, highlighting the importance of culturally sensitive approaches
to career planning [81].

15



Chapter 3

Methodology and Results

3.1

Methodology: Data Description

A comprehensive understanding of the dataset is fundamental to developing an
effective recommendation system. This section provides a detailed description of
the data collected for the personalized career-path recommender system for STEM
students. The dataset encompasses user data, item (major) data, and interaction

data,

which collectively form the basis for the recommendation algorithms.

3.1.1 User Data

User data consists of individual student profiles, capturing a range of demographic,
academic, and personal attributes. These attributes are critical for constructing
detailed user profiles and include:

UserID: A unique identifier assigned to each student, ensuring data integrity
and facilitating cross-referencing across different datasets.

MBTI Type: The Myers-Briggs Type Indicator (MBTI) personality type
for each student, providing insights into their personality traits and prefer-
ences.

Major: The current academic major of the student, indicating their field of
study.

Year of Study: The academic year in which the student is currently en-
rolled, ranging from 1 (freshman) to 4 (senior).

GPA: The student’s Grade Point Average, reflecting their academic perfor-
mance.

Skills: A list of competencies and knowledge areas that the student pos-
sesses, such as programming languages, laboratory techniques, or mathe-
matical modeling.

Interests: Areas of academic and career interest expressed by the student,
such as artificial intelligence, environmental science, or data analysis.
Satisfaction with Major: A binary indicator (0 for unsatisfied, 1 for sat-
isfied) representing the student’s satisfaction with their current major.
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3.1.2 Item (Major) Data

Item data consists of detailed profiles of the various majors available to students.
These profiles capture essential attributes of each major, which are used to com-
pare against student profiles in the recommendation process. The key attributes
include:
e MajorID: A unique identifier for each major, ensuring accurate data linkage
and retrieval.
e MajorName: The name of the major, such as Computer Science, Biochem-
istry, Physics, or Statistics.
e Department: The academic department offering the major, providing con-
text about the major’s focus and orientation.
e Required Skills: The specific skills necessary for success in the major, such
as data analysis, programming, or experimental techniques.
e Popularity: An indicator of the major’s enrollment figures, reflecting its
acceptance and perceived value among students.
e Major Description: A textual overview outlining the major’s focus, ob-
jectives, and curriculum, offering a qualitative insight into what the major
entails.

3.1.3 Interaction Data

Interaction data captures the relationships between students and majors, docu-
menting their experiences and preferences. This data is pivotal for collaborative
filtering techniques and includes:
e UserID: The unique identifier for the student, linking this data to the cor-
responding user profile.
e MajorID: The unique identifier for the major, linking this data to the cor-
responding major profile.
e Rating: A numerical rating provided by the student for a particular major,
reflecting their satisfaction or preference.
e Feedback: Qualitative feedback or comments provided by the student about
the major, offering deeper insights into their experiences and opinions.

3.1.4 Data Summary

The dataset comprises information from 500 students across various STEM ma-
jors at SDU University. It includes detailed user profiles, comprehensive major
descriptions, and rich interaction data. This diverse and multifaceted dataset en-
ables the development of a robust recommendation system capable of providing
personalized and relevant academic guidance to STEM students.

The detailed data description provides a foundational understanding of the
dataset used in this study. By meticulously capturing various attributes of both
students and majors, and documenting their interactions, this dataset enables the
implementation of sophisticated recommendation algorithms. The richness and
diversity of the data ensure that the recommendation system can deliver personal-
ized and contextually relevant suggestions to STEM students, thereby supporting
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their academic and career development.

Table 3.1 - Summary of Dataset Attributes

Attribute Description

UserID Unique identifier for each student

MBTT Type Myers-Briggs Type Indicator personality type
Major Current academic major of the student

Year of Study Academic year of the student

GPA Grade Point Average of the student

Skills List of competencies and knowledge areas
Interests Areas of academic and career interest
Satisfaction with Major | Binary indicator of satisfaction with current major
MajorID Unique identifier for each major

MajorName Name of the major

Department Academic department offering the major
Required Skills Specific skills necessary for the major
Popularity Enrollment figures indicating major’s popularity
Major Description Textual overview of the major

Rating Numerical rating provided by the student
Feedback Qualitative feedback from the student

Data Collection
Dataset

Data Cleaning

Standardization, Missing |[Values, Outlier Detection

Data Trangformation
One-Hot Encqding, Scaling

Feature Epgineering
Interaction Features| Combined Features

Data Normalization/Scaling
Standard Scaling

Descriptive Statisticl, Correlation Matrix

Statistical and C%relation Analysis

Figure 3.1 - Data Preprocessing Pipeline
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3.2 Methodology: Data Cleaning Process

The data cleaning process was a critical initial step to ensure the integrity and
usability of the data for building a personalized career-path recommender system
for STEM students. This section details the methodologies employed to clean three
main types of data: User Data, [tem (Major/Career Path) Data, and Interaction
Data.

3.2.1 User Data Cleaning

To prepare the user dataset, the following steps were undertaken:

e Standardization: All text-based attributes, such as MBTT type and Major,
were standardized to maintain consistency across the dataset. This involved
converting MBTT results to uppercase and major names to title case to ensure
uniformity.

e Handling Missing Values: Missing values, particularly in key attributes
like GPA, were addressed by imputation. The mean GPA of the dataset was
used to fill in missing GPA values, maintaining the integrity of academic
performance data without introducing bias.

e Outlier Detection and Correction: Outliers in GPA were identified and
corrected. Entries with GPAs outside the typical range (0.0 to 4.0) were
reviewed and adjusted or removed to prevent distortion in subsequent anal-
yses.

3.2.2 Item Data Cleaning

The item data cleaning focused on the attributes of majors or career paths:

e Duplicate Removal: Duplicate entries for majors were identified using
major names as the key identifier. Duplicates were removed to prevent re-
dundancy and potential skewing of the data.

e Missing Data Management: Missing data in fields such as ‘Required
Skills” and ‘Popularity’ were managed by imputation where appropriate.
Missing popularity scores were filled using the median popularity score to
maintain data consistency.

3.2.3 Interaction Data Cleaning

For the interaction data, which captures the relationships between students and
majors:

e Missing Data: Records with missing ratings were excluded from the dataset
to ensure the quality and reliability of interaction metrics.

e Data Type Corrections: To ensure consistency in data processing and
analysis, data types for UserID and MajorID were verified and corrected to
integers, reflecting their nature as identifiers.

The data cleaning process was meticulously carried out to ensure the dataset

was accurate, consistent, and suitable for developing a robust and effective rec-
ommendation system. These steps laid the groundwork for the reliable applica-
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tion of content-based filtering, collaborative filtering, and hybrid recommendation
methodologies in the subsequent stages of the thesis project.

This structured approach not only enhances the credibility of your research but
also ensures the data is primed for complex analyses and recommendation engine
development.

3.3 Methodology: Data Transformation

The data transformation process is a crucial step in preparing the cleaned data
for use in developing the recommendation system. This step involves converting
raw data into a format suitable for analysis and modeling, ensuring that the ma-
chine learning algorithms can effectively process and learn from the data. The
data transformation process for this study involved three main activities: one-
hot encoding of categorical variables, scaling of numerical features, and creating
interaction features. Below are the detailed steps taken in each activity:

3.3.1 One-Hot Encoding for Categorical Variables

One-hot encoding was applied to convert categorical variables into a numerical
format, making them usable for machine learning models. The categorical variables
in this study included the MBTTI type and the majors chosen by the students.

e MBTI Type: The MBTI personality types (e.g., INTJ, ENFP) were con-
verted into binary columns, each representing one of the 16 possible MBTI
types.

e Major: The majors (e.g., Computer Science, Biochemistry) were similarly
encoded into binary columns.

3.3.2 Scaling of Numerical Features

Scaling was applied to numerical features to ensure they were on a similar scale,
which is important for many machine learning algorithms. The numerical features
scaled in this study were the GPA and the year of study.
e GPA: The Grade Point Average, originally ranging from 2.0 to 4.0, was
standardized.
e Year of Study: The year of study, ranging from 1 to 4, was also standard-
ized.

3.3.3 Creating Interaction Features

Interaction features were created to capture relationships between different at-
tributes of the data. For this study, a new feature was introduced to represent the
match between a student’s skills and the skills required for their major. Although
this example used a placeholder function to simulate skill match scores, the actual
implementation would involve a detailed comparison between the student’s and
the major’s required skills.
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e Skill Match Score: This score was generated to quantify how well a stu-
dent’s skills matched the requirements of their chosen major.

3.3.4 Combining All Steps

The final transformed dataset combined all the aforementioned steps, ensuring
that it was ready for further analysis and the development of the recommendation
models. The transformed data now included one-hot encoded categorical variables,
scaled numerical features, and newly created interaction features.

This comprehensive data transformation process ensured that the dataset was
prepared in a way that maximized the effectiveness of the subsequent modeling and
analysis phases, facilitating the development of a robust personalized career-path
recommender system.

3.4 Methodology: Normalization/Scaling of Nu-
merical Features

The normalization or scaling of numerical features was an essential step in the
data transformation process. This step was undertaken to ensure that numerical
variables were on a comparable scale, facilitating improved performance and con-
vergence of machine learning algorithms. The features selected for scaling in this
study were the Grade Point Average (GPA) and the Year of Study.

3.4.1 Identification of Numerical Features

The primary numerical features identified for scaling were the GPA and the Year
of Study. The GPA is a continuous variable typically ranging from 2.0 to 4.0,
representing the academic performance of students. The Year of Study is an
ordinal variable ranging from 1 to 4, indicating the student’s progression through
their academic program.

3.4.2 Application of Standard Scaling

To normalize these features, we employed the StandardScaler method, which stan-
dardizes features by removing the mean and scaling to unit variance. This method
is represented by the following formula:

(3.4.1)

where:
e 2 is the standardized value,
e 1 is the original value,
e 1 is the mean of the feature,
e o is the standard deviation of the feature.
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By applying this transformation, the resulting scaled features have a mean of 0
and a standard deviation of 1. This standardization is particularly important for
algorithms that are sensitive to the scale of input data, such as Support Vector
Machines and Principal Component Analysis.

3.4.3 Implementation Steps

1. Calculation of Mean and Standard Deviation: For each numerical
feature (GPA and Year of Study), the mean (u) and standard deviation (o)
were computed across the entire dataset.

2. Standardization of Features: Each value of the numerical features was
then transformed using the standard scaling formula. This process ensured
that the distribution of the features was centered around zero with a unit
variance.

3. Verification of Scaled Features: Post-scaling, the features were verified
to confirm that the transformation had been correctly applied, resulting in
a mean of approximately 0 and a standard deviation of approximately 1.

The standard scaling of numerical features ensured that all variables were on

a comparable scale, thereby enhancing the effectiveness and reliability of the sub-
sequent machine learning models used in the recommendation system. This step
was crucial in preparing the dataset for robust analysis and model development.

3.5 Methodology: Statistical and Correlation Anal-
ysis
3.5.1 Statistical Analysis

The statistical analysis was conducted to summarize the main characteristics
of the dataset and to understand the distribution of the variables. This involved
computing various descriptive statistics and visualizing the distributions of the key
numerical variables.

3.5.1.1 Descriptive Statistics

Numerical Variables: Summary statistics, including mean, median, standard
deviation, minimum, and maximum values, were calculated for numerical variables
such as GPA and Year of Study. These statistics provided insights into the central
tendency and dispersion of the data.

Categorical Variables: Summary statistics were also calculated for categor-
ical variables such as MBTI results and specialties. These statistics offered an
overview of the distribution and frequency of different categories, helping to un-
derstand the diversity and common traits among the student population. (See
Figure 3.2, 3.3)

22



3.5.1.2 Distribution Analysis

Histograms were plotted for numerical variables to visualize their distributions.
This helped in identifying any skewness, outliers, or unusual patterns in the data.

The summary statistics and distribution analysis revealed important charac-
teristics of the data, such as the average GPA of students and the distribution of
students across different years of study. (See Figure 3.4)
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3.5.2 Correlation Analysis

Correlation analysis was performed to examine the relationships between numer-
ical variables and to identify potential predictors for the recommendation system.

3.5.2.1 Correlation Matrix

The Pearson correlation coefficient was computed for pairs of numerical vari-
ables, including GPA, Year of Study, and Satisfaction with Major. The correla-
tion matrix provided a quantitative measure of the strength and direction of the
relationships between these variables.

3.5.2.2 Heatmap Visualization

The correlation matrix was visualized using a heatmap. This graphical rep-
resentation highlighted significant correlations, making it easier to interpret the
relationships between variables.

The correlation analysis helped in identifying key relationships, such as the po-
tential influence of GPA on students’ satisfaction with their major. These insights
were crucial for developing effective recommendation models.

By conducting statistical and correlation analyses, we gained a deeper under-
standing of the dataset, which informed the subsequent steps in the development
of the personalized career-path recommender system. (See Figure 3.5)
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3.6 Methodology: Recommendation Algorithms -
Content-Based Filtering

Content-based filtering is a recommendation technique that leverages the attributes
of items and users to generate personalized recommendations. In the context of
this study, content-based filtering is employed to recommend suitable majors to
STEM students based on their individual profiles, which include academic perfor-
mance, personality traits, skills, and interests. This method allows the system to
provide tailored suggestions by comparing the features of different majors with the
unique attributes of each student.

3.6.1 User Profile Construction

The construction of user profiles is a crucial step in the content-based filtering
process. Each student’s profile encompasses various attributes that reflect their

academic and personal characteristics. These attributes include:
e MBTI Type: The Myers-Briggs Type Indicator (MBTI) provides insights
into the student’s personality traits, which influence their preferences and
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suitability for different majors.

e GPA: The Grade Point Average (GPA) serves as an indicator of the student’s
academic performance and capability.

e Year of Study: This attribute indicates the student’s progression in their
academic journey, which can affect their readiness for advanced or specialized
majors.

e Skills: A list of competencies and knowledge areas that the student pos-
sesses, such as programming languages, laboratory techniques, or mathe-
matical modeling.

e Interests: Areas of academic and career interest that the student has ex-
pressed, such as artificial intelligence, environmental science, or data analy-
sis.

These attributes are aggregated to form a comprehensive vector representation

of the student, which will be used to compare against the profiles of different
majors.

3.6.2 Item Profile Construction

Each major is characterized by a set of attributes that define its content and
requirements. The item profiles for majors include:
e Required Skills: The specific skills necessary for success in the major, such
as data analysis, programming, or experimental techniques.
e Department: The academic department offering the major, which provides
context about the focus and orientation of the major.
e Popularity: An indicator of the major’s enrollment figures, reflecting its
acceptance and perceived value among students.
e Major Description: A textual overview outlining the major’s focus, ob-
jectives, and curriculum.
These attributes are also aggregated into vector representations, facilitating the
comparison with student profiles.

3.6.3 Similarity Measurement

The core of content-based filtering lies in measuring the similarity between user
profiles and item profiles. This similarity is quantified using cosine similarity,
a metric that measures the cosine of the angle between two vectors in a multi-
dimensional space. The cosine similarity between a user profile vector u and an
item profile vector 7 is calculated as follows:

u-

cosine _similarity(u, i) = Tl (3.6.1)
wl|||7

where u -4 represents the dot product of the user and item vectors, and ||u|| and
|l7]| are the magnitudes of the user and item vectors, respectively.

26



3.6.4 Recommendation Generation

The recommendation generation process involves the following steps:

1. Profile Vectorization: Transform both user profiles and item profiles into
numerical vectors. This involves encoding categorical variables and normal-
izing numerical attributes to ensure they are on a comparable scale.

2. Similarity Calculation: Compute the cosine similarity scores between the
user vector and each item vector. This step identifies how closely the at-
tributes of a major align with the student’s profile.

3. Ranking: Rank the majors based on their similarity scores in descending
order. Majors with higher similarity scores are considered more suitable for
the student.

4. Top-N Selection: Select the top-N majors with the highest similarity scores
as recommendations. The value of N can be adjusted based on the desired
number of recommendations.

3.6.4.1 Example Scenario

Consider a student with the following profile:
MBTI Type: INTJ
GPA: 3.8
Year of Study: 3
Skills: Data Analysis, Machine Learning
Interests: Artificial Intelligence, Research
And a major profile for "Computer Science":
e Required Skills: Programming, Data Structures, Algorithms, Machine
Learning

e Department: Computer Science

e Popularity: High

e Major Description: Focuses on the theory and practice of computing.

By vectorizing these profiles and calculating the cosine similarity, the system
can determine the degree of alignment between the student’s attributes and the
requirements of the Computer Science major. If the similarity score is high, this
major will be included in the recommended list.

Content-based filtering provides a personalized approach to recommending aca-
demic majors to STEM students by leveraging their individual attributes and
preferences. This method ensures that the recommendations are tailored to the
unique profiles of students, enhancing the relevance and effectiveness of the sug-
gestions. The comprehensive construction of user and item profiles, coupled with
the precise calculation of similarity scores, forms the foundation of this recommen-
dation approach. This process facilitates informed decision-making for students,
guiding them towards majors that align with their academic strengths and career
aspirations.
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3.7 Methodology: Recommendation Algorithms -
Collaborative Filtering

Collaborative filtering is a powerful recommendation technique that relies on the
collective preferences of multiple users to generate personalized suggestions. Un-
like content-based filtering, which focuses on the attributes of items and users,
collaborative filtering leverages historical data on user interactions to identify pat-
terns and predict future preferences. This methodology is particularly effective for
recommending academic majors to STEM students by analyzing their satisfaction
with different majors and utilizing the experiences of other students with similar
preferences.

3.7.1 Conceptual Framework

Collaborative filtering can be divided into two main approaches: user-based and
item-based collaborative filtering. Both approaches aim to identify and exploit
similarities, either between users or between items (majors), to provide relevant
recommendations.

3.7.1.1 User-Based Collaborative Filtering

User-based collaborative filtering recommends items (majors) to a user based on
the preferences of other users who have similar tastes. The process involves several
key steps:

1. User-Item Matrix Construction: The first step is to construct a user-
item matrix, where rows represent users and columns represent items (ma-
jors). The entries in this matrix reflect the ratings or satisfaction levels of
users with specific majors.

2. Similarity Measurement: The similarity between users is calculated based
on their ratings of common items. Pearson correlation is a widely used metric
for this purpose. The Pearson correlation between two users u and v is
calculated as follows:

Ziefm, (Tu,i - E) (Tv,z’ - H)
Vi rui =T ey, (roi = )2

where I, is the set of items rated by both users, r,; is the rating given by
user u to item ¢, and 7, is the average rating of user .

3. Neighborhood Formation: Based on the similarity scores, a neighborhood
of the top-N similar users is identified for the target user. These similar users
provide the basis for generating recommendations.

4. Recommendation Generation: The ratings for items that the target user
has not yet rated are predicted using the ratings from the user’s neighbors.

(3.7.1)

Pearson_ correlation(u,v) =
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The predicted rating 7, ; for user v on item j is calculated as:

> veN () Similarity (u, v) - (ry,; — T0)

> ven(u) Similarity (u, v)

Tuj = Tu +

(3.7.2)

where N (u) is the neighborhood of user w.

3.7.1.2 TItem-Based Collaborative Filtering

Item-based collaborative filtering focuses on the relationships between items (ma-
jors) rather than users. The steps involved in this approach are as follows:

1. Item-Item Matrix Construction: Construct a matrix where rows and
columns represent items, and entries reflect the similarity between items
based on user ratings.

2. Similarity Measurement: The similarity between items is calculated using
metrics like cosine similarity. The cosine similarity between two items ¢ and
J is given by: o

cosine _similarity (7, j) = m (3.7.3)
where ¢ and j are vectors of user ratings for items ¢ and j, respectively.

3. Neighborhood Formation: Identify the top-N similar items for each item,
forming a neighborhood of similar majors.

4. Recommendation Generation: Predict the ratings for items using the
similarity scores between items and the user’s existing ratings. The predicted
rating 7, ; for user u on item j is calculated as:

P > ies(y) Similarity (5,4) - 7y (3.7.4)
e > ics(y similarity(j, 9) o

where S(j) is the set of items similar to item j.

3.7.2 Example Scenario

Consider a user-based collaborative filtering scenario:

e User A has rated the following majors:
— Computer Science: 5
— Biochemistry: 3
— Physics: 4

e User B has rated the following majors:
— Computer Science: 4
— Biochemistry: 2
— Statistics: 5

e User C has rated the following majors:
— Computer Science: 5
— Physics: 4

29



— Statistics: 4
The system calculates the similarity between User A and other users (B and
C). Suppose the similarity scores indicate that User C is the most similar to User
A. The system then recommends majors that User C has rated highly but User A
has not rated, such as Statistics.
In an item-based scenario:
e Major: Computer Science is similar to Major: Software Engineering based
on user ratings.
e If a student has shown a preference for Computer Science, the system will
recommend Software Engineering.

3.7.3 Advantages and Limitations

Advantages:

e Personalization: Collaborative filtering can uncover hidden patterns and
provide highly personalized recommendations by leveraging the preferences
of similar users.

e No Need for Item Attributes: It does not require detailed item attribute
data, making it applicable even when item profiles are incomplete or unavail-
able.

Limitations:

e Cold Start Problem: Collaborative filtering struggles with the cold start
problem, where it is challenging to make recommendations for new users or
new items due to a lack of sufficient data.

e Data Sparsity: The effectiveness of collaborative filtering diminishes when
user-item interactions are sparse, as it becomes difficult to find similar users
or items.

Collaborative filtering, by utilizing the collective preferences of users, provides

a robust mechanism for recommending academic majors to students based on
shared interests and satisfaction levels. By identifying patterns in historical data,
this approach can offer personalized and relevant suggestions, thereby assisting
students in making informed decisions about their academic and career paths.
The combination of user-based and item-based methods ensures comprehensive
coverage of various recommendation scenarios, enhancing the overall effectiveness
of the recommendation system.

3.8 Methodology: Recommendation Algorithms -
Fuzzy Logic

Fuzzy logic is a form of multi-valued logic derived from fuzzy set theory to handle
reasoning that is approximate rather than precise. In the context of a personalized
career-path recommender system for STEM students, fuzzy logic provides a robust
framework for dealing with the inherent vagueness and uncertainty in student pref-
erences and attributes. This method leverages fuzzy sets and rules to model the
imprecision associated with human decision-making processes, thereby enhancing
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the recommendation system’s capability to provide nuanced and tailored sugges-
tions.

3.8.1 Conceptual Framework

Fuzzy logic-based recommendation systems operate by mapping input features to
membership values in fuzzy sets, applying a set of fuzzy rules to these values,
and aggregating the results to produce a recommendation score. The primary
components of this framework include:
e Fuzzification: Converting crisp input values into fuzzy membership values.
e Fuzzy Rule Base: A collection of if-then rules that capture the relation-
ships between input features and recommendations.
e Inference Engine: Applying fuzzy rules to the fuzzified inputs to infer
fuzzy outputs.
e Defuzzification: Converting fuzzy output values back into crisp scores to
generate actionable recommendations.

3.8.1.1 Fuzzification

Fuzzification is the process of transforming precise input values into degrees of
membership in predefined fuzzy sets. For this study, the key input features sub-
jected to fuzzification include GPA, Year of Study, Satisfaction with Major, and
Skill Match Scores. These features are mapped to fuzzy sets such as "Low,"
"Medium," and "High" based on their respective domains.

For example, the GPA feature can be mapped to fuzzy sets as follows:

o Low GPA: ipow(GPA)

e Medium GPA: tipedium (GPA)

® ngh GPA: Mngh(GPA)

The membership functions for these sets might be defined using triangular or
trapezoidal shapes, which are commonly used in fuzzy logic systems.

3.8.1.2 Fuzzy Rule Base

The fuzzy rule base consists of a set of if-then rules that define how the input
features interact to influence the recommendation. These rules are crafted based
on domain knowledge and empirical observations. An example of a fuzzy rule
might be:
e Rule 1: If GPA is High and Satisfaction with Major is High, then Recom-
mend (Majors Similar to Current Major) is High.
e Rule 2: If GPA is Medium and Year of Study is Low, then Recommend
(Broad Spectrum of Majors) is Medium.
These rules are expressed in the form of:

If A and B, then C

where A, B, and C are fuzzy sets representing input and output variables.
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3.8.1.3 Inference Engine

The inference engine applies the fuzzy rules to the fuzzified input values to generate
fuzzy output values. This process involves:
¢ Rule Evaluation: Assessing the degree to which each rule’s antecedent
is satisfied by the fuzzified inputs. This is typically done using the min
(minimum) operator for AND conditions and the max (maximum) operator
for OR conditions.
e Aggregation: Combining the outputs of all activated rules to form a single
fuzzy set for each output variable.
For instance, if two rules suggest a high recommendation score for a particu-
lar major, the inference engine will aggregate these suggestions to determine the
overall recommendation score.

3.8.1.4 Defuzzification

Defuzzification converts the aggregated fuzzy output into a crisp value that can
be used to rank or score the recommendations. Common defuzzification methods
include the centroid method, which calculates the center of gravity of the fuzzy
set, and the mean of maxima method, which averages the values with the highest
membership degrees.

The defuzzified score y for a recommendation can be calculated as:

_ Zi () - @
Yy = —EZ e (3.8.1)

where p;(x;) is the membership value of x; in the fuzzy set.

3.8.2 Example Scenario

Consider a student with the following attributes:

e GPA: 3.7

e Year of Study: 2

e Satisfaction with Major: High

e Skill Match Score: 0.8

The fuzzification process maps these attributes to fuzzy sets, such as "High
GPA," "Medium Year of Study," and "High Satisfaction." The fuzzy rule base is
then applied to generate recommendations. For instance, a rule might state:

e If GPA is High and Skill Match Score is High, then Recommend (Advanced

Majors) is High.

The inference engine evaluates this rule, and the defuzzification process pro-
duces a crisp recommendation score for each potential major. These scores are
then used to rank the majors, providing personalized suggestions to the student.

3.8.3 Advantages and Limitations
Advantages:
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e Handling Uncertainty: Fuzzy logic effectively models the uncertainty and

vagueness inherent in human preferences and decision-making processes.

e Flexibility: The system can easily incorporate expert knowledge through

fuzzy rules, making it adaptable to different contexts and requirements.

Limitations:

e Complexity: Designing an appropriate set of fuzzy rules and membership

functions can be complex and time-consuming.

e Scalability: The computational complexity may increase with the number

of input features and fuzzy rules, potentially affecting scalability.

The application of fuzzy logic in the recommendation system enhances its abil-
ity to handle imprecise and subjective data, providing nuanced and personalized
recommendations for STEM students. By modeling the uncertainty in student
preferences and leveraging fuzzy rules, the system can deliver tailored suggestions
that align closely with individual attributes and career aspirations. This approach
complements traditional recommendation methods, contributing to a more robust
and effective recommendation system.

3.9 Methodology: Recommendation Algorithms -
Hybrid Approach

A hybrid recommendation system combines multiple recommendation techniques
to leverage the strengths and mitigate the weaknesses of each individual approach.
In the context of a personalized career-path recommender system for STEM stu-
dents, a hybrid approach integrates content-based filtering, collaborative filtering,
and fuzzy logic to provide more accurate and comprehensive recommendations.
This methodology ensures that the system can offer nuanced suggestions based on
a diverse set of inputs and historical data.

3.9.1 Conceptual Framework

The hybrid approach in this study combines the following techniques:

e Content-Based Filtering: Recommends majors based on the similarity
between the student’s profile and the attributes of different majors.

e Collaborative Filtering: Utilizes historical data on student satisfaction
with various majors to recommend majors based on the preferences of similar
students.

e Fuzzy Logic: Incorporates the uncertainty and vagueness in student pref-
erences and academic performance to generate nuanced recommendations.

3.9.2 System Architecture

The hybrid recommendation system architecture involves the following compo-
nents:
e Data Preprocessing: Normalization and encoding of student and major
attributes.
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e Feature Extraction: Creation of user and item profiles, and transformation
into feature vectors.

e Recommendation Engines: Separate engines for content-based filtering,
collaborative filtering, and fuzzy logic.

e Aggregation Mechanism: Integration of the outputs from different rec-
ommendation engines to produce final recommendations.

3.9.2.1 Content-Based Filtering Component

The content-based filtering component generates recommendations by calculat-
ing the similarity between student profiles and major profiles. The similarity is
measured using cosine similarity:

U1
[Jwll]f2]]

where u and ¢ are the feature vectors for the student and the major, respectively.

(3.9.1)

cosine _similarity(u,i) =

3.9.2.2 Collaborative Filtering Component

The collaborative filtering component predicts the ratings for majors that a student
has not yet rated, based on the preferences of similar students. This involves:
e User-Item Matrix Construction: Matrix of user ratings for majors.
e Similarity Calculation: Using Pearson correlation or cosine similarity to
find similar users or items.
¢ Rating Prediction: Predicting the rating 7, ; for user u on item j:

ZUGN(u) Simﬂarity(u’ U) . (rv,j . ﬂ)

3.9.2
2 veN(w Similarity (u, v) ( )

Tuj =Tut

3.9.2.3 Fuzzy Logic Component

The fuzzy logic component addresses the imprecision in student attributes and
preferences by applying fuzzy rules. The process involves:
e Fuzzification: Converting crisp input values into fuzzy membership values.
e Inference Engine: Applying fuzzy rules to infer fuzzy outputs.
e Defuzzification: Converting fuzzy output values back into crisp scores to
generate recommendations.

3.9.3 Aggregation Mechanism

The outputs from the content-based filtering, collaborative filtering, and fuzzy
logic components are aggregated to form the final recommendation score for each
major. This aggregation can be performed using a weighted average or another
suitable combination method. The final recommendation score R, ; for user u on
major j can be calculated as:

Ryj;=wi RSP +wy - RYY +wy - RIE (3.9.3)
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where R RCY and RE% are the recommendation scores from content-based
filtering, collaborative ﬁlterlng, and fuzzy logic, respectively, and wq, wy, and ws

are the weights assigned to each component.

3.9.4 Example Scenario

Consider a student with the following attributes:
MBTI Type: INTJ
GPA: 3.8
Year of Study: 3
Skills: Data Analysis, Machine Learning
Interests: Artificial Intelligence, Research
For the major "Computer Science":
e Content-Based Filtering: Computes the similarity between the student’s
profile and the major’s profile.
e Collaborative Filtering: Uses ratings from similar students to predict the
student’s satisfaction with "Computer Science."
e Fuzzy Logic: Applies fuzzy rules to handle the vagueness in student pref-
erences and generate a fuzzy score for "Computer Science."
The aggregation mechanism combines these scores to produce a final recommen-
dation score for "Computer Science." If the aggregated score is high, "Computer
Science" will be recommended to the student.

3.9.5 Advantages and Limitations

Advantages:

e Comprehensive Recommendations: Combines the strengths of multiple
techniques to provide more accurate and relevant suggestions.

e Robustness: Mitigates the limitations of individual methods, such as the
cold start problem in collaborative filtering and over-specialization in content-
based filtering.

e Flexibility: Allows for the incorporation of various types of data and un-
certainty.

Limitations:

e Complexity: The hybrid approach is more complex to implement and re-
quires careful tuning of the aggregation mechanism.

e Computationally Intensive: Combining multiple algorithms can increase
computational requirements.

The hybrid recommendation approach, integrating content-based filtering, col-
laborative filtering, and fuzzy logic, offers a robust and comprehensive solution
for recommending academic majors to STEM students. By leveraging diverse
data sources and modeling techniques, the system can provide personalized and
nuanced suggestions that align closely with individual student profiles and prefer-
ences. This multifaceted methodology enhances the accuracy and relevance of the
recommendations, ultimately supporting students in making informed decisions
about their academic and career paths.
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3.10 Methodology: Model Evaluation and Selec-
tion

Model evaluation and selection are critical steps in the development of a recommen-
dation system. These processes ensure that the chosen model provides accurate,
relevant, and reliable recommendations. This section outlines the methodologies
used to evaluate and select the optimal recommendation algorithm for our per-
sonalized career-path recommender system for STEM students. Various metrics
and validation techniques are employed to assess the performance of content-based
filtering, collaborative filtering, and the hybrid approach.

3.10.1 Evaluation Metrics

To comprehensively evaluate the performance of the recommendation algorithms,
several metrics are used:
e Root Mean Square Error (RMSE): Measures the average magnitude of
the error between predicted and actual ratings.

1 n
PR (3.10.1)
where 7; is the actual rating, 7; is the predicted rating, and n is the number
of ratings.
e Mean Absolute Error (M AE): Measures the average absolute difference
between predicted and actual ratings.

1 n
DI (3.102)

e Precision at K (Precision@K): Measures the proportion of recommended
items in the top-K set that are relevant.

Number of relevant items in top-K

Precision@K =
recision %

(3.10.3)

e Recall at K (Recall@K): Measures the proportion of relevant items that
are recommended in the top-K set.

Recall 0K — Number of relevant items in top-K

3.10.4
Number of relevant items ( )

e F1 Score: The harmonic mean of precision and recall.

Precision - Recall
F1 =2. .10.
Score Precision + Recall (3.10.5)

36



3.10.2 Cross-Validation

To ensure the robustness and generalizability of the recommendation models, k-
fold cross-validation is employed. In k-fold cross-validation, the data is divided
into k subsets (folds). Each fold is used as a validation set, while the remaining
k-1 folds serve as the training set. The process is repeated k times, and the average
performance across all k iterations is reported.

3.10.3 Model Comparison

The models are compared based on the evaluation metrics described above. For
each model (content-based filtering, collaborative filtering, and hybrid approach),
the metrics are computed and compared to identify the best-performing model.

Table 3.2 - Evaluation Metrics Comparison

Model RMSE | MAE | Precision@K | RecallQK | F1 Score
Content-Based Filtering | 0.945 0.745 0.312 0.405 0.354
Collaborative Filtering 0.852 0.692 0.356 0.462 0.402
Hybrid Approach 0.785 | 0.653 0.388 0.501 0.438

3.10.3.1 Graphical Representation

Graphical representations such as bar charts and precision-recall curves are used
to visualize the performance of the models. (See Figure 3.6, 3.7)
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3.10.4 Model Selection

Based on the evaluation metrics and cross-validation results, the hybrid approach
demonstrates superior performance across most metrics, including RMSE, MAE,
Precision@K, Recall@K, and F1 Score. Therefore, the hybrid approach is selected
as the optimal model for the recommendation system.
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The model evaluation and selection process ensures that the recommendation
system provides accurate and relevant suggestions to STEM students. By em-
ploying a combination of evaluation metrics, cross-validation, and comparative
analysis, the hybrid approach is identified as the best-performing model. This ap-
proach effectively integrates the strengths of content-based filtering, collaborative
filtering, and fuzzy logic, resulting in a robust and comprehensive recommendation
system.
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Chapter 4

Discussion

The development and implementation of a Personalized Career-Path Recommender
System (PCRS) for STEM students in Kazakhstan has provided a comprehensive
approach to enhancing career guidance through personalized recommendations.
This section discusses the implications of the findings, the strengths and limi-
tations of the study, and the potential impact of the PCRS on the educational
landscape in Kazakhstan and beyond.

4.1 Implications of Findings

The integration of MBTI personality types and academic performance data has
proven effective in creating personalized recommendations for university special-
izations. This approach aligns with the growing body of research that emphasizes
the importance of individualized guidance in educational settings. By focusing on
both personality and academic metrics, the PCRS provides a more holistic view
of students, leading to recommendations that are better tailored to their unique
profiles.

The use of multiple recommendation algorithms—content-based filtering, col-
laborative filtering, fuzzy logic, and hybrid approaches—has demonstrated the
strengths and weaknesses of each method. Content-based filtering leverages the
intrinsic attributes of students and majors, ensuring that recommendations are
closely aligned with students’ interests and academic strengths. Collaborative fil-
tering, on the other hand, benefits from the collective preferences of similar users,
providing recommendations based on observed patterns among peers. Fuzzy logic
adds another layer of nuance by handling the imprecision and vagueness inherent
in human preferences, making the recommendations more adaptable to subtle dif-
ferences among students. The hybrid approach, combining elements of all these
methods, enhances the overall robustness and accuracy of the system.

4.2 Strengths of the Study

One of the key strengths of this study is its comprehensive data collection and
preprocessing methodology. By meticulously gathering and cleaning data from a
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diverse group of high school students, the study ensures that the recommendation
system is built on a solid foundation. The detailed data transformation process, in-
cluding one-hot encoding, scaling of numerical features, and creation of interaction
features, further enhances the quality and usability of the dataset.

Another strength lies in the rigorous evaluation of the recommendation algo-
rithms. By applying and comparing multiple approaches, the study provides a
thorough analysis of their effectiveness in different scenarios. This multi-faceted
evaluation ensures that the final recommendation system is both accurate and
reliable, capable of providing meaningful guidance to students.

The study also addresses a critical gap in the educational system of Kazakhstan,
where structured career guidance resources are often lacking. By providing a
personalized, data-driven tool, the PCRS has the potential to significantly improve
the decision-making process for high school students, reducing dropout rates and
increasing satisfaction with chosen specializations.

4.3 Limitations of the Study

Despite its strengths, this study has several limitations that need to be acknowl-
edged. First, the dataset is limited to high school students in Kazakhstan, which
may affect the generalizability of the findings to other regions and educational con-
texts. Different cultural and educational environments may require adaptations of
the PCRS framework to ensure its effectiveness.

Second, the study relies on self-reported data from students, which may intro-
duce biases or inaccuracies. While efforts were made to ensure the integrity and
accuracy of the data, there is always a risk of inconsistencies that could impact
the system’s recommendations.

Third, the current implementation of the PCRS primarily focuses on STEM
majors. While this focus addresses a critical need, it also limits the applicability
of the system to non-STEM fields. Expanding the scope of the PCRS to include
a broader range of specializations could enhance its utility for a wider audience.

4.4 Potential Impact and Future Directions

The implementation of the PCRS has the potential to transform the career guid-
ance landscape in Kazakhstan. By providing personalized recommendations that
are closely aligned with students’ strengths and interests, the system can help stu-
dents make more informed decisions about their academic and career paths. This,
in turn, can lead to higher academic satisfaction, better alignment with career
goals, and ultimately, improved educational and career outcomes.

Future research should focus on expanding the dataset to include a more diverse
and comprehensive set of student profiles, incorporating additional features such
as extracurricular activities and real-time feedback, and exploring advanced ma-
chine learning techniques to further improve the system’s predictive capabilities.
Additionally, enhancing the user interface and conducting longitudinal studies to
track the long-term impact of the PCRS will provide valuable insights into its
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effectiveness and areas for improvement.

Moreover, addressing ethical and privacy considerations is crucial as the system
collects and processes sensitive student data. Implementing robust data privacy
and security measures will ensure the protection of student information and com-
pliance with relevant regulations.

In overall, the PCRS represents a significant advancement in personalized career
guidance for STEM students in Kazakhstan. By building on the findings of this
study and addressing the identified limitations, the system can be further refined
and expanded to provide even more effective and personalized support to students
in their academic and career journeys.
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Chapter 5

Conclusions and future work

5.1 Conclusions

This dissertation presented the development and evaluation of a Personalized
Career-Path Recommender System (PCRS) tailored for high school students in
Kazakhstan, focusing on STEM specializations. The primary contributions of this
research include the integration of MBTI personality types with academic perfor-
mance data to generate personalized recommendations, the application of various
recommendation algorithms (content-based filtering, collaborative filtering, fuzzy
logic, and a hybrid approach), and the evaluation of these models to determine
the most effective approach.

The findings from this study highlight the effectiveness of using a hybrid ap-
proach, which combines the strengths of content-based filtering, collaborative fil-
tering, and fuzzy logic. This approach not only provided accurate and relevant
recommendations but also addressed the limitations of individual recommenda-
tion techniques, such as the cold start problem in collaborative filtering and over-
specialization in content-based filtering. The hybrid model demonstrated supe-
rior performance across various evaluation metrics, including RMSE, MAE, Pre-
cision@K, RecallQK, and F1 Score, thus validating its efficacy for the intended
purpose.

The results of this research underscore the potential of personalized recom-
mender systems in enhancing career guidance for high school students. By lever-
aging comprehensive data on student personalities, academic performance, and
preferences, the PCRS can offer tailored suggestions that align closely with indi-
vidual strengths and interests, thereby facilitating more informed and confident
decision-making.

5.2 Future Work

Looking forward, I plan to:
e Implement Across Universities: Extend the system to other universities to
benefit a wider range of students.
e Expand the Dataset: Improve recommendation accuracy with more compre-
hensive data.
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e Refine the System Interface: Enhance usability and user experience.
e Explore Psychological Factors: Investigate additional psychological factors
influencing specialty choice.
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