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ABSTRACT

This work describes a recommendation approach designed to enhance student success by
identifying semester schedules and graduation paths. The primary objective is to provide personalized
graduation path recommendations rooted in individual student performance and draw insights
from the academic journeys of similar students who successfully graduated. The original research
contribution of this work lies in the development of a graduation path recommender system that
leverages a combination of Markov Decision Process, Q-Learning, and collaborative filtering techniques
to pinpoint graduation paths with a higher likelihood of leading students to success based on their
academic progress thus far. The effectiveness of the proposed approach will be verified through its
use of the previous student data, and course data within different departments such as Computer
Science and Computer Engineering.

The proposed approach distinguishes itself through its utilization of collaborative filtering to
identify similar students and understand how they achieved success in their graduation journeys and
Q-learning to identify the semester load that leads a student to academic success. Moreover, it can
be adapted to various disciplines provided there is a sufficient amount of data available to generate
tailored pathways. This recommendation framework has been successfully implemented within the
Pervasive Cyberinfrastructure for Personalized eLearning and Instructional Support (PERCEPOLIS).
PERCEPOLIS has been specifically designed to support student success by offering guidance in
course selection and graduation pathways, with the goal to improve retention rates, enhanced student

performance, and increase graduation rates.
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1. INTRODUCTION

Education, particularly within the realm of higher education, has progressively become
intertwined with technology. This integration of technology has left its mark on various facets of
university life, encompassing not only the classroom and coursework but also numerous other domains.
Nevertheless, certain responsibilities such as academic advising, and more precisely, the process of
students selecting their courses, have thus far failed to fully harness the advantages that technology
can offer. In short, the strategies employed by students when opting for courses in a given semester
have remained largely unchanged over the span of several decades.

Conventionally, a student engages in a sequence of steps, including conducting a degree audit,
consulting their advisor, and finalizing their course selection for the upcoming semester. Often, little
attention is given to meticulously strategizing and pinpointing courses and schedules that would serve
the student’s goals, be it in terms of timely graduation, financial considerations, personal enjoyment,
workload distribution, or even the level of challenge. This tendency is perfectly reasonable, as
delving into the unique portfolio and graduation trajectory of each student is a formidable and nearly
impractical endeavor, given the multitude of potential courses and viable pathways to completion.
Consequently, this situation can lead students to experience a sense of being inundated by their
course load, weighed down by academic pressures, and in some instances, it might even culminate in
academic setbacks for certain students.

The focus of this research lies in capitalizing on the accessibility afforded by computational
processing power and available data. The aim is to extract insights from trends in academic
performance and subsequently apply these insights to empower students in formulating long-term
plans, as well as conducting what-if analyses. These endeavors are geared toward the meticulous
selection of courses, ultimately guiding students toward achieving graduation while maintaining a
commendable GPA.

Prior to this work, different recommendation frameworks existed, some focusing on construct-
ing a full path to graduation while others provided semester-based course recommendations; each
with their own limitations. Full-path graduation recommendations prioritized degree requirements
but lacked personalization. On the other hand, semester-based recommendations considered student
and course data but only provided guidance for the upcoming semester without a holistic view of a

graduation path.



Our research bridges these gaps by proposing a recommendation framework that combines
the strengths of both approaches. We aim to recommend a graduation path that satisfies degree
requirements while also tailoring schedules based on past student data, enhancing student academic
performance. This framework leverages a wealth of data encompassing a student’s academic history,
degree program requisites, available courses, and the achievements of past graduates. The central
objective remains to generate semester-by-semester course schedules that chart a coherent path to
graduation, taking into account specific criteria such as graduation timeline and projected GPA for
each semester.

The original research contribution of this thesis is in the recommendation framework, which
is centered on a Markov decision process augmented by collaborative filtering to generate several
potential graduation paths and then identify the path most conducive to the student’s success, as
measured by their past performance, such as GPA.

This endeavor falls within the purview of the PERCEPOLIS cyberinfrastructure for person-
alized education [1] [2]. The author’s contribution encompasses the intricacies of PERCEPOLIS,
ranging from its design to its implementation and prototype development. The research presented in
this paper marks a pivotal and substantial advancement within the context of the recommendation
framework employed by PERCEPOLIS. Notably, the integration of reinforcement learning introduces
an innovative dimension, enabling the estimation of potential student performance through the analy-
sis of analogous student data. In a recent publication concerning PERCEPOLIS, an in-depth account
is provided of the previously utilized multi-objective optimization approach for path recommendation
towards graduation [2].

The distinctiveness of the proposed approach resides in its incorporation of reinforcement
learning and historical data to suggest course schedules that have proven advantageous for comparable
students. This methodology exhibits a high degree of intelligence and flexibility, learning from its
environment and factoring in numerous facets to tailor its recommendations. The personalized course
schedules that emerge from this approach hold the promise of amplifying a student’s accomplishments
and curtailing both the financial burden and the duration of their degree pursuit. On an institutional
scale, this transformative approach has the potential to foster heightened student retention and
graduation rates.

This thesis will delve into the background of the proposed approach, examining the spectrum
of literature in this area to highlight where successes have been achieved and where further investigation

is required. This research aims to bridge these gaps. Furthermore, the PERCEPOLIS section will



elaborate on the system that serves as the foundation for the algorithm’s implementation, detailing
its architecture and significance. The methodology section will provide an in-depth explanation of
how the novel algorithm functions, outlining the purpose of each component and the anticipated
results. Subsequently, the approach’s validation will be presented through various test cases that
compile the algorithm’s key features in an accessible manner. Validation also includes ensuring that
all generated paths will enable a student to graduate. Finally, the conclusion will summarize the key

learnings and reaffirm the claims made earlier in this work.



2. BACKGROUND

Understanding the landscape of a research area is crucial not only for the researcher but also
for the readers. By offering a detailed overview of related works and foundational concepts within
this field, readers are better prepared to appreciate the novel concepts and methodologies introduced
in this research. To this end, considerable effort has been invested in conducting a comprehensive
analysis of significant features related to these works. This includes highlighting where previous
research has succeeded and identifying areas that require further investigation. Such an approach
sets the stage for my contribution, which aims to address these identified gaps and advance the field.
Furthermore, this section will delve into more complex concepts pertinent to this study, providing a
foundational understanding that can be leveraged for more sophisticated applications of these topics.
Overall, this section serves as a critical stepping stone, laying the groundwork for the comprehensive
exploration presented in this research.

Recommendation systems have become increasingly popular in e-learning as they play a
crucial role in identifying valuable information related to student success in education. These systems
come in various forms, all with the common goal of enhancing student performance and personalization
in course selection. By leveraging a user’s profile, preferences, history, and similarities to other users,
these systems intelligently suggest items of interest. However, to ensure their effectiveness, it is vital
to conduct a thorough review of recommendation systems in education, focusing on how they support
educational practices, the developmental approach employed, and the nature of the items being
recommended. Such evaluations are essential for refining and optimizing these systems, ultimately
leading to improved educational outcomes and student experiences [3, 4].

Before delving into the related works, it’s crucial to understand key concepts utilized in this
research, namely Markov Decision Processes (MDPs), Q-Learning, and the similarity metric known
as the Pearson Correlation Coefficient.

A Markov Decision Process (MDP) provides a framework for decision-making in complex
systems, enabling an agent to perform actions, transition to new states, assess the outcomes, and
proceed indefinitely or until a terminal state is reached. The fundamental components of an MDP
include states, actions, rewards, transitions, and policies. For instance, consider a robot vacuum
cleaner where the state might be its location in a room, labeled A or B, each potentially clean or dirty.
The robot’s actions could include cleaning the current location or moving. Rewards are assigned

based on the action’s effectiveness, such as a positive reward for cleaning a dirty area. Transitions



detail the likelihood of moving between states, while the value function assesses the desirability of
each state—cleaning a dirty area yields a positive reward. The policy dictates the robot’s behavior,
such as cleaning when in a dirty area and moving otherwise.

Q-learning, a model-free reinforcement learning algorithm, extends the MDP framework
to learn the value of state-action pairs, i.e., the rewards associated with actions in specific states.
Using the robot example, imagine a 2x2 grid representing clean and dirty areas, with actions to
either clean or move. Initially, the values in this "Q-table" are unknown; the robot must explore
its environment to learn these values based on the rewards received, thereby approximating the
Q-function for informed decision-making. This guides the robot towards the most efficient cleaning
strategy based on the given rewards.

Similarity metrics play a pivotal role in identifying similarities within vast datasets, particu-
larly in determining how closely users’ choices align within a system. This study employs the Pearson
Correlation Coefficient (PCC) as its similarity metric, valuable for assessing pairwise similarities
between users and items. The PCC outputs a value between -1 and 1, where a negative correlation
indicates divergent preferences (e.g., if user A rates a movie highly and user B rates it poorly),
and a positive correlation signifies similar tastes. By identifying users with similar PCC scores, it
becomes possible to recommend content one user likes to another with similar preferences, enhancing

personalized recommendations.
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Figure 2.1. Related Work Taxonomy Figure



This research builds upon the PERCEPOLIS cyberinfrastructure [2], which focuses on
personalized education by identifying suitable course schedules using multi-objective optimization. In
contrast to the earlier efforts, which considered academic history, interests, and degree requirements,
this paper extends the research by introducing the prediction of a student’s academic performance
through collaborative filtering and reinforcement learning, enhancing the course schedule recommen-
dations for graduation.

To this extent, the review of work relating to recommendation, predictive, and path-generation
approaches offers valuable insights into the broader landscape of research in recommendation systems
for education, as demonstrated in Figure 2.1. By examining existing methodologies, we gain a
comprehensive perspective on where the research fits in the larger picture of enhancing educational

recommendation systems.

2.1. SINGLE METHOD RECOMMENDATION APPROACHES

Several works adopt one of two predominant approaches: content-based filtering and collabo-
rative filtering.

2.1.1. Content-based Filtering. Content-based filtering (CBF) generates recommenda-
tions by analyzing item features and individual user preferences. It utilizes keywords to describe
each item and creates a user profile from direct input from a user or past interactions. This method
assumes that user preferences remain relatively stable over time. For course recommendation, CBF
considers a student’s previous course searches or input from surveys [5]. For instance, Morsomme
et al. [6] employed a content-based approach to suggest courses aligned with a student’s academic
interests while providing cautionary alerts for potentially challenging courses based on the student’s
academic background.

2.1.2. Collaborative Filtering. In collaborative filtering (CF), recommendations are
generated based on similarities between users and/or items. User profiling is derived from direct
input or historical interactions, enabling the identification of users with analogous profiles. Enabling
the discovery of interesting courses for a user by analyzing their interaction with a system. Hidayat
et al. [7] utilized CF to filter information, collecting ratings, assessments of learnings, frequency of
selection, and time spent on learning content. This data formed a Learner Learning Object Rating
(LLOR) matrix, enabling personalized learning content recommendations. Klasnja-Mili¢evié¢ et al.

[8] proposed a distinctive approach to enhance CF in e-learning environments by incorporating



tag-based recommendations. Their focus lies in selecting appropriate collaborative tagging techniques
to drive improved, personalized recommendations aligned with learners’ interests, learning styles,
demographic characteristics, and prior knowledge.

An issue that arises from CF is the data sparsity problem. Data sparsity within e-learning
systems refers to the scarcity of available user-item interaction data, which hinders the accurate
generation of personalized recommendations. To address this issue, Pang et al. [9] introduced a
Multi-Layer Bucketing Recommendation (MLBR). MLBR transforms learner vectors into a uniform
length dimension and organizes them into buckets containing similar users, enabling more effective
course recommendations. This approach not only improves issues related to data sparsity but also
reduces the time cost for generating recommendations. Another effort to mitigate data sparsity
was made by Liu, Xiuju [10], who developed Collaborative Filtering based on Influence Sets of the
E-learning Group’s Behavior (CF-ISEGB). CF-ISEGB evaluates the target object by simultaneously
combining the k nearest neighbors and k’ reverse nearest neighbors, effectively overcoming limitations
in existing CF-based algorithms. This results in more accurate predictions for the target object and
enhances the evaluation density of target objects, especially in sparse datasets.

While CF has various advantages in generating recommendations, newer and more advanced
alternatives, such as the hybrid approach, have emerged. The hybrid approach combines multiple
recommendation methods, mitigating the negative effects of individual approaches. In contrast to
these approaches that solely relied on CF, the proposed method incorporates several approaches,

resulting in enhanced recommendations surpassing the capabilities of single-method approaches.

2.2. HYBRID APPROACHES

Hybrid approaches refer to the integration and combination of multiple recommendation
techniques and algorithms to provide more accurate and personalized recommendations for learners.
The aim is to combine the strengths of different approaches while mitigating their weaknesses, leading
to an improved learning experience for the users. In the scope of a hybrid approach, several approaches
have been proposed, including Collaborative Filtering, Content-based Filtering, Knowledge-based
Systems, Matrix Factorization Techniques, Context-aware Recommendations, and Reinforcement
Learning approaches, resulting in numerous combinations.

Jing Li et al. [11] developed a content-based collaborative filtering recommendation algorithm
that utilizes a scoring matrix to compute similarities between users or items, facilitating personalized

recommendations based on these similarity relationships. The authors found that the integrated



recommendation system efficiently assists users in discovering high-quality information that aligns
with their interests, ultimately saving valuable time and costs. Jerson Rivera [12] developed a hybrid
recommender system for enrolling in elective subjects for engineering students. The system utilizes
both content-based and collaborative filtering approaches to analyze students’ academic behavior and
relationships. Additionally, machine learning models were employed to generate recommendations
based on the similarity between subject contents and elective subject lines, as well as the academic
relationships among students.

Furthermore, Gongwen Xu et al. [13] developed a system that combines knowledge graphs
and collaborative filtering. By integrating the semantic similarity of recommended items into the
calculation, this approach achieves improved precision and recall, leading to more accurate and
efficient course recommendations. However, it faces challenges such as user interest drift and the
time effectiveness of historical data. In another study, Zameer Gulzar et al. [14] devised a hybrid
approach focusing on N-gram query classification, expansion-based information retrieval, and ontology
support for course recommendations. Their proposed system proves to be more suitable, effective,
and beneficial to learners compared to single-method approaches.

Considering the aforementioned hybrid approaches, certain limitations persist in terms of the
user’s options with the provided recommendations. To enhance this aspect, predictive approaches step
in, offering valuable insights through their predictions, including student performance, likability, and
other relevant factors. Such predictive approaches not only provide greater user understanding but also
come in various forms, presenting an array of possibilities for improving the overall recommendation

experience.

2.3. PREDICTIVE APPROACHES

Predictive approaches represent the next natural progression of recommendation systems,
offering valuable insights to both users and the recommending system. By generating informed
predictions, these systems can make informed decisions on tailored courses, learning objects, or other e-
learning recommendations. Hellas et al. [15] identified predictive approaches into four main categories:
Classification, Clustering, Mining, and Statistical. This classification framework contributes to a
comprehensive understanding of diverse predictive methodologies and their applications.

Classification methods, relying on supervised learning, play a pivotal role in predictive
approaches. Noteworthy examples of classification methodologies are demonstrated in the works

of Huda Al-Shehri et al. [16], who utilized a Support Vector Machine and K-nearest neighbor for



prediction, and N. Buniyamin et al. [17], who employed educational data mining to predict and
classify engineering students. These studies showcase the effectiveness of classification techniques in
enhancing predictive capabilities within various domains.

Clustering methods, based on unsupervised learning, constitute another vital aspect of
predictive approaches. Notably, V. K. Anand et al. [18] developed a machine learning approach
utilizing recursive clustering to group students in a programming course according to their performance.
Subsequently, a linear regression technique was employed to assess the student’s performance, leading
to customized learning content for individual students. Building upon this, Wala Bagunaid et al. [19]
introduced the AISAR: Artificial Intelligence-Based Student Assessment and Recommendation System.
This system encompassed score estimation, clustering, performance prediction, and recommendation.
By utilizing a recurrent neural network, a spatial clustering algorithm, and a threshold-based
MapReduce, the system effectively predicted student performance, thereby generating personalized
recommendations. These studies exemplify how predicting student performance can effectively drive
tailored recommendations for users.

Data mining methods, focused on identifying frequent patterns or feature extraction, present
another facet of predictive approaches. For instance, Zahyah Alharbi et al. [20] developed a data
mining technique to predict poor student outcomes. However, their primary objective was not to
recommend course objects based on these predictions. Instead, they utilized the predictions to
identify struggling students and offer remedial sessions to improve their performance. Similarly,
within educational data mining, Mustafa Yagc [21] devised a machine learning algorithm to predict
students’ academic performance, using midterm exam grades as input data. This approach, employing
various machine learning algorithms, achieved an accuracy of 70-75 percent in predicting student
final exam grades. While these methods are valuable for predicting student performance within the
scope of a course, they do not directly aid in predicting overall course grades, which is essential for
course recommendations.

Finally, statistical models, utilizing correlation, regression, t-testing, and other techniques,
stand out as the most commonly observed methods for predicting student performance [15]. For
instance, Hu et al. [22] proposed a course-specific regression model that considers information about
students, courses, and instructors to predict student performance. Although their system successfully
predicted student performance using data from public universities, its focus was on enhancing
the performance of statistical models through content features rather than incorporating course

recommendations. Another statistical model was developed by Pei-Chann Chang et al. [23], utilizing
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a hybrid approach of collaborative filtering and artificial immune systems (AIS). By employing
cosine similarity, Karl Pearson correlation, and AIS clustering, they predicted the scores of 3rd and
4th-year students. While this method offered a hybrid approach and made recommendations based
on score predictions, it was limited to 3rd and 4th-year students, failing to provide personalized

recommendations for younger students.

2.4. PATH GENERATION APPROACHES

Path generation is a facet of predictive approaches, encompassing the formulation of a
sequential route toward a specific goal. In the academic context, this process involves devising a
predictive path to graduation, considering both the essential courses required for completion and
the necessary prerequisites for each course. By carefully mapping out these interconnected steps,
individuals can efficiently navigate their educational journey and achieve their desired objectives.

Various other approaches have been explored within the realm of course sequence recom-
mendations. For instance, M. Premalatha and V. Siswanathan [24] proposed a Course Sequence
Recommendation using Subset Sum Approximation Algorithms. This method generated course
recommendations based on mandatory courses for a degree. However, it lacked consideration for
elective recommendations for students and did not involve predicting student performance. Instead,
it focused on estimating course difficulty based on a student’s past performance.

Another approach, pioneered by Jie Xu et al. [25], involved finding course sequence recom-
mendations utilizing a Forward-Search Backward-Induction algorithm. This resulted in a shorter
time to graduation and employed an online regret minimization learning algorithm to maximize
a student’s GPA. While this method aimed to enhance student performance by predicting their
academic outcomes, it solely relied on a student’s past performance in prerequisites, neglecting
insights from other students’ performances when making recommendations.

In the current state, as discussed in Section 1, the PERCEPOLIS project successfully
offers course pathway recommendations leading to graduation [2]. The recommender system adopts
a pervasive personalization approach, optimizing a student’s journey through a multi-objective
optimization problem. The primary objectives are to minimize the time-to-graduation, credit hours
taken, and to align the pathway with the student’s chosen career trajectory. While this solution
effectively recommends course pathways to students, it cannot predict a student’s performance based

on the given recommendations.
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This section introduces the Markov Decision Processes (MDP), Q-learning, and Pearson
Correlation Coefficient (PCC). Understanding these components in a broad sense is crucial, as
their applications will be explored in greater depth throughout the methodology. Furthermore, this
segment delves into a comprehensive review of related literature and its contributions to the domain,
particularly focusing on course recommendation systems. It highlights the superiority of hybrid
models over single-method strategies, which underpins the rationale for adopting a hybrid approach
in this research. The analysis also underscores the value of predictive models in providing learners
with insights, enabling them to make well-informed course selections. Nonetheless, it identifies a
gap in the creation of complete educational pathways that offer ongoing predictions to further aid
students, which this research aims to address. By integrating predictive modeling and an MDP
framework, my methodology introduces a novel hybrid approach to generate complete academic
pathways, from course selection to graduation, thereby facilitating informed decision-making for

students.
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3. PERCEPOLIS

The PERCEPOLIS cyberinfrastructure is a powerful tool designed to enhance graduation
rates, student retention, and academic performance. This web application offers students a compre-
hensive pathway to graduation, considering various essential factors such as time to degree completion,
likelihood of success, individual interests, and career aspirations. By enabling students to generate a
personalized academic path before advising meetings, it empowers them to find a semester schedule
that aligns with their current university progress, in terms of completion to degree, while also taking
their long-term graduation goals into account. This stands in contrast to the existing method, which
solely involves running a degree audit and disregards the critical personalization factors crucial for
student success.

PERCEPOLIS strives to make smart decisions based on a student’s current degree progress
and the various degree requirements. To achieve this, a web architecture has been established to
manage the system’s requirements and run the recommendation algorithms. This architecture is
divided into two components: the front end and the back end, each handling distinct tasks for

PERCEPOLIS. The overall architecture can be seen in Figure 3.1.
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3.1. WORK TO DATE

This project has been developed for many years and has encompassed several different
approaches to obtain its goal. Earlier work reported in [26] developed a user interface (UI) to obtain
student information, send it to the back end, and generate a semester schedule for that student.
Additional effort has been published [2] by Nicolas Dobbins et. al. and focused on the development
of a recommendation system that used university data and degree requirements to generate paths to
graduation. This work used a multi-objective optimization approach to identify courses based on
student interest while reducing time to a degree given credit hour limits.

3.1.1. Front-end. The current status of the front end encompasses numerous features that
facilitate the system’s comprehensive functionality. This enables an interactive platform accessible to
students, advisors, department heads, and the registrar, each with varying levels of access privileges.
It promotes an engaging environment for communication, viewing schedules, and tailoring features
to meet individual needs, shown in Figure 3.2. For instance, students can readily access their
recommended schedules, while an illustrative graduation path for a computer science major is
depicted in Figure 3.3.

The front-end implementation has been completed and seamlessly integrated into the system.
It was developed using a combination of essential web technologies, including HyperText Markup
Language (HTML) and Cascading Style Sheets (CSS), both fundamental for any web-based application.
In addition, Angular was chosen for its features, such as the creation of custom and reusable
components, enhanced productivity, consistent code structure, and straightforward testing capabilities.
Angular’s compatibility with TypeScript, an open-source language closely related to JavaScript but
distinguished by its static typing, further contributed to the development process. This combination
of languages facilitated the construction of web pages, many of which borrowed elements from one
another. Furthermore, it effectively manages server requests, enabling users to send requests and
view the corresponding responses on the page.

3.1.2. Communication between Ends. The communication component of the full-stack
application was established through the use of SPRING Boot and a REpresentational State Transfer
(REST) API. SPRING Boot, a Java framework, simplifies the execution of Java-based applications,
making it a valuable part of this project. Likewise, the implementation of a REST API adheres to a
set of standards governing inter-application communication, particularly between the front-end and

back-end systems. The RESTful API permits essential operations like GET, POST, PUT, DELETE,
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and more, which are fundamental in any system architecture. These components were chosen for
their compatibility with both front-end and back-end software, making them vital for the seamless

functioning of the application as portrayed in Figure 3.4.
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Figure 3.2. Front-end Routing for each User Type

3.1.3. Back-end. The current state of the back end involves multiple components working
cohesively to ensure the smooth execution and compilation of the supported algorithms. To maintain
this functionality, the back-end was developed using Kotlin, a cross-platform, statically typed, general-
purpose programming language with type inference. Kotlin, while Java-based, offers a more concise
syntax than Java, reducing the amount of code required for the same operations and enhancing
readability, which is particularly beneficial for new developers.

The back-end also relies on a database system to store the data essential for the algorithms.
PostgreSQL, a database management system (DBMS) renowned for its robust data consistency

and integrity, is employed for this purpose. Specifically through the use of MicroStream, an object
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graph persistence engine built for the Java Virtual Machine (JVM). Within the system, two primary
databases are managed. The first contains information about courses and their underlying structure,
including course IDs, descriptions, departments, credit hours, course equivalencies, and other relevant
details, shaping the foundation of courses within the educational organization. The second database
holds anonymized student data, encompassing courses taken, degree pursuits, associated grades,
degree requirements, and any other additional information pertinent to their graduation progress.
3.1.4. Algorithms. Several algorithms have been developed and are currently within the

PERCEPOLIS environment. This includes:

i) a multi-objective algorithm that creates a path to graduation as depicted in Figure 3.5. This
algorithm can work with a student’s given transcript, degree, interest, and semester credit
hour limit. It generates a semester-by-semester path to graduation which is viewable on the

front-end for the student [2].

ii) a Topic Modeling algorithm that uses Latent Dirichlet Allocation (LDA) through Gibbs
Sampling that given student interest through keywords would generate a list of courses that
are found to be most accosted with those keywords. As such, it would allow a student to view

those courses while adjusting their schedules to understand which ones are within their interest.
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The forthcoming addition to PERCEPOLIS introduces a novel algorithm developed within
this thesis. At present, PERCEPOLIS lacks a method that employs collaborative filtering and
machine learning to schedule courses for a semester and conjoin those into a full graduation path.
This approach utilizes historical data to identify paths that previous students with similar academic
progress have pursued. The underlying concept is that students who share similar course histories
and academic performance are likely to continue performing similarly in the future. Consequently,
recommending a semester that proved successful for a similar student, particularly in terms of GPA, is
expected to contribute to improved academic performance and a more efficient journey to graduation.

Furthermore, the machine learning aspect is harnessed to assess course loads that have led
to the highest success rates relative to the number of credits taken. The overarching objective is
to integrate these approaches and identify a graduation path that maximizes a student’s likelihood
of success. In essence, this approach offers a counterbalance to the previous optimization strategy,
which primarily focuses on expediting time to graduation. While this method doesn’t guarantee
the quickest graduation path, it utilizes historical data to recommend successful paths previously

traversed by students, providing a valuable alternative for academic success.
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3.2. SUMMARY

The current state of PERCEPOLIS is pivotal, as it currently empowers students to chart
their path to graduation. This is a noteworthy improvement, as previously, students had to manually
complete a degree audit, select courses for the semester, and then consult with their advisor to
finalize their choices. Automation of this process, driven by students’ preferences and information,
seamlessly integrates academic advising and provides a powerful tool for students to make informed
semester and graduation path selections. This optimized approach not only benefits students but
also contributes to higher retention rates, improved academic performance, and ultimately, increased
graduation rates.

This section serves as an overview of the PERCEPOLIS project, shedding light on its
current application progress and illustrating where this research fits within the system. The project’s
significance lies in its current contributions and its potential for future development. Numerous
opportunities exist for expanding functionality, generating excitement for the project’s future prospects.
With this strong foundation, PERCEPOLIS is poised to evolve into a robust platform, driving students

toward greater success in their academic endeavors.
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4. METHODOLOGY

In the ever-evolving landscape of education, providing personalized and effective course
recommendations to students is crucial for their academic success and overall satisfaction. To this
extent, Markov Decision Processes (MDPs) offer a powerful framework for modeling the decision-
making process in dynamic systems. Here, we explore the application of MDPs to the domain of
course recommendation, where a student’s academic performance varies from one semester to the
next. By leveraging historical data and the performance of past students with similar trajectories,
the MDP-based recommender system generates semester-by-semester course schedules that aim to
increase the probability of success for each student.

Figure 4.1 illustrates the proposed architecture of the course recommendation system. The
input to this approach consists of a student’s current progress toward their degree, including the
courses taken and the associated grades. Additionally, a range for the credit hour limit is required
to enable the algorithm to select semesters that fall within this range, if possible. The first stage
of the algorithm involves initialization and a validation check. This stage checks whether a valid
graduation path has been generated after each iteration and outputs the schedule if so. If not, it
proceeds to the next part of the algorithm, the student filtering stage. Here, several filtering processes
take place, essentially sifting through potential students to identify the most similar collection of
students from which to select states. Subsequently, the semester state filtering occurs, where the next
states are selected based on validity and the selection of states with a specific number of credit hours,
as determined by the Q-learning function. Finally, the semester with the highest GPA is selected,
appended to the student’s transcript, and the validation check is performed again.

The objective is to identify paths to graduation that increase student success both through
finding semester schedules in which similar peers performed academically well, and by using Q-
learning to determine a semester credit load that offer the most success through GPA. Inputs to the
recommendation system include the student’s academic history (courses taken and grades earned),
the course offerings at their institution, and anonymized data from students who have completed the

same degree program.
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Figure 4.1. Architecture of the Course Recommendation System

The creation of the recommendation system involves the following research tasks:

1. Formulating the MDP, which includes defining the states, actions, and rewards and identifying

the transition probabilities (4.1).
2. Formulating the value and policy functions, using the Q-Learning approach (4.1.4).
3. Training the reinforcement learning algorithm.

4. Validation of the results using the PERCEPOLIS platform.

4.1. MARKOV DECISION PROCESS

MDPs provide a framework for modeling the decision-making process in a dynamic system.
The dynamic nature of course recommendation is because a student’s academic performance changes
from one semester to the next.

Figure 4.2 illustrates the Markov Decision Process (MDP) used to generate course schedules
semester by semester. An MDP consists of several components, including states, actions, rewards,
transitions, and policies. Upon examining the figure, we can identify many of these elements. For
example, S; denotes the current state. Actions are represented by the list of courses and credit hours,
indicating the possible selections from the current state. Each action is associated with a potential

reward linked to that state, determined by the possible GPA outcome. The Q-table plays a crucial
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role in this MDP by reducing the number of potential states to those within a specific credit limit.
To determine the credit limit for a semester, the Q-function considers the current total credit hours,
consults the Q-table, and selects a credit hour limit that maximizes the reward. While the policy is
not depicted in the figure, it is integral to the algorithm, guiding the selection of the next semester’s
schedule based on the highest future cumulative GPA. Likewise, the transition probabilities are not
shown as each state is equally likely to be selected. Finally, the subsequent state reflects the updated

transcript with the newly appended schedule.
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Figure 4.2. Markov Decision Process Used for Course Recommendation
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4.1.1. State. In a Markov Decision Process (MDP), a state encapsulates the current
situation of the system, containing all information relevant to decision-making and the determination
of future outcomes. This includes various variables and factors that influence the decision process.
In this specific context, the state of the MDP is defined by the current courses a student is taking,
along with their corresponding grades.

When the system transitions to a new state, it incorporates newly added courses and their
predicted grades. These predicted grades are estimated based on the performance of similar students,
providing a data-driven approach to forecasting academic outcomes. The distinction between the
current state and the subsequent state is marked by the addition of these new courses to the student’s
academic record. This update not only includes the anticipated grades for these courses but also the
additional credit hours accumulated.

The MDP’s starting state corresponds to the student’s most recently completed semester on
their path to graduation. This state includes details about their degree program, courses taken, and
associated grades. Using this starting state, the MDP generates additional semesters, based on peer
student data, and determines a unique path to graduation.

4.1.2. Actions. In a Markov Decision Process (MDP), ’actions’ refer to the choices or
decisions that an agent can make in a given state. These actions are potential moves the agent can
take to influence the system or environment with which it interacts. Specifically, in this MDP, an
action involves selecting a semester schedule for a given state. A ’semester schedule’ is defined as a
collection of courses that are enrollable in a given semester. Potential next states are identified based
on information from students with similar academic paths who have already graduated.

Similarity is determined by several factors, including the student’s degree program, the
number of semesters completed, total credit hours, and courses taken. These factors ensure that the
trajectory toward graduation is comparable among students.

The Pearson Correlation Coefficient (PCC) is employed to ascertain the linear correlation
between an advisee’s course grades and the corresponding grades of other students, considering the
same semester and credit hour range. The PCC, ranging from -1 to 1, calculates the correlation
between two data sets (X and Y). A value of 1 indicates the highest positive correlation, while -1
indicates a negative correlation. The correlation is computed using the values of X and Y, along with
their respective means. Specifically, the function assesses the similarity between students based on

the grades earned in identical courses, converting grades to numerical values (S=6, A=5, B=4, C=3,
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D=2, F=1, U=0). A minimum similarity threshold of 0.4 is set, based on the PCC scale, where 0.4
to 1 indicates a moderate to high correlation. This threshold ensures a moderate selection of the

next states while maintaining accuracy in predictions.

POC — > (@i — %)(yi - ﬂ)_ (4.1)
V(i = 2)2(yi — )2

In cases where no similar students are found after applying the PCC, a fallback strategy
is employed. This strategy involves generating states by selecting courses from the same semester
credit level group, creating a range of states. The predicted grades in these states are derived from a
combination of the student’s GPA and the average grade of all students within the group.

Next semester’s schedules are then chosen from this pool of similar students, forming the
subsequent states. These states inform the actions taken, based on the chosen semester credit hour
limit from the Q-Table and the associated rewards, which will be elaborated upon later.

4.1.3. Transition Probabilities and Rewards. In a Markov Decision Process (MDP), a
transition probability quantifies the likelihood of moving from one state to another when a specific
action is taken in the current state. However, as this MDP utilizes Q-Learning, a model-free approach,
transition probabilities are not explicitly calculated or predetermined. Instead, this absence of a
predefined model is addressed by observing interactions with the environment and recording these
observations in the Q-Table.

Furthermore, the reward of a state represents the benefit an agent receives within a system
for performing a particular action in that state. In this context, the expected reward for a state is
determined as the average Grade Point Average (GPA) of students who have previously followed a

similar schedule.

R, = GPA,,,. (4.2)

4.1.4. Value and Policy Functions. The value and policy functions are crucial in the
decision-making process for selecting a state. Specifically, the value function estimates the total
amount of reward an agent can expect from a given starting state, whereas the policy is the strategy
employed for choosing actions.

I propose using Q-Learning to identify the best policy. Q-learning is a reinforcement learning
method that employs a lookup table, or Q-Table, to determine the optimal action for a given

state, utilizing the Bellman equation with state and action pairs as inputs. As the agent navigates
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the environment, it updates this table, thereby tracking the expected rewards over time. In this
framework, the Q-Table records the expected reward for each state-action pair, with the state defined
by the number of credit hours, and the action being the recommended number of credits to take. The
reward is updated according to the predicted GPA for that specific state-action pair. The Q-Table is
calculated using the following equation, where Q(s, a) represents the Q-value for the current state, «
is the learning rate, and v is the discount factor. The learning rate o dictates the rate at which the
agent incorporates new information, and the discount factor v determines the weight given to future

rewards.

Qnew(s,a) = (1 = @)Qowa(s, @) + a(Rit1 + Mmax@(s7, @) (4.3)

Consequently, the policy selects a schedule based on the largest expected reward from
Qmaz(s) for a given state. Qumaz(s) identifies which semester schedule credit limit offers the highest
reward, leading the agent to select the schedule that promises the highest GPA, given the determined
credit hours. Upon selection, the state-action pair is updated. The original Q-value, denoted as
Qo14(s), is replaced in this process. Ry represents the expected reward for the chosen state (GPA).
Additionally, the maximum Q-value of the subsequent state, Q(s’,a’) is considered. This aspect of

the algorithm allows the table to look ahead and assess the future impact of its actions.

4.2. TRAINING THE DECISION-MAKING POLICY

Since this MDP employs the Q-Learning reinforcement learning approach, the Q-Table
must be updated to reflect the best decisions based on training. For accurate policy training,
it was determined that data specific to each degree program should be used. Consequently, the
reinforcement learning algorithm was executed on hundreds of students at random times during their
degree programs, resulting in thousands of starting states for the algorithm to learn from. With this
data, the algorithm updated the Q-Table and generated paths, identifying semester credit loads that
offered the best reward.

In reinforcement learning, several crucial hyperparameters play important roles in training
the agent’s policy. These hyperparameters are epsilon (e), the learning rate («), and the discount
rate (7).

Epsilon (e) is used for the exploration-exploitation trade-off. It controls the balance between
exploring different actions to discover potentially better ones and exploiting actions that yield known

rewards. Initially, the reinforcement learning algorithm had an epsilon value of 1, making it take
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random actions. As the algorithm learned from the environment, the epsilon value decreased. This
process, often referred to as epsilon decay, gradually reduces the amount of random exploration and
increases exploitation of the learned knowledge. When making decisions, the algorithm selects the
best state-action pair with a probability of 1 - €. Eventually, epsilon reached the lower value of 0.01,
meaning that the algorithm takes the best-known path 99.99% of the time when generating results
for the advisee.

The learning rate («) is a parameter used for updating the agent’s policy during training.
It determines how much the policy should be updated based on observed rewards and experiences
from the environment. A learning rate of 0.2 was used. This was to to strike a good balance between
allowing new information to significantly update the Q-values while still retaining some influence
from older values, promoting a stable but flexible learning process.

The discount rate () is a parameter used to discount future rewards in the agent’s learning
process. It represents the agent’s preference for immediate rewards over delayed rewards. In path
generation, the goal is twofold: to graduate and to increase the likelihood of success in the student’s
course load. Therefore, the discount rate was set to 0.9 to value future success in coursework as
much as current success.

In the context of reinforcement learning, the discount rate () plays a pivotal role in
balancing immediate versus delayed rewards. Specifically, v is used to exponentially discount future
rewards, thereby determining the agent’s preference for immediate gratification over future benefits.
This mechanism ensures that rewards expected in the future are weighed less heavily compared to
immediate rewards, with the degree of discounting inversely related to the value of 7. For instance,
with a ~ set at 0.9, each future time step’s reward must be approximately 11.1% more valuable than
an immediate reward to be considered equally desirable, as future rewards are discounted by a factor
of 1/~ for each time step. This nuanced approach is particularly relevant in path generation tasks,
where the objective is dual: achieving graduation and enhancing the probability of success in the
student’s academic endeavors. By selecting a v of 0.9, our model strategically prioritizes near-term
academic achievements while still placing substantial value on long-term success, thereby fostering a
balanced approach to decision-making in the student’s academic trajectory.

After training the policy, it was applied to the student being advised to provide a graduation

path based on the learned behavior of past students and their successes.
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4.2.1. Path Generation. Once the policy for the reinforcement learning algorithm has
been trained within a specific degree program, the path generation can proceed for the advisee.
Having trained the policy, it is now capable of accurately generating a graduation path for the student,
with a focus on achieving course success through GPA. To initiate the path generation, the student
needs to submit their current transcript. Subsequently, the algorithm runs the MDP, selecting new
states and adding them to the current transcript until a valid path has been generated as depicted in
Figure 4.3. This path is then validated using the schedule generator within PERCEPOLIS, ensuring
that it meets the necessary degree requirements. Finally, the student will receive a graduation path
recommendation, along with an estimated GPA for the suggested path.

4.2.2. Summary. In this section, we have detailed the architecture of the system, covering
both its design and implementation. The decision-making framework is centered around the use of a

Markov Decision Process (MDP), which is employed not only for its applications in machine learning
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but also for making informed decisions based on its training. This framework has been adapted to
address the graduation path problem, specifying states, actions, rewards, transitions, and policies
within this context to generate a path to graduation.

The Pearson Correlation Coeflicient serves a dual purpose in this system. Firstly, it helps
narrow down the potential actions for the agent by reducing the number of selectable actions.
Secondly, it identifies future semesters that have been chosen by similar students—defined by the
number of semesters attended, credits taken, and grades earned—suggesting that students with
similar profiles are likely to perform similarly. This inference allows the system to predict the range
of an advisee’s performance, enabling it to make informed decisions by selecting semesters that could
enhance student performance based on the highest GPA potential.

Furthermore, the application of Q-learning in determining credit hour limits has been
explicitly defined. The primary aim of this methodology is to leverage historical data from peers to
guide the recommendation of graduation paths, including the strategic determination of credit hour
limits for each semester. This is facilitated by the Q-learning algorithm, which utilizes the Bellman
equation to anticipate the outcome of future rewards for specific state-action pairs, thus inherently
considering the future predicted GPA at the conclusion of their graduation path.

Overall, understanding how the system operates and how users interact with it clarifies the

significance of its outputs and how to interpret these results.
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5. VALIDATION AND ANALYSIS

5.1. OVERVIEW

The implementation of the path generation recommendation approach was followed by a
detailed testing and validation phase. This phase involved using a variety of metrics to evaluate the
algorithm’s performance. The testing was conducted using a course database and a student database,
spanning multiple degree programs to ensure the approach’s versatility across different academic
disciplines.

To assess the effectiveness of the recommendation approach, it was applied to a range of
degrees at various stages of academic progression. Notably, the dataset for this analysis was sourced
from students who have graduated, which reinforces the reliability of the graduation paths based on
complete degree requirements.

The following sections will delve into a detailed analysis of the results obtained from this

testing process.

5.2. TEST ENVIRONMENT

For validation purposes, the PERCEPOLIS environment was used to generate paths based
on test cases encompassing various degree requirements and students’ progress. This step involved
compiling data on degree requirements, sub-requirements, course information, and student records.
The recommender system was then applied to each case to verify its capability in generating practical
and achievable graduation paths. Moreover, for each test case, the generation of the path took
anywhere from a minute to a minute and a half. This is important as it shows that a user would be
able to import their transcript and get a valid path in a reasonable time. To ensure the validity of
these paths, they were cross-checked against specific degree and sub-requirements. The evaluation
covered several degree programs, including Computer Science and Computer Engineering.

5.2.1. Degree Requirements. In the university system, each degree program is structured
around a set of requirements and sub-requirements. Requirements are the criteria used to determine
if a student has completed their degree. Within these, there are sub-requirements, which are met by
completing specific courses. It is important to note that a single course cannot be used to satisfy more
than one sub-requirement. To fulfill a sub-requirement, students must take designated courses that

meet those particular criteria. Once all sub-requirements of a requirement are met, that requirement
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is considered fulfilled. Accordingly, the completion of a degree is contingent upon fulfilling all its
associated requirements. Given the vast array of degree programs, a subset was selected to evaluate
the proposed method’s ability to meet all requirements and generate a valid graduation path.

5.2.2. Course Data. The course data comprises a comprehensive list of all courses offered
for enrollment at the university. There are a total of between 1100 and 1500 unique courses within
the system each semester. Each course entry contains details pertinent to fulfilling degree sub-
requirements. This information typically encompasses the semester availability of the course, its
credit hour value, and the specific sub-requirement that it satisfies. These details are instrumental
in determining how a selected combination of courses in any given semester can meet various
sub-requirements.

Furthermore, to facilitate the generation of viable semester schedules, it is necessary for
courses to meet all prerequisite requirements. A prerequisite is a course, or a set of courses, that
must be completed before enrolling in a subsequent course. This ensures that students are adequately
prepared for their upcoming courses. Therefore, each course is linked to its prerequisite requirements.
This aspect is critical as it helps in preventing the creation of semesters with invalid course sequences.

5.2.3. Student Data. The student data, supplied by the university, includes anonymized
records of student information. It encompasses details such as the courses each student has taken,
transfers, their corresponding grades, the semesters in which the courses were completed, and the
degrees earned. This dataset has been incorporated into the PERCEPOLIS server’s database, serving
as a foundational element for the recommendation approach. In total there are 13968 unique students
in the database encompassing 31 undergraduate degrees. Additionally, it is important to note that
the students within the database have completed their degrees, meaning they have all the degree

requirements for their specific degree.

5.3. TEST CASES

A variety of test cases were employed during the validation process to rigorously assess
the proposed scheme. This includes students from different disciplines at different stages of their
academic careers with different level of past performance (e.g., GPA). It is important to note that in
each test cases there are solid and dashed courses. Solid-course semesters are ones taken by a student
while dashed-course semesters are ones being recommended by the algorithm. Additionally, some test

cases assume the student passed Math 1140 and Math 1160 prior to starting their academic career.
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Each test case offers a range of credit hours for selection. For example, if the range is 12-18, the
algorithm can choose semesters that fall within this range. This serves as an extra input, allowing a
student to make a choice of the credit hour range they prefer for their generated path.

5.3.1. Test Case 1. Test Case 1, as represented by Figure 5.1, demonstrates the algorithm’s
capability to construct a graduation pathway for a freshman Computer Science student with 18 total
hours. Additionally, the desired credit load input was at 12-18 hours per semester. A single semester
is the lowest number of semesters required to run the algorithm to get meaningful results. This is
due to the necessity of similar students to generate states, which is not possible without at least
a semester of data on which to run the similarity filters and metrics. If there didn’t exist a single
semester, it would use the set of all students in the same degree program to generate the results. The
system is also designed to suggest a course of action that maximizes the student’s future GPA. In
every semester, it strategically selects courses that not only aim to enhance the GPA for that term
but also considers the credit hour threshold that, according to the algorithm’s Q-table, promises the
greatest future benefit. While it can generate a path as such, it is limited in its future predictions.
Since there is a limited number of semesters to compare to, the later predictions become derivative
predictions of the initial ones in which accuracy is affected. However, in the end, the algorithm
recommended a pathway in which it takes 130 total credit hours to graduate, including 5 credit hours
of Math 1160 and 1140.

5.3.2. Test Case 2.1. Test Case 2.1, as represented by Figure 5.2, explores the algorithm’s
ability to map out a graduation pathway for a junior computer science student with a 4.0 GPA and
70 credit hours by their fourth semester and a credit load of 12-18 credit hours. The case illustrates a
graduation path culminating a total of 129 credit hours and a final predicted cumulative GPA of 3.93.
Additionally, the algorithm strives to determine the semester credit loads that yield the highest GPA.
In this scenario, it was discovered that taking 18 credit hours, followed by 15 and 15 for semesters
5-7, provides the greatest benefit for the student. It is important to note that the final semester
is only 6 credit hours. Since the algorithm doesn’t optimize time to degree if there are a couple
of requirements left but not enough to enable a full-time enrollment, it will just recommend the
necessary courses required for graduation. This is an issue that only occurs during the final semester.
The algorithm also predicted a GPA of 3.85 for the student in the recommended semesters. Since
the course predictions are based on both the student’s performance and that of similar students, this
information is invaluable for advising. Access to predicted GPA for courses can help identify where a

student may need to invest more effort.
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Figure 5.1. Test Case 1

Graduation Path for Test Case 2.1
Degree: Computer Science Credit Hour Range: 12-18

. Sem 1-4 GPA: (4.0) Total Hours: 129
Sem Credits

Math English Econ FrEng Comp Sci Comp Eng Comp Eng
1 18 1214 1211 1100 1100 1500 2210 2211
4Hr|A 3HL|A 3HL|A 1Hr|A 3HL|A 3HL|A 1HL|A
Comp Sci Comp Sci Physics Math Comp Sci English
2 18 1570 1580 1135 1215 1200 1160
3HL|A 1H|A 4Hr|A 4HL|A 3HL|A 3HL|A
Comp Sci Comp Sci Math Physics Econ Comp Sci
3 18 1575 1585 2222 2135 1200 2200
3HL|A 1Hr|A 4HL|A 4Hr|A 3H|A 3HL|A
Comp Eng Comp Eng Comp Sci Comp Sci Comp Sci Philos
4 16 3150 3151 2300 2500 3500 3225
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Figure 5.2. Test Case 2.1
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5.3.3. Test Case 2.2. Test Case 2.2, as represented by Figure 5.3, serves as an extension of
Test Case 2.1, facilitating a comparison between recommendations for academically strong students
and those with lower academic achievement. This student, similar to 2.1, has 70 hours by the fourth
semester, however, they had a 2.8 GPA within that time. The case shows a graduation path in which
there are 128 credit hours and a final predicted GPA of 2.98. This comparison reveals several key
points. Initially, there is a commonality in the recommended courses for the first semester, despite
differences in expected performance outcomes. This similarity arises from the static nature of course
prerequisites, which require a set of foundational courses for further academic progress. However,
recommendations start to differ in later semesters, as the basic requirements are met in the earlier
semesters. A significant variation is observed in the credit load for the second to last semester of Test
Case 2.2, where only 14 credit hours are recommended, as opposed to 15. This adjustment, guided by
Q-learning algorithms, indicates a preference for a 14-credit hour semester when a 15-credit option is

not viable. Additionally, there is a divergence in the elective courses for degree requirements.

Graduation Path for Test Case 2.2
Degree: Computer Science  Credit Hour Range: 12-18
. Sem 1-4 GPA: (2.8)  Total Hours: 128
Sem Credits
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Figure 5.3. Test Case 2.2
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5.3.4. Test Case 3.1. Test case 3.1, as represented by Figure 5.4, is presented to illustrate
the differences between a student’s actual course selections and the path generated for graduation
along with the academic predictions. For clarity, test case 3.1 is an actual student’s path to graduation
taken from the database. Although it is impossible to retroactively alter the student’s course choices,
this comparison offers valuable insights into how alternative recommendations might have influenced
the student’s academic performance and trajectory toward graduation. This particular student,
drawn from an anonymous database, obtained a 3.09 grade point average throughout their academic
journey up to the fourth semester, which is where the comparison with case 3.2 will be made. It’s
noteworthy to mention that the student received a D grade in Math 1214 during the second semester;
however, for prerequisite courses, a minimum grade of C is required before taking select courses. The
student was able to take the same course again and get a grade replacement. Another important
aspect is the student enrolled in summer courses as represented by 0.5, and the final summer semester
dedicated to completing the Physics 2 course, a requirement for graduation. Additionally, summer
semesters don’t require the minimum of 12 hours. In total, the student completed 128 credit hours
to fulfill all graduation prerequisites. They completed semesters 5 through 8.5 with a GPA of 3.53
and ended with a GPA of 3.22.

5.3.5. Test Case 3.2. Test case 3.2, as represented by Figure 5.5, presents a hypothetical
scenario in which a student runs the algorithm during their fifth semester. This comparison with 3.1’s
actual graduation path involves several aspects, including predicted GPA, courses taken, semester
loads, and time to degree completion. The algorithm predicts a GPA of 3.38 for the sixth through
ninth semesters, slightly lower than the actual student’s GPA. However, the prediction’s accuracy
improves with additional data. The student’s GPA before the fifth semester was 3.09, compared to
3.53 afterwards, leading to a lower predicted GPA. There are notable differences in the courses taken,
especially in elective requirements offering flexibility in selection, such as Theater, Business, Chemistry,
and Engineering Management. The algorithm aims to select options that maximize GPA and future
academic success, hence the differences. The recommended credit loads also varied, with the actual
student taking 12, 14, 15, and 18 credit hours, while the algorithm suggested within a range of 12-15
credit hours, which it found to be more successful among similar students. Another distinction is the
time to degree completion; the student required an extra summer semester, completing their degree
in the eleventh semester, whereas the algorithm’s path would complete requirements by the ninth
full semester. However, it’s important to note that this algorithm does not aim to reduce the time to

degree. The algorithm prioritizes selecting a current state based on the highest GPA. Consequently,
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maximizing the number of credits per semester and selecting prerequisites concerning a paths end

is not a priority, and therefore, the time to degree completion is not a primary concern nor does it

currently incorporate summer semester selections.

1
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Sem Credits
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Degree: Computer Science

Graduation Path for Test Case 3.1
Total Hours: 128
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Figure 5.4. Test Case 3.1
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Graduation Path for Test Case 3.2
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Figure 5.5. Test Case 3.2
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5.3.6. Test Case 4.1. Test case 4.1, as represented by Figure 5.6, provides an example of

how the algorithm recommends a graduation path for a student in Computer Engineering program.

Test cases 4.1 and 4.2 show an example of a student who ran the path generation during their

fourth semester with a total of 62 credit hours and a GPA of 2.32. It outlines a pathway that

allows the student to complete their degree in 9 semesters, totaling 136 credit hours, and achieve a

final cumulative GPA of 2.51. The algorithm aims to identify the optimal semester course loads to

maximize student success. It determined that taking between 12 to 16 credits per semester would

result in the highest GPA. Additionally, the algorithm calculates predicted grades based on the

student’s performance and that of similar students. This means it can identify courses that may be
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more challenging for a student, as illustrated in test case 2.1, where instead of all A’s, select courses
were B indicating an increased level of difficultly among students. Similarly, it can also pinpoint

courses that generally yield better results for most students and may require less effort than others.

Graduation Path for Test Case 4.1
Degree: Computer Engineering Credit Hour Range: 12-18
. 1-4 Sem GPA: (2.32) Total Hours: 136
Sem Credits
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Figure 5.6. Test Case 4.1

5.3.7. Test Case 4.2. Test case 4.2, as represented by Figure 5.7, complements 4.1 by
generating a path using the same courses and degree in Computer Engineering but assuming a
more academically successful student with a GPA of 3.65. This outlines a pathway through which a

more successful student can further enhance their academic performance. The algorithm successfully
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created a plan allowing the student to graduate in 9 semesters with a total of 135 credit hours
and a final GPA of 3.39. Notable differences emerge in the later semesters, where the conditions
become more restrictive, leading to divergent paths. Another distinction lies in the elective courses
recommended; the more academically inclined student was advised to take courses in music and art,

as opposed to psychology and physics.

Graduation Path for Test Case 4.2

Degree: Computer Engineering Credit Hour Range: 12-18
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Figure 5.7. Test Case 4.2
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5.3.8. Test Case 5.1. Test case 5.1, as represented by Figure 5.8, serves as another example
to evaluate the algorithm’s prediction performance and path generation capabilities in comparison to
a graduated student from the database. Test case 5.1 is the actual students graduation path taken
from the student database. This student demonstrated stellar academic achievement by completing
their Computer Engineering degree with a cumulative GPA of 3.88. Since this comparison will assume
the student runs the path generation after their seventh semester it should be noted that the student
achieved a 3.88 GPA for semesters 0.5-4.5 and 5-7.5. Furthermore, the student managed to complete
their degree with a total of 130 credit hours. It is also important to make clear a few semesters. It
can be seen that the student has English 1120 in their first semester, this can be thought of as the
student transferring this credit in before their freshman year. Additionally, it can be assumed the
student passed both Math 1140 and 1160 as other students have prior to starting their freshman
year. It is also important to note the 4.5 and 7.5 semesters which are both summer semesters which
are allowed to be under 12 credit hours.

5.3.9. Test Case 5.2. Test case 5.2, as represented by Figure 5.9, serves as a complement
to 5.1, showcasing the pathway generated for the student from 5.1 following their seventh semester.
This case spans several key areas. Notably, the similarity between the academic predictions and
actual outcomes is remarkable. Both the actual student and the generated pathway boasted a GPA of
3.88 after the 4.5 semester. Furthermore, the recommended pathway concluded by the 8th semester
with a total of 135 credit hours. Despite the high accuracy of this test case in mirroring the actual
student’s journey, it did not prioritize reducing the time to degree completion nor allow summer
semester, resulting in an 8th full semester to finish. However, the primary goal of this algorithm is
not to hasten graduation but to identify a successful pathway based on the experiences of similar
preceding students. It’s also worth noting an additional course was taken in the seventh semester,
identified by red; although not fulfilling any specific course requirement, it was necessary to maintain
full-time student status (12 credit hours), which the algorithm will maintain for all semesters except

the last.



Graduation Path for Test Case 5.1
Degree: Computer Engineering Total Hours: 130

Sem Credits

English
0.5 3 1120
3HL|A
———————
Mech Eng Math Chem Chem Chem Fr Eng
1 14 1720 1214 1100 1310 1319 1100
3HL|A 4Hr|A 1Hr|A 4Hr|A 1HL|A 1Hr|A
Comp Sci Eng Mgt Com Eng Comp Eng Physics
2 12 1500 1100 2210 2211 1135
3Hr|A 1Hr|A 3Hr|A 1Hr|A 4Hr|A
English Speech Math
2 . 5 8 1160 1185 1215
3Hr|A 3HL|A 3HL|A
Pol Sci Comp Sci Comp Sci Elec Eng Elec Eng Physics
3 15 1200 1570 1580 2100 2101 2135
3Hr|A 3Hr|B 1Hr|A 3Hr|B 1Hr|A 4Hr|B
Elec Eng Comp Sci Math Comp Sci Art
4 15 2120 1575 3304 1200 1180
3HL|A 3H|A 3HL|A 3HL|A 3H|A
Math Math Stats Econ
4. 5 12 3108 2222 3115 1100
3HL|A 3HL|A 3HL|A 3HL|A
Comp Eng Comp Eng Elec Eng Elec Eng Comp Eng Elec Eng
5 14 3150 3151 2200 2201 3110 3410
3HL|A 1Hr|A 3HL|A 1Hr|A 3HL|A 3HL|A
Comp Eng Comp Sci Comp Eng Eng Mgt Comp Eng Comp Eng
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3HL|A

Figure 5.8. Test Case 5.1
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Graduation Path for Test Case 5.2

Degree: Computer Engineering Credit Hour Range: 12-18

) Total Hours: 135
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Figure 5.9. Test Case 5.2

5.4. SUMMARY

The results provide significant insight into the potential benefits of this method. The primary
goal was to develop a system that, based on past student performance, could recommend semester-
by-semester graduation paths conducive to student success. Although this method has not been

empirically tested to assess student performance in recommended classes, it can be inferred that the
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expected grades and overall student performance would improve following these recommendations.
This inference is based on the assumption that students with similar past performances will continue
to perform similarly in the future.

One notable finding is the longer duration to degree completion. The number of semesters
needed to fulfill all degree requirements ranged from 7 to 8 semesters, exceeding the optimal duration
of 7 semesters in some cases, assuming an upper credit limit of 18. This outcome can be attributed to
several factors. First, the method prioritizes paths that have proven successful for previous students
over optimizing the time to degree. Consequently, selecting the maximum number of credit hours for
each semester to reduce time to degree is not prioritized. Secondly, prerequisite constraints play a
significant role. For example, in the degrees analyzed, students must complete courses like CS 4096
and CS 4097, which are senior design courses requiring senior standing and specific prerequisites. If
these prerequisites are not met in an optimal sequence, it may lead to an additional semester.

Another insight relates to the selection of credit hours. By employing Q-learning, this method
identifies the ranges of credit hours that lead to the highest future rewards, thereby emphasizing
the effect of a specific credit load on future outcomes. Observations show that although the range
spans from 12 to 18 credit hours, the algorithm frequently opts for semesters comprising 15 to 18
credit hours. This indicates that a marginally increased workload could potentially enhance future
performance. Furthermore, it’s fascinating to observe the influence of GPA performance at the time
of assessment on graduation paths. For example, the comparison between a student with a 2.32 GPA
and another with a 3.65 GPA in test cases 4.1 and 4.2 reveals differences in their generated paths.
While their credit hour limits for the first two semesters are similar, at 13 and 16 respectively, their
limits for subsequent semesters and recommended courses diverge. This suggests that students with
a specific metrics may not have the optimal semester-load within the similar students and the next
best semester-load must then be taken.

In summary, the results are promising and demonstrate the potential benefits that these
recommendations could offer students. The method provides insights into how students with similar
profiles have successfully navigated their way to graduation. Moreover, by focusing primarily on

GPA, it offers a complementary perspective to approaches that prioritize minimizing time to degree.
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6. CONCLUSION AND FUTURE DIRECTIONS

The primary objective of this work was to introduce a method that recommends semester-
by-semester graduation paths aimed at enhancing student performance. This thesis has successfully
presented an innovative approach for generating graduation paths for integration into the PERCE-
POLIS system. This method employs a Markov decision process for graduation path generation
and utilizes collaborative filtering to identify semesters that have led similar students to academic
success. Moreover, it incorporates Q-Learning to determine the most beneficial credit hour loads
for a student’s future success, as measured by GPA. Overall, this research provides a framework
that learns from past data, offering students insightful guidance to plan their education with GPA
considerations.

The results of its implementation are highly promising. They demonstrate varied recom-
mendations based on students’ academic differences and the types of semesters they can effectively
manage. The findings also offer valuable insights into planning graduation paths, suggesting that
taking semesters with more credit hours could boost overall academic performance. This method
is particularly useful in guiding students from diverse academic backgrounds towards academically
advantageous choices. Notably, its effectiveness in delivering accurate and realistic recommendations
improves as it accumulates more student data. In essence, this approach equips students with crucial
information to aid their journey towards graduation.

Looking forward, several avenues exist for building upon this research. Firstly, this method,
primarily aimed at improving student performance, does not address the time to graduation. This
oversight has occasionally led to longer graduation times than the "optimal" duration. Future work
could therefore focus on leveraging student data to enhance success while simultaneously reducing
the time to degree. By analyzing past student achievements, future research could integrate this
information into optimizing the balance between academic success and time to graduation.

Secondly, the semester-by-semester generation process offers an opportunity to incorporate
student feedback. For example, providing a selection of semester options from which students can
choose would allow them to receive tailored recommendations while maintaining control over their
graduation trajectory. This would enable a more personalized course selection process, balancing

algorithm-driven advice with student preferences.
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Finally, future research could explore diverse implementations of the reward mechanism
in the Q-learning algorithm. Since academic success might not be the only concern for students,
integrating various factors such as interests and personal goals into the reward system could enable

more individualized and holistic path generation.
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