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ABSTRACT

Recommender systems have been employed in entertainment, e-commerce, agriculture, healthcare
and education among other industries to provide personalised suggestions to users. Recommender
systems help to solve the problem a user being overburdened with information when using online
systems. Due to digitization of the course application process in the institutions of higher learning,
courses are now made available online in portals for students to apply. These courses are too many
for the student to do adequate research before selection. This leads to students being selected to
courses that they are not interested in and thus the need for a course recommendation system that
suggests a short list of courses that are relevant to the student. This study focussed on developing
a knowledge base recommender system prototype for providing personalised course
recommendations to students based on their interests and performance. Knowledge based system
development life cycle was used to develop the prototype and knowledge acquisition was done
from domain experts and documented materials. To identify the interests, a questionnaire is
administered. The Hollands three letter Code is then used to identify the personality. The
personalities and results are then used to suggest a short list of courses that are relevant to the
student. The model developed had an accuracy of 85.12% and thus can be used to recommend
courses to students.
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1.0 INTRODUCTION
1.1 Background

Recommender systems have been used to provide suggestions that are a user’s preferences
(Ricci, et al., 2015). With the availability of additional information to a user, it poses a
challenge to them to go through all the information to identify what is relevant to them. A
recommender system aims to provide a solution to the problem of a user being overburdened
by information by ensuring the user experience is personalised and accurate personalised
recommendations of items are delivered to the users of a system. Recommendation systems
predict whether an item would be useful to a user based on information made available (Fayyaz,
et al., 2020). Recommendation systems have been used in industries such as entertainment, e-

commerce, healthcare, agriculture and education among others.

Students need guidance when selecting their course choices for higher education. In Kenya,
students lack well planned and organised career guidance in schools (Ndung’u & Obae, 2020).
According to (Crocker, 2002), the well-being of modern society is dependent not only on
traditional capital and labour but also on the knowledge and ideas possessed and generated by
individual workers. Therefore, education is the primary source of human capital with 90% of
persons with higher education being likely to be employed than those with no formal education
(Mulongo, 2013). In this regard, the government provides sponsorship through Kenya
Universities and Colleges Central Placement Service (KUCCPS) that coordinates placement of
government sponsored students and Universities Funding Board (UFB) which pays part of the
fees required to be paid by the student to the universities (Universities Act, 2012). As
recommended by (Mulongo, 2013), this enhances access to higher education and ensures that
students who are victims of regional disparities caused by high cost of higher education coupled
with remoteness and underdeveloped infrastructure enjoy equity.

With the introduction of the Government of Kenya’s a hundred percent transition policy, there
has been a tremendous increase in enrolments across all public secondary schools in Kenya.
This translates to an increase in competition for the available capacities for the existing courses.
A significant number of students who secure admission into the universities through KUCCPS
are neither offered degree courses of their choice nor placed in their preferred university
(Ndung’u & Obae, 2020).This is majorly because students missing placement due to capacity
being met in all of the course choices. The students are shared to other courses that have

capacities not met and are similar to the courses they applied. Further, (Lugulu & Kipkoech,
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2011) found out that 63.3% of students admitted in public universities were dissatisfied with
the degree courses because they were placed in degree courses, they did not choose nor had a
passion for. The choice of degree course made when joining universities is one of the series of
decisions made in the process of career development and is a major turning point in the
students’ lives which not only is a start to workplace readiness, but also establishes the student
in a career path that opens as well as closes opportunities (Gacohi, 2017). (Nyamwange, 2016)
recommends that students should be encouraged to make career choice decisions in areas they
have or can acquire knowledge easily, skills and have interest as it is likely to promote

productivity when the student is doing what they are interested in.

Career information is the provision of accurate and usable facts concerning university courses
(Gibson & Mitchell, 2003). KUCCPS has developed a career book that provides insights into
career opportunities, progression pathways, subject requirements for specific careers, and
government-sponsored student placement processes. Students are given university course cut-
offs over the previous years as insights to guide them during university course selection and to
predict their placement to a university course.

An optimal course recommender system that uses student interests and performance to suggest
a list of courses that match their interests and performance will ensure that students are selected
to courses that they have interest and can acquire knowledge easily.

1.2 Problem statement

The main problem to be addressed by this research is that of students getting selected to courses
that they have no interests, have difficulty in acquiring knowledge and information overload
on students during application for admission to higher learning education institutions. Students
having many choices to choose from and perform research on in order to identify a list of
courses that they have interests makes it difficult for the students to make informed decisions.
Information overload is caused by availability of many institutions offering many courses to
be chosen from by a student. Students end up missing placement to the courses they selected
due to lack of adequate guidance when selecting their course choices during an application
period.

Therefore, there is a need to provide a solution that recommends a filtered list of courses to

students based on their interests and performance.
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1.3 Objectives
The main objective of this research is to develop a model for course recommendation that
suggests a list of courses to a student based on their interests and performance.
Specific objectives:
1. To investigate how to incorporate student interests and performance to recommend
courses.
2. To investigate which type of recommender system can be used to recommend courses
to students based on their interests and performance.
3. To design a model for course recommendation to students.

4. To evaluate the model for course recommendation using a prototype.

1.4 Significance of study

The number of students enrolling into secondary schools has continued to rise since the
introduction of the Free Primary Education in Kenya in 2003 leading to an increased demand
to higher education in the country due to the realization that higher education forms the
principal pillar of education. Regardless of the measures put to increase selection of students
to higher education institutions, many of the students are still not guaranteed selection to
courses that they have interest in. A course recommender system that will make use of the
student performance and student interests will reduce the level of information overload and
uncertainty by students during application for selection. This will lead to an increasing number

of students getting selected to courses that they have interest in.

1.5 Stakeholders
The stakeholders that will be affected by the study will be as follows:

1. Students that will be making applications for higher education learning will have
filtered and relevant information to work with as opposed to all information including
what they would not choose.

2. Labour market. Students graduating will be passionate about their careers thus an

increase in productivity.

1.6 Scope of Study
This paper will focus on developing and evaluating a course recommender system prototype

that recommends courses to students based on student interests and their performance.
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2.0 LITERATURE REVIEW

2.1 Introduction
This section will discuss recommender systems and the various literature of previous work

done in recommending courses.

2.2 Course Selection

Course selection is an important step as it serves the purpose of furthering the education of the
student (Hussin & Muhamad, 2019; Gacohi, 2017). This stage involves decision making to
select a course from a list of available courses in a career of interest. Career choice is the
outcome of a career assessment that involves evaluating a student’s academic potential,
interest, personality, values, expectations and available resources (Gacohi, 2017).

Student selection to higher education institutions in Kenya is based on a set criterion by the
individual institutions and the professional regulatory bodies. The requirements for admission
may vary from high school subject grades, high school aggregate grades, first degree and or
entry examinations administered by the institutions (Gacohi, 2017). Professionals and parents
of the students influence the choice of course a student makes (Gacohi, 2017; Mberia &
Midigo, 2018). The process of course selection poses a dilemma to students as they face a
difficulty in matching their career choices with their abilities, interests and academic
performance (Mberia & Midigo, 2018).

2.2.1 Student Interests
Holland’s Theory of Vocational Personalities in Work Environment popularly known as the

Holland’s Code was developed by John Holland and provides a framework on understanding
career interests that are thereafter used in career guidance. According to Holland, vocational
interests can be used to express one’s personality and these interests can be conceptualised into
six personalities including Realistic (R), Investigative (1), Artistic (A), Social (S), Enterprising
(E), and Conventional (C). The degree of resemblance to the personality types is then assessed
and a three-letter code is generated to summarise the career interest of a person. The first letter
in the three-letter code would then be the person’s dominant personality and would play a major
role in the choice of career and satisfaction in the career. The other two letter would likely play
a lesser role in career choice however, they are still significant in career selection (Leung,
2008).
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INVESTIGATIVE

ENTERPRISING

Figure 1: Holland Code Six Personality Types

2.2.2 Student Selection
Selection of government sponsored students is coordinated by KUCCPS (Republic of Kenya,

2012). KUCCPS board has developed policies to guide on the process of selecting students
into available courses. Eligibility of students to be placed to a course is they must have sat for
the Kenya Certificate of Secondary Education (KCSE), must be a Kenyan citizen, and must
meet all the admission requirements for the course approved by the regulating body as
displayed in Figure 12. The admission requirements are a list of subjects taken by the student
in KCSE and grades attained by the students in another set of subjects as a form of student
assessment. The students are students are then selected on merit to one of the courses applied
until the capacity of the course is reached. The courses are group into clusters and sub clusters.
Courses with similar subject requirements are put together into one cluster and are further
grouped into regulated programmes with same subject grade requirements (The Kenya

Universities and Colleges Central Placement Service, 2014).

2.3 Recommender systems

Recommender systems are software tools and techniques that provide suggestions for items
that are most likely of interest to a particular user. The suggestions relate to various decision-
making processes like courses to select, music to listen to, movies to watch and products to
purchase (Ricci, et al., 2015).
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2.3.1 Types of recommender systems

2.3.1.1 Content Based Recommender Systems

Content base recommender systems uses both the item properties and user preferences to the
item while building the recommendations (Pettersen & Tvete, 2016).

Building a content-based recommender system involves recommending items similar to those
that have been preferred by the user in the past. These systems are scalable, work well
independent of the number of users in the system and does not experience cold start issues
since it takes consideration of historical preferences of a user and property of an item. However,
these systems need enough details about the item to be provided so as to differentiate products
precisely without which poor accuracy is experienced (Fayyaz, et al., 2020).

Preferred by user

ﬂ Similar items

User

Recommended to user

Figure 2: Content Based Recommender System

2.3.1.2 Collaborative Filtering

Collaborative filtering recommender systems recommend items based on popularity by other
users (Ricci, et al., 2015). A collaborative filtering recommender system will predict user
interest in new items based on recommendations from other people with similar interests. If
two users shared similar interests in the past, then they will likely have similar tastes in future
(Fauzan, et al., 2020).

Collaborative filtering boasts being simple to implement and accurate. However, they suffer
from cold start problem where they fail to first time users whose information is not on the
system (Gorakala, 2016).
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Selected by both users

Slmllar users

S

Users 1 Users 2

=

Read by user 1 users and recommended to user 2

Figure 3:Collaborative filtering Recommender Systems

2.3.1.3 Knowledge based recommender systems
Knowledge based recommender systems recommends items based on logical inferences about
user preferences. These systems are useful where measures of preferences are not available for

the recommendation process (Aggarwal, 2016).

2.3.1.4 Hybrid recommender systems

Hybrid recommender systems combine more than one types of recommender system and
ensure that they complement each other by replacing weaknesses of one type with strengths of
the other type (Gorakala, 2016). This approach increases the efficiency of recommendations

and compared to individual recommendation techniques.

2.4 Related work

(Bhumichitr, et al., 2017) proposed a recommendation system that recommends university
elective courses based on similarities between the courses and courses taken by the student.
Collaborative based recommendation using Pearson Correlation Coefficient and Alternating
Least Square (ALS) were subjected on dataset of academic records of university students. ALS
was found to be the best performed and deployed in the recommender system. The researcher
further proposes the use of other information apart from the student enrolment data in order to
incorporate the behaviour of the student for further recommendation.

(Shankarmani, et al., 2020) in a bid to solve the problem of students having large numbers of

courses to select from proposed a recommender system that maps students to courses based on
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their understanding of the various job domains. C-means fuzzy clustering was used to cluster
all students with the same understanding of the job domains as the target student. The next step
was to choose a limited number of the clusters by eliminating clusters where courses that were
taken by unlike student are removed to ensure no points had fewer similarities chosen. The
courses taken by majority of the students similar to the target student is then found by

calculating the weighted mode values using formular:

T
wWm; = E [ * p;
i=1

where wmi is weighted mode of course i having frequency fj in cluster j and membership
coefficient 4. This solution however, recommends only one programme to the student and the
courses that belonged to the same domain were wrongly predicted. The research notes the
significance of recommending more than one courses to the student.

(Mondal, et al., 2020) proposed a recommendation system that used a machine learning
approach to suggest appropriate courses to learners based on their past learning details and past
performance. K-Means clustering algorithm was used to classify learners based on the
performance details and thereafter, collaboration filter techniques used on the clusters to get
suitable courses for the student. The student will then be tested based on the recommended
courses. The researcher proposes adding a knowledge base in future to find similarities so that

other related students’ area of interest and target needs are recognized.

Knowledge based systems have been used to recommend courses to students based on rule-
based engines. (Omulo & Kemboi, 2013) proposed a knowledge-based system prototype to
recommend courses to students based on their performance in Kenya Certificate of Secondary
Education. The prototype uses subject grades and minimum requirements of the course to
determine the suitability of a course to the student. (Muchemi & Winston, 2008) proposed an
expert system prototype that stored highly specialised knowledge of career counselling that is
acquired from career counsellor. The research aimed at administering career guidance to
students at an efficient, quality and affordable way. The expert system was composed of three
modules including personality analysis based on the Myers-Briggs Topology Indicator model
that classifies human nature into personality, outlook, temperament and lifestyle and

recommends job groups to the student based on their personality. A decision-making module
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gives the student an opportunity to narrow down to a small set of careers. Lastly, the college
entrance expert system module further filtered the careers of interest based on the criteria for
enrolment into courses in a higher learning institution. Both knowledge-based systems
recommended a list of courses to the student and their performance was satisfactory (Omulo &
Kemboi, 2013; Muchemi & Winston, 2008).

2.5 Gap

Recommender systems have been applied in various domains as a means to avoid information
overload among users of online systems. Course recommendation is an issue that research is
continuously being conducted (Bhumichitr, et al., 2017). Prototypes have been developed to
recommend courses using knowledge-based systems, collaborative filtering and clustering
techniques. Student performance, previous enrolment data and personality types based on the
Myers Brigg model that focusses on perception have been used to recommend courses to
students. Myers briggs is popularly used for job transitioning based on the perception as
opposed to Holland Code model that is used to categorise jobs based on student interests
(Keach, 2020) .However, there is a need to use interest of the students in recommending
courses. The literature reviewed brings out the need to incorporate the interest of the students

and their performance in developing course recommendations (Mondal, et al., 2020).

2.6 Conceptual Model

( Student Interests J

Student Personality

|

Recommended Courses

\ 4

Student Performance Course Database

Figure 4: Conceptual Model

Minimum Course
Requirements




3 METHODOLOGY

This paper intended to develop and evaluate a recommender system that will be able to suggest
relevant courses to students based on their interests and performance. Course data was collected
from KUCCPS, interest questions database was collected and occupation and their three letter
personalities were collected from the O*NET database. The courses collected were mapped to
the three letter personality types where they correspond to the occupations. The mapping was
done with the help of a domain expert from KUCCPS.

3.1 Research Framework
Knowledge Based System Development Methodology was used to guide the steps for

developing the course recommender system prototype during the study.

Problem Identification

Preliminary requirements

Selection of recommender system tools

Knowledge acquisition Prototype development

N\

Lo ] Verification &validation Problem

¥

Implementation

\|l

Maintenance

Figure 5: Knowledge Base System Development Life Cycle
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e Problem Identification
This stage involved the identification of the problem to be solved by the knowledge base
system.

e Preliminary Requirements Analysis and Knowledge Acquisition
This stage involved the acquisition of the initial requirement to set stage for the design of the

prototype. This stage is a preliminary of the knowledge acquisition stage.

e Selection of Recommender System Tools
This stage involved the selection of the various tools to be used in developing the prototype.
SWI Prolog was used in development. CSV files were used to store structured data which are
then loaded to the knowledge base at the start-up of the system. CSV files were used to store
course details, course cluster requirements, course sub cluster requirements, subject details,
grade details, interests and their questions. Command Line Interface (CLI) was used as the user

interface with clear instruction on the usability of the system given.

e Knowledge Acquisition and Prototype Development
This stage involved performing two activities in a continual process until the desired result is
achieved. Knowledge acquired from the domain expert was converted into frame-based
knowledge representation forms for knowledge that is object based and is structured and rule-
based knowledge representation form to captures what to do at different stages of
recommending courses. Knowledge acquired was continually updated to the knowledge base

until the prototype worked as expected.

e Verification And Validation

This stage involved verifying that the knowledge acquired is valid and not ambiguous to ensure
it does not violate the expert’s expectation. This originates from the expert not identifying all
the implicit dependencies. Further, reasoning was verified to eliminate invalid reasoning that
may have arose from incorrect translation of the knowledge.

Validation was done on the prototype to ensure that hidden errors are captured and rectified
before proceeding to release the prototype. This stage was done by a separate domain expert
from the expert used during the development of the prototype to eliminate any biasness.

The knowledge acquisition and prototyping stage was invoked when an issue arose at this stage.
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e Implementation
Due to the dynamic rules and procedures in the application domain the prototype is subject to
regular change thus maintenance is needed which ensures that all actors periodically review

the performance of the system.

3.2 Research methods

3.2.1 Population and Sampling Technique

The study focused on recommendation of courses to students based on the student’s interest
and their performance. The researcher selected KUCCPS and professionals and domain experts
within KUCCPS in the study due to its mandate of coordinating placement of government
sponsored students to colleges and universities and developing career guidance programmes
for the benefit of the students.

Purposive sampling was used to select participants using a preselected criteria relevant to the
research questions. Purposive sampling was used to select the domain experts for knowledge
acquisition and the participants for the evaluation of the prototype. Two career development
officers were selected based on their experience and profession. Ten professionals drawn from
various professions were selected to evaluate the prototype. The professionals were subjected

to visual interaction with the system and interviews were done to collect their responses.

3.2.2 Data collection

Course data on the description, minimum and regulatory requirements and qualification level
was collected from the KUCCPS student’s portal. This data contained details of the courses
that have been declared by universities and colleges and are available for application by the
students. Domain knowledge was acquired from the domain experts through structured and
unstructured interviews.

Occupation and their three letter Holland Code personality data were collected from the
O*NET database of occupations.

Interests questions database was obtained from Columbia City High School. The document

lists questions that are used to perform personality analysis using the Holland’s Code model.
Moreover, other sources of knowledge were from published policies and procedures obtained
from the KUCCPS website.
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3.2.3 Data preparation

Available courses collected from the KUCCPS students’ portal were mapped to the courses
that lead to the occupations. The courses were then mapped to the personality types that best
fit the courses based on the interests of the student. The mapping of the occupations to courses
and thereafter to the three letter holland code personality was done with the help and guidance
of a Career Guidance Professional at KUCCPS.

3.2.4 Prototype Development

The prototype was developed in a continual process of knowledge acquisition and updating the
knowledge base with new domain knowledge and inference knowledge obtained from the
domain experts and available.

SWI Prolog was used as a tool to develop the prototype. SWI Prolog was preferred since it is
popular and there are freely available packages that makes the process of programming fast. In
addition, there was availability of free and easily understood documentation and community of
developers.

3.2.5 Evaluation

Evaluation was undertaken to verify the effectiveness of the prototype in recommending
courses to students based on their interests and performance at the secondary school. Precision,
true positivity rate and false positivity rate were used to measure the performance of the
prototype in recommending courses to secondary school graduate student.

3.2.6 Ethical Considerations

Confidentiality of the respondents’ data was ensured by not storing their personal data during
evaluation of the prototype. This is in line with the Data Protection Act of 2019 that stipulates
regulations on the collection, storage and processing of data.

Anonymity was considered when collecting evaluation data by ensuring that the responses are
not traceable to a participant.

4  ANALYSIS, DESIGN AND IMPLEMENTATION
This chapter outlines the process of analysis, design and implementation of the course

recommender system prototype.
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4.1 Design Model

The design model shows the system is constructed and describes the critical components of the
prototype. The model shows the relationship between the components. The course
recommender system is developed on SWI Prolog which contains the components of a
knowledge-based system including a user interface, an inference engine and knowledge base.
Users query the system through a Command Line Interface to complete the personality test and
submit their performance results then request for recommendation of courses based on their

interests and performance. The recommended courses are return and displayed through the

command line interface.

INFERENCE ENGINE

COURSE RECOMMENDER SYSTEM

r

Personality Identifier RECOMMEND COURSES
) Courses
P
Course Qualification
Identifier <
J
T K - Courses
/\ P
N User Interface D
Course . Y <
Collection, T
subject
requirements
Student Interests Student results
N~

A

A

Student

Knowledge
Engineer

Figure 6 : Architecture of the Course Recommender Prototype
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4.2 Personality Identifier

The user is subjected to a personality test with sixty questions. Each question is mapped to a
personality type. Each positive response to a question is weighted as 1 and negative response
is weighted as a 0. The weights of each personality are determined by aggregating the
responses. The next step is to get the top three personality types with the highest weights and

that is what is to represent the student personality.

A dminELMOO32 PROJECT % swipl

Welcome to SWI—-Prolog (threaded, &4 bits, version 8.2.4)

sSwI olog comes wi th ABSOLUYELY No WARRANTY . This is free so Fftware .
P run ?7— license. Tor legal details.

Foxr Nne help and background, visi © https://www.sw1 prolog-org

For built—in help, use 22— help(Top\c). or 77— apropos(wWord) .

?7— consu 1t ¢ 'PROJECT.p1"') .

true

77— dimport_db

true .

Questions: (1 means Yes, an d © means No . >

= v rollowed by a fullstop.
1. I consider myself to be athletic
178
2. I am a nature lovexr
12 @
3. I am curious about the physical world(nature, space and living things)
g ids
4. T am dindependent
2! T
S. I like to fix things
o8 i
6. I like to use my hands(plant a garden, help with TfTixing the house)
13 A
7. I enjoy exercisin a
[ s
8. I like to save mone v
s T
©. I like to work until the work gets done
et Ao
1@. I like working on my own
IS B
11. T am ver v cautious an a4 carerul
[ REEEE - =
12. I am curious about everything
§5 .
13. I can do complex calculations
B
14. I like to solve maths problems
- T
15. I like to use computers
piE e
16. I like to read book all the time

Figure 7: How personality test is administered

All the questionnaire answers are stored in the memory and flushed out once the user session

is closed.

guestionnaire(Questions):- findall(D, questions(D,_,_), Questions).
administer_questionnare([]).
administer_questionnare([H|T]):-

write(H), nl, read(A), nl,questions(H,Y, ),assertz(answer(Y,A)),

administer_questionnare(T).
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execute_questionnaire :-
write("Kindly answer all the questions: (1 means Yes, and 0 means No.)"), nl ,
write('Please Enter your answer followed by a fullstop.’),nl,
guestionnaire (Questions),

administer_questionnare (Questions),!.

Figure 8: Code Extract that Administers Personality Test

pPrint_answers .

COPOOPHOOOOLRHHFOOFOOOFOOOOLROROFOOO00C00O0COOFRROORFRPREFRRRERREREOR

doooQoooo0ommmmmmmmMMMOROOONO0AN>>>PPPEPPPHHHHHKERHKHEIIIIIINADDY
L L A L A I A I
]

Figure 9: Answers to an administered personality test

print_answers :-
findall(Y-Z, answer(Y,Z), Answers), printlist(Answers).

Figure 10: Code extract that prints all answers to an administered personality test.

Figure 11 shows the extract that is used to calculate the three-letter personality code for the

student.
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[debug] ?- get_three_letter_personality_code.
[E,I,R]
true.

get_three_letter _personality code:-

findall(E, answer('E",E), Es), findall(l, answer('l',1), Is),

findall(A, answer(*A',A), As)findall(S, answer('S',S), Ss), findall(C, answer('C",C),
Cs), findall(R, answer('R",R), Rs), list_ sum(Es, ET), list_ sum(As, AT), list_sum(ls, IT),
list_ sum(Cs, CT), list_sum(Ss, ST),list_sum(Rs, RT), retractall(weight(_, )),
assertz(weight(ET,'E")),assertz(weight(AT,'A")),assertz(weight(1T,'l")),assertz(weight(S
T,'S"),assertz(weight(CT,'C")),assertz(weight(RT,'R")),

sort_personality by weight(T), write(T).

Figure 11: Extract of code that calculates the three letter personality code and result.

4.3 Course Qualification Identifier

This module checks verifies whether the student has met all the minimum subject requirements
of the course that belongs to a sub cluster of a cluster. Clusters are a group of courses with
similar subject requirements. A cluster always has four subject requirements that a student has
to have results. A subject requirement can only be represented by one subject.

A sub cluster is a group of courses within the same cluster and have similar minimum subject
grade requirements. The sub cluster requirements mostly are requirements by a regulatory body

of a profession which the student must meet.
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BACHELOR OF SCIENCE (MECHANICAL ENGINEERING)

SOERREEICLE View Available Institutions

MINIMUM ENTRY REQUIREMENTS MINIMUM SUBJECT REQUIREMENTS
CLUSTER SUBJECT 1 MAT A SUBJECT1 MATA G
CLUSTER SUBJECT 2 PHY SUBJECT2 PHY Ct
CLUSTER SUBJECT 3 CHE SUBJECT3 CHE &
CLUSTER SUBJECT 4 BIO/HAG/GEQ/ CRE/IRE / HRE / HSC/ARD / AGR /WW / MW / BC/PM / ECT SUBJECT4 ENG/KIS C+

/DRD / AVT / CMP / FRE / GER / ARB / KSL / MUC/ BST

NOTE: A subject may only be considered ONCE in this section

Figure 12: Bachelor of Science Mechanical Engineering minimum requirements. Obtained
from KUCCPS students Portal (2021)

print_all_subjects :-
findall(X-Y-Z,subject(X,Y,Z),Subjects), printlist(Subjects).
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?— consult('PROJECT.pl').
true.

?— print_all_subjects.
101—ENGLISH—GROUP I
1902—KISWAHILI—-GROUP I

121 —MATHEMATICS OPTION A—GROUP I
122—MATHEMATICS OPTION B—GROUP I

231 —BIOLOGY—GROUP II
232—PHYSICS—GROUP II
233—CHEMISTRY—GROUP II
236—BIOLOGY—GROUP II

237—GENERAL SCIENCE—GROUP II
311—HISTORY & GOVERNMENT—GROUP IIT
312—GEOGRAPHY—GROUP III
313—CHRISTIAN RELIGIOUS EDUCATION—GROUP IITI
314—ISLAMIC RELIGIOUS EDUCATION—GROUP IITI
315—HINDU RELIGIOUS EDUCATION—GROUP IIXI
441 —HOMESCIENCE—GROUP IV

442 —ART & DESIGN—GROUP IV

443 —AGRICULTURE—GROUP IV

444 —WOODWORK—GROUP IV

L4 45 —METALWORK—GROUP IV

446—BUILDING CONSTRUCTION—GROUP IV
447 —POWER MECHANICS—GROUP IV
448—ELECTRICITY—GROUP IV

449—DRAWING AND DESIGN—GROUP IV
450—AVIATION TECHNOLOGY—GROUP IV

451 —COMPUTER STUDIES—GROUP IV
S01—-FRENCH—-—GROUP V

502—GERMAN—-GROUP V

SO03—ARABIC—GROUP V

504—KENYAN SIGN —GROUP V

511 —MUSIC—GROUP V

565—BUSINESS STUDIES—GROUP V
234—PHYSICAL SCIENCE—NULL
235—BIOLOGICAL SCIENCES—NULL
316—SOCIAL EDUCATION AND ETHICS—NULL
427—ECONOMICS—NULL

561 —ACCOUNTING—NULL
562—COMMERCE—NULL

true.

Figure 13: Extract of code that prints all available subjects from the knowledge base

result(101,'B+').
result(102,'B+").
result(121,'B+".
result(231,'D+").
result(232,'B+').
result(233,'B+").
result(312,'B+").
result(501,'B+").
Figure 14: Extract of sample student results
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?— check_cluster(cluster_ 7).
true .

?— trace.
true.

heck_cluster(cluster_7).

check_cluster(cluster_7) 7 creep

cluster(cluster_7, _9870, cluster_subject_1, _9874) ? creep

cluster(cluster_7, 'Cluster 7 — Engineering, Technology & Related', cluster_subject_1, 121) ?

cluster(cluster_7, _9958, cluster_subject_2, _9962) 7 creep

cluster(cluster_7, 'Cluster 7 — Engineering, Technology & Related', cluster_subject_2, 232) ? creep
z

[tracel
1
creep

c
)
)
)
)
)
) eluster(cluster_7, _10046, cluster_subject_3, _10858) ? creep
) eluster(cluster_7, 'Cluster 7 — Engineering, Technology & Related', cluster_subject_3, 233)
) cluster(cluster_7, _18134, cluster_subject_4, _18138) 7 creep

) eluster(cluster_7, ‘'‘Cluster 7 — Engineering, Technology & Related', cluster_subject_4, 231) ? creep
) all_different([121, 232, 233, 231]) 7 creep

) lists:member(121, (232, 233, 2311) ? creep

) lists:member(i21, [232, 233, 231]1) ? creep

) all_different([121, 232, 233, 231]1) 7 creep

) all_different([232, 233, 2311) 7 creep

) lists:member(232, [233, 2311) ? creep

) lists:member(232, [233, 2311) ? creep

) all _different([232, 233, 2311) 7 creep

) all_different([233, 231]) ? creep

)} lists:member(233, [2311) ? creep

) lists:member(233, [231]1) ? creep

) all_different([233, 231]1) ? creep

) all_different([231)
} lists:member(231, [
) lists:member(23i, [
) all_different([231]
) all_different([1) ? creep

) all_different([1) ? creep

) all _different([231]) 7 cree
)

)

)

)

)

)

)

)

)

)

)

)

)

)

)

)

)

)

)

)

)

)

)

)

)

)

)

)

creep

all_different([233, 231]) ? creep
all_different([232, 233, 2311) 7 creep
all different([121, 232, 233, 231]1) 7 cre
findall(_111608, result(_11166, _11162),
result(_11166, _11162) ? creep
result(lie1, 'B+') 7 cree

result(_111¢6©,
result(1e2, ‘B+')
result(_111606,
result(iz2a, '"B+') 7 cree
result(_11166, _11162) 7 creep

ep
1222) 7 creep

creep

T

D+ e

result(_1116@, _11162) ? creep
B+') e

result(_1116©, _11162) 7 creep
+ ') e

result(_11166, _11162) ? creep
B+')

7 eep
result(_1116@, _11162) ? creep

result(561, 'B+') ? creep

findall(_1116@, user:result(_11166, _11162), [1e1, 1e2, 121, =231, 232, 233, 312, 5011) 7 creep
allMembers([121, 232, 233, 231], (1el, 1e2, 121, =231, 232, 233, 312, 5011) ? creep

allMembers ([232, 233, 231], [161, 162, 121, 231, 232, 233, 312, 581]1) ? creep

allMembers([233, 2311, [1el, 162, 121, 231, 232, 233, 312, 5011) ? creep

allMembers([231]1, (181, 12, 121, 231, 232, 233, 312, 5011) 7 creep

allMembers([1, [1e1, 1e2, 121, =231, 232, 233, 312, 501]1) ? creep

allMembers([]1, [161, 1@z, 121, 231, 232, 233, 312, 561]) ? creep

isMemberOf (231, [161, 12, 121, 231, 232, 233, 312, 5011) ? creep

A A A
N N T
MUN>WNHEBOO0OO0OODORODOODORPNWIANNPANNIWIIWNUWNBNNPPBPPRBBRGS

get_passed_sub_cluster_subject_requirements(Sub_Cluster) :-

(findall(A, (sub_cluster(_,Sub_Cluster, A, Requirement,Subject_Code),
result(Subject_Code,Result), grade(Requirement, RQ_AGP), grade(Result, RS_AGP),
RS_AGP >= RQ_AGP), All_A), sort(All_A,Distinct_A),
findall(B,sub_cluster(_,Sub_Cluster,B,_, ),All_B), sort(All_B,Distinct_B),
length(Distinct_A, N), N > 0 ,Distinct_A=Distinct_B,!);

sub_cluster(_,Sub_Cluster,null,null,null),!.

Figure 15: Extract of code, results and tracing of the process to check for cluster

requirements

[trace] ?-

| notrace.
true.

[debug] ?- get_passed_sub_cluster_subject_requirements('7A').
true.
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[trace] ?- get_passed_sub_cluster_subject_requirements('7A').

Call: (18) get_passed_sub_cluster_subject_requirements('7A') ? creep
~ call: (11) findall(_5710, (sub_cluster( 5706, '7A', _5718, 5712, _S5714), result(_5714, _5726), grade(_5712, _5738), grade(_5726, _5750), _5750>=_5738), _5816) ? creep

call: (17) sub_cluster(_57@6, '7A', _5718, _5712, _5714) ? creep

Exit: (17) sub_cluster(cluster_7, '7A', '7A_subject_1', 'C+', 121) ? ereep

Call: (17) result(121, _5726) ? creep

Exit: (17) result(121, 'B+') 2 creep

Call: (17) grade('C+', _5738) ? creep

Exit: (17) grade('C+', 7) 7 creep

Call: (17) grade('B+', _5750) ? creep

Exit: (17) grade('B+', 10) ? creep

call: (17) 18>=7 ? creep

Exit: (17) 18>=7 ? creep

R (17) sub_cluster(_5786, '7A', _5718, _5712, _5714) ? creep

Exit: (17) sub_cluster(cluster_7, '7A*, '7A_subject_2', 'C+', 232) ? creep

Call: (17) result(232, _5726) ? creep

Exit: (17) result(232, 'B+') ? creep

Call: (17) grade('C+', _5738) ? creep

Exit: (17) grade('C+', 7) 7 creep

Call: (17) grade('8+', _§76@) ? creep

Exit: (17) grade('B+', 18) ? creep

call: (17) 18>=7 ? creep

Exit: (17) 18>=7 ? creep

wedo: (17) sub_cluster{_5766, ‘7A‘, 5718, _§712, _5714) ? creep

Exit: (17) sub_cluster(cluster_7, '7A', '7A_subject_3', 'C+', 233) ? creep

Call: (17) result(233, _5726) ? creep

Exit: (17) result(233, 'B+') ? creep

Call: (17) grade('C+', _5738) ? creep

Exit: (17) grade('C+', 7) 7 creep

Call: (17) grade('8+', _5750) ? creep

Exit: (17) grade('B+', 1) ? creep

Call: (17) 18>=7 ? creep

Exit: (17) 18>=7 ? creep

R (17) sub_cluster(_5786, '7A', _571@, _5712, _5714) ? creep

Exit: (17) sub_cluster(cluster_7, '7A*, '7A_subject_4', 'C+*, 181) ? creep

Call: (17) result(181, _5728) ? creep

Exit: (17) result(181, 'B+') 2 creep

Call: (17) grade('C+', _5738) ? creep

Exit: (17) grade('C+', 7) ? creep

Call: (17) grade('B+', _575@) ? creep

Exit: (17) grade('B+', 10) 7 creep

call: (17) 18>=7 ? creep

Exit: (17) 10>=7 ? creep

2 (17) sub_cluster(_5786, '7A', 5718, _5712, _5714) ? creep

Exit: (17) sub_cluster(cluster_7, '7A*, '7A_subject_4',6 'C+', 182) ? creep

Call: (17) result(182, _5728) ? creep

Exit: (17) result(182, 'B+') ? creep

Call: (17) grade('C+', _5§738) ? creep

Exit: (17) grade('C+', 7) 7 creep

Call: (17) grade('8+', _676@) ? creep

Exit: (17) grade('B+', 18) ? creep

call: (17) 18>=7 ? creep

Exit: (17) 18>=7 ? creep
4 Exit: (11) findall(_5710, user:(sub_cluster( 5786, '7A', _6710, _5712, _6714), result{ 6714, _5726), grade(_5712, _5738), grade(_§726, _5750), _5750>=_6738), ['7A_subject_1‘, '7A_subject_2', '7A_subje
©_3', '7A_subject_4', '7A_subject_4']) ? creep

Call: (11) sort(['7A_subject_1', '7A_subject_2', '7A_subject_3', '7A_subject_4', '7A_subject_4'], _8186) ? creep

Exit: (11) sort(['7A_subject_1', '7A_subject_2', '7A_subject_3', '7A_subject_4', '7A_subject_4'], ['7A_subject_1', '7A_subject_2', '7A_subject_3', '7A_subject_4'l) ? creep
4 Call: (11) findall(_8234, sub_cluster(_823¢, '7A', _B234, _8236, _8238), _B298) ? creep
Call: (16) sub_cluster(_823@, '7A', _B234, _8236, _8238) ? creep
Exit: (16) sub_cluster(cluster_7, '7A', '7A_subject 1', 'C+', 121) ? creep
R (16) sub_cluster(_ 8230, '7A‘', _B234, 8236, _8238) ? creep
Exit: (16) sub_cluster(cluster_7 . '7A_subject_2', 'C+', 232) ? creep
2 (16) sub_cluster(_8230, 236, 8236, _8238) ? creep

Figure 16: Sample extract showing the tracing of the process to check for sub cluster

requirements

4.4 Course Recommendation

This module is use to filter courses based on inputs received from the qualification identifier
and the personality identifier modules. The available courses are reduced to a list of courses
that the student matches based on their identified personality and interests and their
performance. The student is recommended courses based on the level of qualification they
prefer. There are three levels of qualification namely degree, diploma certificate and artisan

and their course distribution are as per the Table 1.
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Table 1: Table showing the distribution of courses by personality and qualification type.

N o1 | O | B O N

[N
(2]

SN
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[debug] ?- get_course_recommendations.

Kindly provide your preferred qualification level (degree,diploma,certificate,artisan):
| : degree

=

[E,I,R]

BACHELOR OF SCIENCE (GEOLOGY)

true.

[debug] ?- get_course_recommendations.

Kindly provide your preferred qualification level (degree,diploma,certificate,artisan):
|: diploma.

[E,I,R]
false.

[debug] ?- get_course_recommendations.
Kindly provide your preferred qualification level (degree,diploma,certificate,artisan):
|: certificate.

[E,I,R]
false.

[debug] ?- get_course_recommendations.
Kindly provide your preferred qualification level (degree,diploma,certificate,artisan):
|: artisan.

[E,I,R]
false.

Figure 17: Extract of how the course recommendation is made

5 RESULTS AND DISCUSSION
This chapter presents the results of the evaluation of the prototype undertaken after

development and discusses the findings in relation to the research objectives.

5.1 Evaluation of the Prototype

The prototype performance was evaluated by measuring its efficiency and effectiveness of
recommending likeable courses to students. The prototype was subjected to evaluation by
professionals within KUCCPS from different professions. The professionals were subjected to
the visual presentation of the prototype to check whether the recommendations given were
likeable to them and if there were any courses that were not recommended and are from the list
of courses in the database that match their personality and performance and that they would
consider to pursue. A total of 56 courses were recommended in the evaluation. The
recommendation was capped to ten randomly courses achieved from shuffling the courses and

recommending the top ten.
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A confusion matrix of the prototype performance was developed as shown in the Table 2.

Liked Not Liked
Recommended Courses 51 5
Not Recommended Courses 13 52

Table 2: Confusion matrix of the recommender system prototype

ACCURACY | PRECISION RECALL SPECIFICITY | F-MEASURE
85.12 91.07 79.69 91.23 85
Table 3: Accuracy of the prototype

As shown in the table, the accuracy of the prototype is 85.12 % which is an acceptable
performance. The F-Measure which is a measure of effectiveness is 85% which indicates the

prototype has a good performance.

The main challenge that led to the performance observed was due to the method of selecting
the top K courses for recommendation.

5.2 Discussion

From the evaluation of the performance of the system, an accuracy of 85.12 % is a good
performance considering the method of selection of the top ten courses for recommendation.
The accuracy achieved indicates that student interests and their performance can be used to
effectively recommend courses to students.

Usage of the prototype was measured through precision, recall and specificity. Precision, recall
and specificity measure whether a user considers the use of the recommendations
(Gunawardana & Shani, 2015). The precision was 91.07%, recall 79.69% and specificity at
91.23 %.

Knowledge based systems can as well be used to recommend courses to students where course
rating data is not available. Knowledge based course recommender system has functional
knowledge on how a course meets the needs of a student and is able to reason the relationship

between the student’s interests and performance and a possible recommendation of courses.
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6.0 CONCLUSION AND RECOMMENDATIONS

6.1 Conclusion

Recommender systems have been employed in entertainment, e-commerce, agriculture,
healthcare and education among other industries to provide personalised suggestions to their
users based on available information.

In education, recommender systems have been employed to suggest courses to students based
on their performance, personalities and rating of the courses given by other students.

The research focussed on how to incorporated the interests and performance of the students in
recommending courses to them.

A knowledge-based recommender system prototype was developed to evaluate a model for
course recommendation and its performance was evaluated to measure its efficiency and
effectiveness in recommending courses

The recommendation of courses ensure that the interests and ability of the student are used
when making recommendation to a student. The prototype is used to recommend a list of
courses to the student who then have a reduced number of courses from which they can easily
work with by doing further research on them and finally selecting a preferred course from the

recommended list. This ensures that students are selected to courses that they have interest in.

6.2 Recommendation

Course recommendation is key in suggesting courses relevant courses to students. This
research focussed on recommending courses based on the student interests and ability. A
knowledge base recommender system prototype was developed to recommend a list of courses
at random to ensure serendipity.

Future studies need to explore ways of introducing ranking of the courses. This will provide a

better way of recommending top courses to the student.
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