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Computing and Software Systems

The process of educational planning and academic advising are critical for supporting stu-
dent retention rate and on-time graduation. Faculty-based advising has been widely adopted
by several community colleges because it results in a better advising experience for a stu-
dent. However, due to lack of resources, outdated technologies, and growing diverse student
population, the process increases the workload on already overwhelmed faculty. The role of
technology in different areas of education sector is being slowly adopted, for instance, to pro-
vide various services such as online classes, registration services, and classwork maintenance.
Despite these advancements, it is not being used for the purpose of academic advising. In this
thesis, we discuss how machine learning (ML) and other technologies can be used to assist
with faculty-based academic advising in higher education planning. The Virtual Academic
Advisor (VAA) is an initial software solution to address this problem. Various ML-based
techniques such as supervised learning, natural text processing, collaborative filtering, and
sequence classification are explored to provide new functionality for the VAA. Collaborative
filtering is used to give a recommendation of study plans based on a set of input param-
eters. Sequence Classification is used to predict possible suitable college majors, based on
the course work designated for a student. In addition, we propose a strategy to generate

synthetic data, necessary because it is nearly impossible to collect copious amount of real



observations necessary for properly training ML-based modules. These various approaches
will be integrated into the VAA system, to help faculty with the advising process, saving time
for more meaningful conversations with students, and providing students with the ability to

explore different educational paths.
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Chapter 1

INTRODUCTION
1.1 Background

Educational or Academic planning is the process of determining a student’s pathway to
achieve their academic goals, while considering the different procedures of attaining them and
target educational institutions [11]. Students may have a number of paths and universities
to choose from, making academic planning a confusing process, particularly in the face of
personal difficulties [12]. Planning has been found to be one of the most essential elements
in helping students reach their goals while pursuing higher education.

Higher educational institutions are increasingly serving people from diverse backgrounds
and needs, for instance, veterans, first-generation students, working adults, international
students, etc. Many of these students plan to transfer to a university after their two years of
starting at a community college [12]. The students face many challenges related to the lack of
cultural, academic, financial, social support, etc. [13]. Understanding students’ professional
goals are fundamental to their success and to help improve the quality of American Higher
Education [14]. This success has been observed to be critically influenced by student - advisor
interactions [13].

Academic advisors bridge the gap between student goals and educational institutions,
guiding them through different university’s requirements and help them schedule the courses
accordingly to complete their studies in a timely fashion. During an advising session, degree
options, course requirements, course selection, transfer procedures, and career choices are
discussed [13]. Advisors do their best to ensure that educational experience aligns with
professional and life goals, while maintaining consistency of academic plans [15][16].

According to [17], students who received academic advising had a higher rate of persis-



tence and proceeded into their second year of education, compared to students who have not
participated in advising sessions and have attended only the orientation program. Moreover,
proper advising increases the chances of a student finishing math courses and transferring
into a four-year college [18]. Finishing math and science courses successfully is a major chal-
lenge faced by students of STEM (Science, Technology, Engineering, and Mathematics). A
student that does not undergo proper advising is less motivated and inspired to take these
courses.

In most community colleges, faculty act as academic advisors. The practice of faculty-
based advising came about in the early 2000s, based on the idea that the classroom is the
most important point of contact between the student and the college, and faculty hold an
important position in the student’s educational development [19]. When a teacher works as

an advisor, they serve more purpose than just advising, for instance:

Helping students figure the rationale behind their education.

Comprehending the seemingly disconnected aspects of the plan.

Basing the educational choices on a sense of efficacy.

Enhancing learning experiences by relating them to the knowledge gained.

Despite these advantages, advisors now serve more duties and are stretched thin due
to the minimal budget in community colleges. During an advising session, advisors have
to spend time gathering information from multiple resources to understand the student’s
background, limitations, and goals. The advisors should also collect logistics information
such as course prerequisites, transfer requirements, course times and offerings, etc. Even
when these parameters are similar across sets of students, the advisor has to work through
the entire process each time to construct an academic plan. These faculty end up spending
many extra hours every week, especially at the beginning of an academic calendar. For
instance, in Everett Community College (EvCC), the student and faculty manually fill out a
paper which records the course work to be considered in different quarters (see Figure 1.1).

This additional workload limits the time faculty can be engaging with the students holistically



Associate of Science — Pre-Engineering
Computer and Electrical Engineering

This checklist is targeted at transfer students with an interest in one of the above engimeering majors at the University of Washington or Washington State
University. Students should meet with an advisor and maintain this checklist while at Everett Community College. The quarter before expected completion, this
checklist should be submitted with a diploma zpplication to the Enrollment Services Office. Note: Though courses in a foreign language are not required in the
Associate of Science degree, some universities may require two or three quarters of foreign I for admission or for graduati

Note: Prior to starting some or all of the following courses, students should:

O Complete ENGR 101 {formerly 109) fed for all studests majar O Comokte PHYS 130 before PHYS& 233

O Complete 09% or emm 2 plscement score into ENGLE 101 O Complete CHEME: 140 or place imo CHEME 161

O Complete MATHS 144 or MATH& 142 or place isto MATH 151 O Comolete ENGR 121 and PHYS& 2417231 before ENGR& 214

O Compiete PHYS& 114 or shysics nlacement test O Comokie ENGR 111 2nd MATH& 142 befoce ENGR 121
Student:
O COMPLETION of Diversity Course

(Where Completed/Course Title) {Year Completed) (Grade)
Course Number Course Title Credits Quarter C leted Grade
COMMUNICATIONS SKILLS (5 credits) '
ENGL& 101 English Composition | 5

MATHEMATICS (Pre-requisite Math courses may also be reguired.)

MATHE 151 Caleulus | 5
MATH& 152 Calculus 11 5
MATH& 163 Caleulus 3 5
MATH 260 Linear Algebra ]
MATH 261 Differential Equations 5

HUMANITIES AND SOCIAL SCIENCE (15 credits, in three different disciplines. One course must be selected from Humanitics, and the other from Social
Sciences. The third course may be from Humanities or Social Sciences. For acceptable courses, see course list for the Associate of Science - see separate guide.
See Notes | and 2.)

SCIENCE AND ENGINEERING (37 credits. **CS4 141 15 an acceptable substitute for CS4 131 for this degree)

CHEM& 161 General Chemistry [ 55
CS& 131 Computer Science 5
ENGR 111 (see Note 3) Intro to Engineering 1 5
ENGR& 204 Electrical Circuits 5
PHYS& 241/231 Engincering Physics | 5.5
PHYS& 242232 Enginecring Physics 11 55
PHYS& 243/233 Engineering Physics I1l 5.5

SPECIALIZATION COURSES (minimum 22 credits; select minimum five as appropriate for intended major and transfer mstitution. Please see the last page of
this guide for course recommendations by intended transfer institution.)

BIOL& 222 Majors Cell'Molecular 5
CHEM& 162 General Chemistry I1 5.5
CS 143 or 132 Computer Science [l 5
85233 Advanced Data Structures 5
ENGR 121 Intro to Engincering 2: Design 5
ENGR 202 Logic Circuits 6
ENGR 205 Electric Circuits Lab 1.5
ENGR& 214 Statics 5
ENGR& 215 Dynamics 5
ENGR& 224 Thermoedynamics 5
ENGL& 230 Technical Writing 3
ENGR 240 Applied Numerical Methods 5
MATHE& 264 Calculus 4 4

Total: minimum 104 credits required, minimum 2.0 GPA. See Note 2.
Note 1: Use one of these courses to satisfy the diversity requirement.
Note 2: Students transferring to WSU should take ECON& 201 or 202 AND either HIST 103D, HIST 170D ANTH 116D, ANTH&206D or HUM 110D.
Note 3: ENGR 111 may be waived, at the Engineering faculty's discretion, for students transferring to EvCC with advanced standing in engimeering.

Figure 1.1: The transfer guide from Everett Community College to University of Washington
or Washington State University [1].
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Figure 1.2: The 9 distinct categories where technology can be used to improve the efficiency

of the services provided to the student [2].

during an advising session. Furthermore, students usually have questions that go beyond
the creation of an academic plan, having to choose between constructing the plan or having
their questions answered during their timed session, making it more challenging for them to

reach their goals.

The use of modern software can help handle advising tasks that can be automated, e.g.,
academic plan creation (educational planning), hence improving the quality of the academic
advising experience where the conversation can focus around personal challenges that burden
students [20]. Various fields of the educational sector such as, degree planning, academic
tutoring, etc. are using technology-based solutions. According to [12], the educational
sector can be classified into 3 categories (see Figure 1.2) where technology can improve the
efficiency of various services [2]. The number of educational administrators and advisors who
are willing to incorporate technology to improve educational efficiency increased in 2017-2019
(see Figure 1.3). By using technology to provide support services and automate otherwise
monotonous tasks, advisors can save time and better focus on relevant discussions that can

help student retention and success [12].
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Figure 1.3: The number of advisors who agree on the importance of technology for advising

and increased effectiveness [2].

The Virtual Academic Advisor (VAA) is an end-to-end software system envisioned by Dr.
Erika Parsons, proposed as an initial solution [3] to automate the repetitive tasks associated
with academic plan creation and hence facilitate effective educational planning. In particular,
the goal of the VAA is to automate the process of making study plans, thereby improving
the faculty-based advising experience. This system helps overcome problems such as the
disproportionate ratio of students-to-faculty, advisor availability, lack of faculty experienced
in advising, lack of formal advising training for new faculty, and the lack of a centralized
source that captures advising “tribal knowledge.” The VAA also aims to reduce the amount
of redundant work, thereby saving time during advising sessions. This system will also try to
prevent associated human-induced errors and, as a long-term goal, to motivate educational
institutions to adopt new technologies in areas otherwise neglected [21][22][23] such as student

services and institutional tools (see Figure 1.2).
1.2 Problem Statement

As discussed in Section 1.1, the increasing number of students attending community colleges

(particularly in STEM disciplines) together with the lack of appropriate funding for these



schools has resulted in less than ideal academic advising situations, which adds unnecessary
workload for the faculty. Community colleges host a large number of students from diverse
backgrounds and underrepresented groups. These students generally have little to no un-
derstanding about the options and pathways they can follow to successfully transfer to a
university. The absence of adequate and efficient software technology makes parts of the
advising process tedious and repetitive for the already overwhelmed faculty.

Faculty should instead be able to focus on having a wholesome conversation with the
students to help them understand the demands and challenges from their different options.
Software used to aid in academic advising is generally outdated and inflexible, in some cases
offering hard-coded options for creating educational plans that cannot be configured, changed
or scaled. This software is costly as the advising functionality is usually just a small part
of comprehensive software for student and school management. In other words, academic
advising is an area that has been neglected by software development, and hence little under-
stood. The use of machine learning models can improve the experience of academic advising

and educational planning.

1.3 Existing System

The current VAA system consists of a minimal implementation to generate study plans based
on a few student preferences as input parameters. In Figure 1.4, we can see a sample of study
plan where courses are distributed across different quarters. The system currently consists
of several modules such as basic Ul for interaction, a deterministic recommendation engine,
and modules for interaction with the database.

The current recommendation engine includes a prerequisite-network generator. The in-
formation provided by the community college is used to determine the prerequisites. It also
implements a basic machine learning module which is used to classify plans into appropriate
ranks that indicate how good or suitable the plan is, based on input parameters such as stu-
dent preferences and other constraints. Ranked plans can be used by the recommendation

engine to present at least one plan that best aligns with the input preferences. Figure 1.5



2014-2 2014-3 2014-4 20141
MATH& 141 MATH& 142 MATH& 151 MATH& 152
ENGR 111 CHEM& 161 PHYS& 114 CHEM& 162
CHEM& 140 ENGR 121

ENGL& 230

2015-2 2015-3 20151 2016-2
MATH& 163 MATH& 264 PHYS& 243 MATH 261
PHYS& 241 PHYS& 242 ENGR& 215 ENGR& 225

ENGR& 214 ENGR& 224

Figure 1.4: A sample education plan generated by the current VAA implementation through

the deterministic recommendation engine.

offers the workflow of the existing system. It serves the fundamental purpose of reducing the

workload on an advisor.

Limitations of the existing system. The current VAA software implementation has

various limitations, both functional and theoretical, for instance:

e Considers only a limited number of features to describe a study plan, for instance,
it does not capture the length of the course plan, the sequence of courses, break in a

sequence of core courses. These features turn out to be very important in plan creation.

e Study plans are not validated, i.e., there are no checks for missing core requirements;

this could result in a plan missing a major required course or a broken course sequence.

e Original design was targeting students with defined Major and transfer university goals;

however, in many cases, students start college without knowing this.
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Figure 1.5: The workflow of existing VAA system [3].

1.4 Proposed Solution

The VAA system targets students at community colleges who aim to transfer to a university
or plan on completing a 2-year Associate Degree at the current community college. The
system automates academic plan creation based on student limitations, preferences, and
background while trying to reduce the workload on the advisors. Advisors can then have
more meaningful sessions with students instead of performing repetitive tasks. The proposed
solution consists mainly of improving and adding new features and functionality to the
existing VAA system. The work discussed in this paper can be split into four main goals

illustrated in Figure 1.6. The functionality of each module can be seen in detail in Section 1.4.

Increasing the Dataset. A large amount of data is required for proper training and
assessment of ML approaches. Collecting real-life examples of study plans is challenging
due to the lack of consistency in human-generated plans, coupled with poor software tools
available to advisors of EvCC to capture and maintain plans. During the course of the

present research, a new batch of human-generated study plan examples has been collected



Implement
Recommendation
Module

Figure 1.6: The 4 main goals of this paper. Detailed description of each module can be

referred from Section 1.4.

from EvCC and has been added to the VAA database. However, only about a hundred useful
examples can be extracted during advising season. For this reason, in addition to new plans,
we have used existing examples to generate synthetic data. Synthetic generation makes sure
that the data is statistically distributed while covering essential cases. This strategy will be

discussed in detail in Section 4.3.

Aggregating Features for Improved Recommendation. In previous work done to
explore the potential of an ML-based recommendation engine for the VAA [3], only a few
features from the plan were considered. The limitation in the number of features considered
was mainly due to the small number of inadequate study plan examples, and it wasn’t
possible to extract or represent other features. The proposed work makes use of an updated

implementation that, along with previously existing feature, considers new features including
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user preferences, and new study-plan metrics. New user preferences include Mathematics
and English course-sequences starting points. These can be used to calculate features like
distribution of core courses in different quarters/semesters, length of the plan, and a sequence
breaks in the course sequence. This information can be used to build a more insightful
representation of the study plan and improve the quality of the examples and data used
for training an ML module. The rank of the plan is used to determine the quality of the
plan. The rank is determined based on a predefined rubric used as a ranking standard, and
this is vital in ensuring that the ranking is consistent for different advisors over time. This
rank also captures the cognitive information regarding a study plan, which is central to the
method of collaborative filtering.

Recommendation Module. Due to a large number of course options, time offerings,
prerequisite paths, student’s limitations, and goals, the different possible study plans is com-
binatorial. The proposed module will create a study plan recommendation for the students
based on the student’s goals and preferences. This module takes in student’s preferences as
input parameter and returns a list of recommended study plans from which the student can
choose. The principle of Collaborative Filtering is used to generate recommendations. The

details of the implementation are discussed in Section 4.3.

Major Prediction Module. The present research aims to explore ML and Natural Lan-
guage Processing (NLP) techniques to analyze the course work to determine a major for the
student. The NLP module is implemented as a new/improved module of the VAA system.
This work will help to address the dilemma students face while selecting a major and college
combination to make a study plan. This module will predict a major depending on the

course work designated for a student. This module is discussed in detail in Section 4.4.

1.5 Scope

The problem of creating study plans can be applied to many educational levels and is common
across many educational institutions. For the purpose of our research, we part from the

following premise to narrow down the scope and to develop a feasible proof of concept:
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An automated Machine Learning Recommendation System can reduce the workload for

advisors and provide a better advising experience for the students.

The scope of the work described in this document targets Everett Community College

(EvCC) focusing on Engineering Department courses and transfer data to Washington States

universities. Based on this, the scope of our work can be outlined as follows:

1.6

The dataset composed of study plans provided by Everett Community College (EvCC)
will be used for identifying relevant features to determine the efficiency of a plan for a
STEM major.

Synthetic data will be generated and used in combination with the data collected from
EvCC.

Current implementations will be extended to take additional input preferences to make
the recommendations more relevant and customized.

Increase the number of features to identify the quality of a plan

ML-based strategies suitable for building a recommendation module based on this type
of data will be investigated.

Study plans will be analyzed to find patterns relevant for transfer scenarios, i.e., to a
target university and major from the community college.

NLP techniques will be explored to understand the sequence of classes.

Sequence Classification techniques will be explored to enable a student to explore

different “Major” options.

Motivation

Improving the student retention rate and on time graduation rate are the major challenges

faced by the US higher education system. These rates have not shown significant improve-

ment in the last few years, and tend to be worse for people from underrepresented groups and

diverse backgrounds [24]. Academic planning has been found to be one of the most essential

things to help students reach their goals while pursuing higher education. Due to the lack of



12

proper planning and sufficient information, the process of completing degree requirements is
protracted, fragmented, and unfulfilled.

Our work primarily concerns with requirements of community colleges. Faculty-advisors
in these institutions faces many challenges while working with students to devise a successful
educational path. These institutions have limited resources to improve the academic advising
experience, among which is the lack of efficient, automated degree planning systems. The
reason behind this problem is that several states follow performance-based budgeting, where
the performance of the college [25] determines the funding for a college. This performance-
based budgeting has led many colleges to allocate more resources for improving the condition
of education in the institutions. This performance is evaluated based on a set of predefined
metrics. These metrics measure quantitative growth but not qualitative development [26].

Many community colleges (like EvCC), have an archaic approach for academic advising.
Study plans are not only prepared by hand, but they are also predetermined or have a“one
size fits all” method. These study plans are not customized for each student’s needs. In
recent years, there have been some efforts to develop software to automate the process.
However, these solutions have been rudimentary, relying on static or hard-coded strategies
[12].

At the same time, ML-based approaches are becoming ubiquitous in many application
areas — the education sector is not one of them. A wide range of new ML-specific software
tools makes ML an attractive, feasible, and novel approach to tackle aspects of academic
advising. The VAA project is a pioneer solution that aims to improve academic advising by
providing functionality for customizing educational plans based on student’s requirements

and preferences.
1.7 Outline

The rest of this thesis is organized as follows. Chapter 2 discusses the related work and
Chapter 3 introduces the basic concepts used in implementing the proposed goals. Chapter 4

talks about architecture of the proposed system and the methods followed to implement
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them. Chapter 5 is followed with results of the methods tested. The last chapter, Chapter 6
concludes the work with ideas to further the research. The references are listed at the end

of the paper.
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Chapter 2
RELATED WORK

In this chapter, we discuss the existing work and technologies that support and/or relate
to our research and the proposed goals. First, we present the current state of academic
advising and the different systems following collaborative filtering. We then talk about the
research in text classification and how it can be used to address our problem. Finally, we

observe how the current work differs from the work previously done on VAA.

Current State of Academic Advising

As discussed in Section 1.1, academic advising, and educational planning are critical for a
student to achieve their academic goals. In Section 1.6, we point out an increase in the
number of tools and methods being developed to address the deficiencies in current advising
scenarios [2].

Such tools address different areas of advising such as caseload management; alerts, signals
and notifications; performance management and measurement [2]. For instance, Salesforce
offers a cloud solution called Salesforce Advisor Link [27] for caseload management for advi-
sors . This system tries to streamline advising operations and maintaining student records.
Services like Aviso retention [28] analyses student’s performance and identifies at-risk stu-
dents and strives to improve the student retention rate . Tools like Signal Vine Blended [29]
communication provides solutions for notifications and direct interactions with students.
Student management tools like Edunav’s optimize [30] aggregates degree plans to make pre-
dictions about demand for courses. Another example is Loud Cloud [2], which provides very
user-centric solutions, mainly considering the student’s financial ability.

Though many of these tools deliver some functionality, they fail to address the fundamen-
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tal problem of academic advising: easy, tailored development of study plans. The students
need to identify the required courses for them to graduate and satisfy all the prerequisites
for different courses. The VAA system tries to address this problem, but initial determinis-
tic approaches were slow and computationally heavy, and alternative ML-based approaches
lacked amount and variety of data [3]. Our proposed approach is to upgrade the ML-based
recommendation system using collaborative filtering (for details, see Section 3.2 and Sec-

tion 3.2).
Recommendation Systems based on Collaborative Filtering

Collaborative filtering is widely used to generate recommendations due to its simplicity in
making distance-based recommendations. Recommendation systems are widely used and
deployed in various application areas, especially in e-commerce, entertainment, technology-
enhanced learning, knowledge management, and many others [31].

For instance, in [31], recommendations of movies are generated for users based on local
and global user similarity, this is a framework developed based on user-based collaborative
filtering. Similarly, GroupLens [32] is a system that generates recommendations of news
articles. In [33], personalization of tag-based searches [34] is done using collaborative filtering
based on clustering .

Despite being widely used and researched, collaborative filtering based recommendation
systems have not been used in the education sector, particularly in academic advising and

educational planning.
Research in Sequence Classification

Sequence classification is a powerful approach that has a wide range of applications including
bioinformatics, security, social networking, and, etc. [35], including specific uses in DNA
classification, anomaly detection, and sentiment analysis. For example, DNA classification
is performed to understand the biological details of an organism [36]. Successive letters are

used to represent DNA sequences. These letters are transformed into words, and sequence
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classification is then performed [36]. Similarly, in [37], sequence classification is done on
movie reviews to classify as either positive or negative. The sequence classification of reviews
(here, movie) is called sentiment analysis. In [37] Naive Bayes classifier and Support Vector
Machine (SVM) classifiers were used to classify the reviews. Anomaly detection also uses
sequence classification, where the sequence of user actions are analyzed to detect if the user’s
behavior is consistent with previous actions [38].

In this research, we use sequence classification techniques to predict potential college
majors based on the courses that need to be taken by the student (refer to Section 4.4.3 for

details).
Previous Work on the VAA

VAA is an automated ML-based Recommendation System that can improve the quality of
faculty-based academic advising for educational planning. Over the past couple of years,
various strategies and approaches have been used to come up with a solution to the problem
of automating study plan creation. Initial efforts consisted of using a deterministic approach
that yielded a factorial-order number of solutions due to the combinatorial nature of the
problem. This approach was not only computationally expensive but also made the im-
plementation extremely difficult to maintain and scale. An approach considered to replace
such implementation, and currently under improvement, is an adaptation of the Job Shop
Algorithm (JSS) [6], which uses a greedy approach to assign interdependent n jobs (required
courses and prerequisites), to m machines (availability of the class).

The nature of the problem and the type and amount of data required are some of the
biggest challenges in this project, added to the fact that expert assistance (EvCC faculty)
will be needed to validate and test the system. In addition, there is little to no work or
research done in this area, making every problem a completely new challenge. The nature
of data as well as the need for large amounts of valid test data to test the efficiency of the
system make the process challenging.

As an initial ML-based solution to the problem, a collaborative filtering based recommen-
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2018 Current Work

Limited human-based dataset: few real-world
observations

Augmented human-based dataset: two new
batches of real-world academic plan
incorporated

Limited synthetic dataset: restricted amount of
artificially generated data, no specific strategy to
generate this

Augmented synthetic dataset: large amount of
synthetic data generated following strategy
specifically designed for this

Limited number of features

Augmented features, both preferencesand
study-plan metrics

Numerical-based ML strategies

Researched ML strategies for categorical data as
well as NLP approaches

No integration with Ul

Better integration with Ul to facilitate data
exploration and ranking

Figure 2.1: Comparison of the current work with previous work done on VAA.

dation system has been discussed in [3] . Though the work has been proved to be functional,

it did not address specific issues as discussed in Section 1.3. In this work, we address such

limitations.

current work.

Figure 2.1, elaborates the difference between the previous research and the
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Chapter 3
BACKGROUND CONCEPTS

In this chapter, we discuss some of the concepts required to implement the different parts
as defined in methods (Chapter 4). We first talk about supervised learning in Section 3.1
which is used for ranking a feature set ( for details see Section 4.3.2 and Section 4.3.5), and for
predicting college-major for a student (see Section 4.4). In Section 3.2, the implementation
principle behind the recommendation module is discussed. We finally introduce the concept

of sequence classification in Section 3.3.

3.1 Supervised Learning

Machine Learning enables to identify relations between different features in data and makes
the analysis of data simpler. Every instance of the dataset used by a single ML model rep-
resents the same features. If the instances are represented with labels, it is called supervised
machine learning [39] in contrast to unsupervised learning where the labels are not present.
In the process of training a classifier, a set of rules are learned to aid the process of assigning
a label to a new instance. The first step for this is formatting or reformatting the data to
maximize information gain to define (learn) the set of rules. The classifiers can be grouped
into different subsets. In this paper, we mainly work with Logistic Regression, Logic-Based

classifiers, Support Vector Machines, and Ensemble Classifiers.

Logistic Regression. The Logistic Regressor is a non-linear classifier that tries to identify
boundaries in a given set of data points to differentiate between the classes [40]. These
boundaries are identified by equations which are developed after training the existing data.

In a logistic regression classification, regressor uses one-vs-rest approach while trying to
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classify data with multi-class labels. The probability of the data belonging to one class vs.
the rest of the classes is estimated. A simple logistic function plot looks like in Figure 3.1.

The details of the implementation of Logistic function are discussed in Section 4.4.3.

Figure 3.1: Representation of a simple sigmoid function [4].

Logic Based Classifiers. Logic-based classifiers are mainly of 2 kinds, Decision Trees, and
rule-based classifiers [5] [39]. Both of these models work based on a set of rules. Decision
Trees predict a label to the data based on the rules it learns while training [41]. A simple
decision tree can be visualized in Figure 3.2 where the tree consists of a set of nodes and
leaves.

In rule-based classifiers, the model is represented as a set of If-Then rules [5]. Knowledge
can be easily represented as rules. A set of rules and actions are defined, and logical oper-
ations are performed on them [5][39].In this thesis Decision Trees have been used to label
the study plans to help build the recommendations (see Section 4.3.2). Decision Trees are
easy to implement and maintain. They work well with both continuous and categorical data

[41].Implementation details of Decision Tree are discussed in Section 4.3.5.

Ensemble Classifiers. Ensemble classifiers are a combination of classifiers. Ensembles are
used to improve the accuracy over a single classifier [5], [10]. The process can be visualized
with the help of Figure 3.3. The predictions of several base estimators are combined to

predict and improve the performance of the model in comparison with a single predictor.
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Figure 3.2: A representation of a simple Decision Tree [5].

According to [10], ensemble methods are of two kinds:

e Averaging ensemble methods: Several base classifiers are used to predict a label, and
the average of the results of all the models is used to estimate the performance of the
classifier. Random Forest Classifier, Extra Tree Classifier, and Bagged Classifier are
averaging ensemble methods. In this thesis, we use the mentioned classifiers to test
for improvement in performance w.r.t. Decision Trees classifier. In Section 4.3.5 we
discuss about the individual classifiers in detail.

e Booster ensemble methods: In this method, the base classifiers are run sequentially,
and the one model tries to reduce the variance of the other model [5], [10]. Booster
classifiers work together so that several weak performing models can be combined to

improve the overall prediction.

Support Vector Machines. Support vector machines can be used for both linear and

non-linear data. The original training data is mapped into a higher dimension through a non-
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Figure 3.3: An illustration of how a simple classifier differs from an Ensemble Classifier [6].

linear mapping (kernels) [7] when the data cannot be separated by linear decision planes.
Decision boundaries are calculated to divide the tuples belonging to one class from other
class. Simply put, if we have an n-dimensional feature space and all the data points plotted
in that plane, SVM tries to find a boundary in that plane which divides the data points.

In Figure 3.4 we see a 2D data plane. The dotted lines represent the different ways we
can build decision boundaries for this data space. In this thesis, we use SVM for sequence

classification. For implementation details, see Section 4.4.3.

3.2 Recommendation System

As mentioned in Section 2, recommender systems are widely used in different industries. A
recommendation system is defined as a system that can predict or give suggestions to the
user based on past preferences. A simple recommender system uses data mining and filtering
techniques to provide a user with recommendations. There are two kinds of recommender

systems: Content-Based Recommendation system and Collaborative Filtering based recom-
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Figure 3.4: The figure shows 2D data and the different planes that can be developed as

decision boundaries using SVM classifier [7].

mendation system. The difference between the two methods is discussed below and can be

visualized through the Figure 3.5.
Content Based Filtering

In this method, the recommendations are generated based on the metadata about the users.
For example, recommend users with poems based on the content of a poem. These kinds of
systems require more data like information about features of the item, or details about the

movie [42].
Collaborative Filtering

Collaborative filtering can be done to retrieve information efficiently to generate recommen-
dations [31]. The measure of similarity of the user is critical in generating recommendations.
The usage of user similarity is what makes collaborative filtering different from content-based
filtering. The similarity of the users is measured by “rating”. The rating can be tuned in a

way to capture the context of the user [43]. For instance, in VAA while recommending study
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COLLABORATIVE FILTERING CONTENT-BASED FILTERING

Read by both users

P j— J—

Read by user
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Recommended

to user
Read by her,

recommended to him!

Figure 3.5: A simple illustration to bring the difference between collaborative filtering and

content based filtering [8].

plans, we want to recommend study plans which are most relevant for the student in terms
of intended major, college, or any other parameter. A student’s preferences and the features
of the plans are combined to assign a rating which captures the context of a user. The rating
details are discussed in detail in Section 4.3.2. The similarity of the user is combined with the
rating to make a prediction for another user. This method of implementation is called user
based recommendation [31]. In this paper, we implement user-based collaborative filtering
to generate recommendations of study plans for students. The details of implementation are

discussed in Section 4.3.6.
3.3 Sequence Classification

In simple words, given an input sequence, the process of predicting the class label is known
as sequence classification [44] (see Figure 3.6). The sequence has an order and has to be

observed while training ML: models. As mentioned in Section 2, sequence classification has
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wide applications in real-world applications. Sequence classification follows the same rules
of supervised classification. Sequence classification can be categorized into three main types

[45]:

e Feature Based Classification: The sequence is transformed into a vector of features,
and classification is done on the feature vector.

e Distance-Based Classification: Like distance based collaborative filtering, distance is
used to measure the similarity between two sequences to determine the quality of
classification [45].

e Model-Based Classification: Statistical models such as hidden Markov models are used

to classify sequences [35].

['CSS420', 'CSS434, [ N ['Mechanical
'CSS560'] ™ Prediction > Engineering']
Model

Figure 3.6: A sequence of courses are taken as input by the classifier which predicts a Major

after doing sequence classification.

In this paper, we use feature-based classification to classify course plans to predict a

college major. The details of implementation are discussed in Section 4.4.3.
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Chapter 4

METHODS
4.1 Architecture

This section describes the architecture of the system and the research methods used to imple-
ment the proposed goals. The VAA system is designed on the principles of service-oriented
architecture for a web application. A service-oriented architecture is a widely accepted
standard for efficient utilization of web resources, and for development and integration of
enterprise applications [46]. In this section, we further elucidate the architecture details and

function of each component in the system.

3-Layered Service Oriented Architecture

Service-oriented architecture (SOA) is a method for interaction between user and the internet
[47]. A service-oriented architecture is expanded on the client/server paradigm. The main
premise of SOA is to allow applications to communicate through the platform-independent
standard HTTP protocol [48] making the Application Programming Interface (API) calls
platform and language agnostic. Every modern language and device can make a HTTP
request making the communication between the modules easier. By adopting SOA, reuse,
growth, and interoperability of the system can be enhanced. SOA can be implemented
through Simple Object Access Protocol (SOAP) based web services and Representational
State Transfer (REST). By following REST methodology for implementing the architecture,
the interface is typically stable and resilient to internal changes [49].

The VAA architecture, depicted in Figure 4.1, is presented as a three-layered architecture
of logical computation. This provides means for modularizing the user interface, business

logic, and data storage layers.
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Figure 4.1: High-Level Architecture of VAA. We consider M. Recommendation Module,
(Classification Module and Predict College-Major Module.

Presentation Layer

The presentation layer is the front-end of the system providing a user interface. This user
interface is accessible through the web application. The student’s preferences such as the
major, college, Math and English starting points are taken in from this layer and passed on
to the business logic layer by making API calls to the back-end. The generated plans are
displayed through the interface. Similarly, the list of designated courses is communicated as
another API call so that the major the student can to go to can be predicted and displayed

back to the user.

Business Logic Layer

The business logic layer (BLL) or the application layer is the core of the system providing
the functionalities of VAA. The different ML modules are implemented in Python in this
layer. Any language can be used to implement the services in this layer as the system is

made language agnostic by the use of API calls. The API access point makes calls to the
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different modules of the BLL. The different modules in the BLL are described below.

Deterministic Recommendation Module. The deterministic module uses an adapted
version of the job shop scheduling algorithm [50] to generate a study plan for the student.
Preferences and other parameters are taken in as input for the scheduling algorithm. The

module also creates course prerequisite networks and stores it in a graph data structure.

Classification/Ranking Module. The classification module implements supervised learn-
ing classification strategies to rank study plans. The ranking determines the “goodness” of
a plan. The plans generated by the deterministic algorithm or the plans that have been sug-
gested by the recommendation engine are classified through this module. This module can
be called by an advisor or can be triggered when a new plan is generated. The classification

of the plan is essential for the efficient implementation of the ML recommendation module.

ML Recommendation Module. The ML recommendation module is implemented based
on the principle of collaborative filtering as discussed in the Section 3.2. Collaborative
filtering uses collective intelligence in generating a customized plan for a student. This
module makes use of the preferences and the rating to make context aware recommendations

to the student.

College Major Prediction Module. This module makes use of language processing
techniques and uses sequence classification methods to predict a major a student could aim
for. The sequence of course work designated to a student is taken in as input to the module.

Refer to Section 4.4.3 for implementation details.

Data Layer

The database for the VAA system is a relational database hosted through Microsoft SQL
server. The database can be accessed through a data access API or by the individual modules
directly. This database was designed to scale out and support any kind of educational

schedule besides the current scope (EvCC).
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4.2 Supporting Software

The system was developed in integration with a number of softwares, frameworks and li-
braries. This section describes these technologies and their purpose in the context of our

research.

Anaconda

Anaconda [51] was used as the main implementation environment. Anaconda’s Navigator, is
a Graphical User Interface that supports multiple applications, environments and channels
simultaneously, which simplify data analysis, scientific computations, visualizations. The en-
vironment of choice is Python 3 (which is also the default in Anaconda), which has a number
of libraries, making it a sensible choice for data analysis and machine learning research and
development. Furthermore, the navigator supports different software like Jupyter Notebook,
R studio, Spyder, VSCode, etc. [51]. Any other preferred software can be installed and used
through Navigator.

Python

Python is a high-level object oriented programming language. High level data structures,
with dynamic typing and dynamic binding make Python suitable for rapid application devel-
opment and for connecting multiple components together. It supports a number of packages
that enable development of modular and reusable code. Moreover, the absence of compila-
tion step increases development productivity. It is complemented with a stack trace provided
upon code exceptions to facilitate debugging [52].

While R is a powerful procedural language for statistical analysis and building data
models, frequently used for research purposes [53], Python has been preferred because it
enables more general purpose applications, while supporting a variety of ML and Deep
Learning libraries that facilitate the development of sophisticated data models. Furthermore,

Python’s readability and performance allow for faster prototype and product development
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[54]. For these reasons, Python is a better choice for the VAA data analysis and ML needs

and target application-like functionality:.

Machine Learning Libraries. Libraries such as NumPy [55] and Pandas [56] make it
easy and convenient to manipulate data. NumPy is the most basic package offered by
Python supporting scientific computing. In addition, NumPy can be used to accommodate
multi-dimensional generic data, which is useful for integrating multiple database content [55].
NumPy is part of the SciPy ecosystem, which are is a bundle of open source software for
scientific computing in Python [57] . Pandas is built on top of NumPy, deriving its name for
the purpose is serves: Python for Data Analysis. Pandas has exclusive data structures-like
series and data frames, which enable efficient handling of data tables [57].

Sci-kit learn, which is offered as a part of SciPy has a collection of algorithms and tools,
which support various stages of Machine Learning. It has algorithms for PreProcessing,
Model Selection, Dimensionality Reduction, Supervised Learning Through Classification,
Unsupervised Learning through Clustering and many more [10]. Matplotlib, is a 2D visu-
alization library offered by Python which has multiple features which support visualization

enabling an efficient data analysis and classification module evaluation[58].
4.3 Recommendation of Study Plans

In this section, we discuss the methodology to design and implement an ML-based recom-
mendation module and a classification/ranking module for the VAA system. These modules

work together to generate a study plan for a student based on input preferences.

4.3.1 Data Source

The initial dataset used for our recommendation strategies research was created based on
study plans collected from EvCC. Each study plan, together with associated input parame-
ters, is considered to be an observation in a human-readable form. Initial plans were crafted

by hand, over a few years, by faculty serving as academic advisors. Since the number of
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human-crafted plans is too small for ML purposes, we decided to incorporate artificially-

created data to increase the size and quality of our dataset.

Definition 1. Let S be the set of all study plans available in the scope of our research, and
let S; € S be a study plan observation, where ¢ = {1,2,..., M} and M is the total number

plans, including human-crafted and generated synthetically.

Human-generated study plans contain valuable information that can be used to extract
significant features that capture relevant traits of a plan’s structure and its creation, we
will refer to such features as “metrics”. Input parameters (Definition 2), together with the
metrics (Definition 3), compound a set of features F' suitable for classification, defined below
in Definition 4. The dataset used for classification is a set of feature vectors of the form F,
the set of all such observations is denoted by F (see Definition 5). The overall dataset F used
for classification is composed by human-crafted plans mapped into feature vectors, as well

as synthetically created feature vectors.

Definition 2. Let P be the set of input parameters, including user preferences and academic
requirements, and let p; € P be a single parameter, where ¢ = {1,2,...,|P|}. This set is

captured from a user through the UI (see Figure 4.1.

Definition 3. Let T be the set of metrics used to describe a study plan, and let ¢; € T' be

a single metric, where i = {1,2,...,|T|}.

Definition 4. Let F' be the set of features that describe a study plan, where ' = P UT,
and f; € F represents a single feature, where ¢ = {1,2,..., N} and N is the total number of

features, i.e., N = |T'| + |P|. F is a mixture of both categorical data and quantitative data.

Definition 5. Let [F be the set of feature vectors that describe study plans in S. Let z € F
be a feature vector that describes a specific study plan S € S, and let ¢ : S — F be a
function that extracts the features from a human-crafted study plan and arranges them as

the values of the feature vector as defined by F' (refer Definition 4). Note that |F| = M.
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Note that the function ¢ used in Definition 5 to map from a human-readable plan to
a feature vector, is really a combination of functions, each of which is used to map each
specific feature. These mappings can be done by looking at the plan metadata and searching
associated values in our database. Some of the mappings are straight forward, for instance, to
obtain SummerPref (Table 4.1), it is enough to check whether there are courses scheduled
in the summer quarter. Another example is LengthQuarters, where it suffices to count the
number of quarters as stored in the database for a specific plan. Other features like sequence

breaks are more complex and will be discussed in Section 4.3.3.

Synthetic Data Generation. The amount of human-crafted plan is too small to properly
design ML-based model, and manual generation of plans is tedious, time-consuming, and
error-prone, thus, it becomes imperative to devise a better, automated way to generate
plans for the dataset. The VAA system contains a basic recommendation module that uses a
“deterministic” approach to generate additional plans and can be used for verification. This
module is scalable but still in its early stages and it is out of the scope of this paper. Alternate
methods for generating data need to be considered. There are a number of available software
tools with enough functionality to create customized datasets, for instance, [59] generates
data for certain predefined data types like human information, credit card information,
geographical location and so on. This generated data can be exported into multiple formats.
Another tool example is Mockaroo [60], which has a wider collection of customizable data
categories classes, such as movies, I'T, health, etc. However, both these aforementioned tools
fail in creating a useful dataset to mimic study plans, and cannot be used for analyzing or
modeling an educational planning system.

For these reasons, we need to create a synthetic dataset that will better simulate the
data required by our system. For the scope of this document, we focus on a strategy to
generate synthetic observations in the form of feature vectors rather than in the form of
human-readable plans.

The data simulation captures human knowledge of the possible scenarios and translates
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into a script. This knowledge ensures that the data generated is realistic. Python offers a
number of libraries and packages to generate synthetic data, for instance, the Faker package is
the core of many data generating algorithms [61], which provides functionality for generating
data with information such as names, address, etc. Additionally, pydbgen [62] uses Faker to
provide more features and generating data tables, data frames, or MS Excel formatted data.

To create suitable synthetic data, we use Algorithm 1, which is used to generate new
observations in the form of feature vectors with features F', i.e., & € F. The algorithm uses
the valid range of values a feature can be in. This information is given by an advisor based
on their experience with academic advising. The algorithm generates a new observation, as

a vector of features F', based on the valid range of values for each feature:

Definition 6. Let V; be the set of values a feature f € F' can take. Given a vector z € F, let

7; be the component corresponding to feature f; € F', where i = {1,2,..., N}, then z; € V..

Table 4.1 contains all the features in the scope of our work, i.e., F'. This table also

contains the sets of values valid for each feature.

Algorithm 1 Synthetic data generation.
Inputs:

Set of valid ranges for each feature in F'
Outputs:
A new observation z € F (Definition 5)
Begin:
Create a new feature vector z initialized to 0
for i ={1,2,...,N} do
Choose a random value rval from Vy, (Definition 6)
T; = rval
end for

F=Fuz




Table 4.1: Features identified in the process of Feature Engineering
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H Feature Name Description Value H
The university a student is aiming for Colleges in
PrefCollege WA state
: The major a student is aiming for Colleges in
PrefMajor STEM majors
ProfMathStart The starting point for the sequence MATH courses
of math classes to be taken
Break or missing order in the sequence 0 - 100
MathSeqBreak of Math classes to be taken
: The starting point for the sequence ENGL courses
PrefEinglishStart of English classes to be taken
Break or missing order in the 0 - 100
E Break :
ngSeqBrea sequence of English classes to be taken
PrefNumQuarters Student’s preference of the number Integer, ideal value is
of quarters to finish the course between 8 and 20
Actual length of the plan in number Integer, ideal value is
LengthQuarters of quarters between 8 and 20
Prefered number of core courses Integer, ideal value is
PrefNumCore
per quarter between 3 and 5
ActualNumrCore Actual number of core courses Integer, ideal value is
per quarter between 3 and 5
JobTvne Student’s employment status. Useful Full Time, Part Time
P for determining the length of the plan. Unemployed
Enrollment Tvbe Student’s enrollment status. Useful Full Time, Part Time
yP for determining the length of the plan.
SummerProf Student s preference of having classes True/False
In summer quarter
SummerOpt Generated plan has classes in True/False
summer quarter
PrefStartQuarter Student’s preferred start quarter Fz%ll, Winter
Spring,Summer
StartQuarter Generated plan start quarter Fall, Winter

Spring,Summer
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4.3.2 Data Labeling

As discussed in Section 3.1, supervised learning requires data to be properly labeled for
model training and prediction. In our case, each element of our dataset comprises of feature
vectors representing plans (refer Definition 5) needs to be categorized.

Original study plans are ranked by a human (advisor) based on a standard rubric. Table
4.2 contains the rubric for ranking a plan, which is defined based on advisor expertise and
can be used to maintain a standard for ranking. The rank itself then becomes a label for a
particular study plan, representing its “goodness” based on how likely a human advisor is to
recommend the plan for a specific student. The standards listed in Table 4.2 are considered

as part of the strategy to label synthetically generated data.
Definition 7. Let L be the label assigned to a study plan, where L = {—1,1,2,3,4,5}, 5 is

the highest possible rating, 1 the lowest, and —1 is used to indicate an invalid plan.

Table 4.2: Standards for ranking plans: the labels have been suggested by EvCC fac-

ulty /advisors based on their experience with educational plans.

H Rank ‘ Description H

The study plan is incorrect. This is usually associated with critical mistake

-1 made by the deterministic algorithm (or a human if created by hand).
1 Study plan has at least 3 or more major issues. Generally, this kind of study
plan should not be recommended to students as it is beyond repair.
9 Study plan has at most 2 major issues. This type of plan needs major repair
before recommending it to a student.
3 Study plan has at most one major issue or multiple minor issues. This is a plan

requires the moderate extent of changes before recommending it to a student.
Study plan has minor issues like a few quarters may have medium gaps in
4 course schedule or level of difficulty in each quarter is relatively consistent
with at most 1 quarter of inconsistent difficulty.
Study plan is flawless.Courses are clustered together in a manner that
level of difficulty in each quarter is consistent.

The rank captures the context of an advisor and can be used to generate context-aware

recommendations (see Section 3.2 for detail on collaborative filtering).
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To generate a label for a synthetic “observation”, a penalty system is used. A penalty is
calculated using a subset of features including metrics and input parameters to generate a

new metric that is incorporated into I’ and factored by a specific weight.

Definition 8. Let 7 C T be a set of metrics derived for the purpose of helping the process
of labeling synthetic data. The members of 7 are obtained using a subset combination

of features from F', which we will refer to as F. A metric in 7 is denoted as t; where

i={1,2,....|T]}.

Definition 9. Let W be a set of predetermined weights, and let w; € W be a specific weight
intended to weigh the value of t; € T.

The value of each t; € T is scaled by the corresponding w;, gauging the contribution t;
value to the “quality” of a plan, i.e., the values of features in 7 value will affect the overall
penalty of a given plan, and the penalty can be used to determine the label. Note that
the value of the penalty is inversely proportional to the the rank, i.e., a higher the penalty
implies lower rank.

The features in T that have been considered to calculate the penalty are:

e Sequence breaks: A break in the sequence of courses to be taken is captured by a value
called sequence break. In this paper, we discuss math and English sequence breaks as
they are required by all STEM majors across colleges.

e Length of the plan: The length of the plan in terms of quarters.

e Enrollment type, Job Type and Number of core classes per quarter: This combination
is evaluated to ensure the students do not overload themselves. This ensures the quality
of education for the student.

e Contrast in plan from student’s preference: The student’s preferences against the ad-
visor recommended plan. For instance, the student does not want to take classes in

summer, but the plan requires the student to take classes in summer.
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Labeling Strategy. As part of synthetic data creation, a label L will be assigned to each
artificial observation feature vector F. For artificial data, it will be derived based on a

penalty calculated by weighing the values of features 7 (see Definition 8).

Definition 10. Let C denote the total possible penalty for a particular study plan .S, and
0 < C < Chge- It is calculated by weighing the values of the T features corresponding that

particular observation:

For the purpose of our experiments, we set the maximum penalty C,,,,, = 330. This value,
however, could be changed and adapted depending on the problem, features examined, and
human expertise is taken into consideration. We also split the range [0,330] into six sub-
ranges of size 55, one for each of the possible label values (see Definition 7). This and the
strategy used for programmatically labeling synthetically create data is addressed in detail

in Algorithm 2.

4.3.3 Feature Engineering

Feature engineering can be used identify the set of features (see Definition 4) that can
be used to describe a study plan (see Definition 1). Feature engineering is the process of
identifying metrics F that describe the data observations (user parameters and metrics from
study plans) to facilitate ML classification approaches [63]. Some of the metrics we have
considered include the length of the plan, the number of courses per quarter, distribution of
core courses, sequence of classes, among others (see Table 4.1). Domain knowledge is key in
identifying the features, which help in classification. In our case, most of the features used

in our experiments have been identified as relevant by faculty-advisors from EvCC.

Calculating Sequence Break. Calculating sequence breaks addresses one of the goals
of the proposed research by adding new features to the feature set previously used by the

original classification module [3].



Algorithm 2 Synthetic data labeling.

Inputs:
A set of weights W
A feature vector F; corresponding to a plan S; € S
The set of features T
The set of valid label values L = {—1,1,2,3,4,5} in this order
Cinaz = 330 and Cinerement = 9D
Output:
Alabel [ € {—1,1,2,3,4,5} based on C
Begin:
for each t; € 7 do
Extract the corresponding value for feature t; from F;
end for
for each t; € 7 do
C = C +wjt;
end for
rang€iower = Cmaz — Cincrement
rang€ypper = Crmaz
for each [ € L do
if rangeiower < C < rangeypper then
return [
end if
rangeiower = rangeiower — Cincrement
rangeupper = rang€upper — Cincrement

end for
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Calculating sequence break is important because there are certain sequences of courses
that are lengthy but relevant and required for certain majors. For instance, many engineering
students must take a minimum of 5 Math courses in a specific order to satisfy prerequisite
requirements. Ideally, such a sequence should be scheduled as early as possible in a study
plan, with its courses in consecutive quarters to avoid unnecessarily long schedules that
would result in delayed student graduation or transfer. Furthermore, early Math courses
serve as prerequisites for many other courses, like Physics, Programming, and Advanced
Math. Breaks in particularly long sequences are undesirable and academic advisors try to
avoid them, with the goal of making more efficient study plans. This precondition is captured
through a feature called “Sequence Break”.

We will use Table 4.2 to illustrate the sequence break approach. Consider an ideal
sequence of Math courses exemplified in the top row of the figure; this sequence pertains to
a course plan «;. An ideal sequence of courses is built from an official course network. There
can be more than one acceptable course plan for a given pair of starting and ending points of
a sequence. The plan that is the most similar to the course plan «; can be used to calculate
sequence break value (score) using a similarity measure like the Levenshtein distance (refer
Equation 4.1, i.e., the more similar «; is to an ideal plan, the shorter the distance and the
higher the sequence break value. For instance, in Figure 4.2, experiment 1 has a score of 100
because it is exactly the same as the ideal sequence, while experiment 5 has a lower score

because it differs from the ideal sequence in at least three places.

(

mazx (i, j) if min(1,7) = 0.
(
levep(i —1,7) + 1
leva,b<i7j) - (41)
min { levg (i, j — 1) + 1 otherwise

L \levmb(i — 1,j — 1) + 1(%755,1.)
The sequence break feature is also used to calculate the penalty (Definition 10) incurred for
missing the strict sequential ordering of the courses involved. It is an important feature in

determining the label of a plan (Definition 7).
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ldeal Sequence "MATH 1428 MATH 1518 MATH 1528 MATH 163& MATH 264&8"
Experiment Test Course Plan Score
1: Course plan follows the MATH 1428 MATH 151& MATH 152& MATH 1638 MATH 2648 100

exact sequence
2 : Course plan follows has MATH 142& MATH 1518 MATH 1528 MATH 163& break MATH g5

breaks later in the plan 2648

3: Course plan follows has MATH 1428 break MATH 1518 MATH 1528 MATH 1634 g2
breaks early in the plan MATH 2648&'

4: Course plan skips few MATH 1428 MATH 1528 MATH 1638 MATH 2645 89

5: Course plan follows order MATH 1428 break MATH 151& break MATH 1528 break 85
but has a number of breaks MATH 1638 MATH 2648

6: Course plan has all courses | MATH 163& MATH 2648 MATH 1428 MATH 151& MATH 1528 79
but order is missed

Figure 4.2: Examples of Math course sequence scenarios with different sequence breaks.

Study plans can be seen as a sequence of words, where the words represent the courses and
the sequence in which they appear represent sentences. Applying the Levenshtein distance
concept [64], we can compare the similarity of a generated plan and an ideal plan. Levenshtein
distance is calculated based on Formula 4.1, which is used to calculate similarity between
a course plan (Definition 11) and ideal sequence of courses (Definition 13). The higher the

similarity, the lower the distance. Sequence break score calculation is detailed in Algorithm 3.

Definition 11. A course plan a can be defined as the sequential ordering of courses in a

given study plan.

Definition 12. A directed acyclic graph G = (V, E) where the set of nodes V' represent
different courses, and F is the set of directed edges representing dependencies between courses

(e.g., precedence) can be considered as the course network.

Definition 13. A sequence of courses can be seen as a path I from a course network G where

I C V, and the edges connecting courses in [ strictly indicate a prerequisite relationship,
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/‘\ EVERETT Math Courses

COMMUNITY COLLEGE Effective Spring 2018 & = Common Number for WaCC
MATH 060 TS 060 Math 078/079 i
Cosmetology Basic Math Algebra Review E

;
TS 070 Math078/079 |
prep for Algebra | Algebra Review |

)

AL TR ST
MATH 100 TS/MATH 076 | Math 078/073 i

Self-paced  review of Survey of Math Math Literacy | Algebra Review
arithmetic and algebra

concepts in @ computer- |

mediated lab setting for

I
i
i
|
| i
placement into TS/Math | TS/MATH 086 Mstho7s/073 |
| '
i |
| '
i
I
|
|

Math 078/079

76, 86, Math 96, 100, Essentials of Int. Alg Algebra Review
107, 146, BUS 130, 06 , v e e aaaaa oY
PHIL&120.

MATH 096

Int. Alg. for Precalc

N
1418 - 138 146& 107&
Precalc | [ Applied College Alg. Intro to Statistics Math in Society
'
1
1428& LMan e 1488&
Precalc Il Preferred Business Calculus

1438 |5 1518

Precalc Review Caleulus |

152&

Calculus 1t

163&

Calculus 3

|

264& 261 260
Calculus 4 Differential Eq'ns Linear Algebra

Figure 4.3: Math Course Network at EvCC. This course network is used to build the ideal

course sequence for a given starting point [9].

i.e., 1 is a prerequisite to 7, where j and k are the indexes of the each course and j < k, and

Istart 18 the first course in the sequence, and i.,4 is the last course in the sequence.

In this research, we only consider Math and English sequences, however, there are other
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Algorithm 3 Algorithm for calculating Sequence Break
Inputs:

Subject of interest Subj (either Math or English)
A course network G
A study plan S € S
A course sequence seq from the plan S
A distance set D = ()
Subjstart and Subjena
Output:
A sequence break b where 0 < b < 100
Begin:
Build set of ideal sequences I = {I;,..., Iy} from G
for each sequence I; € I do
Calculate distance d; between seq and I;
D =DuUd,
end for
b= min(D)

return b the sequence break

subjects that have relevant sequences but they are out of the scope of this work. A starting
point of a course sequence (e.g., Math) is the first course that a student should take in
that sequence, and it is a prerequisite to following courses in that topic or other topics, for
instance, a starting point for Math could be determined by a placement exam. On the other
hand, an ending point of a course sequence is usually either a target course required for
transfer or the highest level course offered at the college. Figure 4.3 shows EvCC’s current
Math course network, an example of a sequence would be starting point MATH 096 with

ending point MATH 264&.
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4.3.4 Data Preprocessing

Data preprocessing is the process of transforming raw data into understandable format [65].
Since our data comes from varied sources, it is necessary to remove inconsistencies to properly
use it for experimentation, preprocessing and analyzing. From a high level, data preprocess-

ing includes the following steps.

1) Sanitizing Data: Filling Missing Values
2) Data Analysis: Analyze the Correlation among different features.

3) Data Transformation: One hot encoding for categorical data.

The details of implementations at every step are discussed in the rest of this section:

Sanitizing Data. It is common to have missing values for data, especially when it comes
from multiple sources. Python provides libraries for data analysis and statistics, which can be
used to handle missing information [66]. According to [67] An elementary way of dealing with
missing values is to remove the corresponding rows if the values are missing completely at
random (MCAR). In the VAA data, this is not the case. The data, which was mainly missing
was for the new features. Many plans in VAA have been collected before the new features
were taken into consideration. These values are computationally calculated. For instance,
Preferred Math Start (PrefMathStart) is a new feature, for the missing values, the first
math class in the plan is taken as the preferred math start. Similarly, the preferred number
of core courses per quarter (PrefNumCore) had many missing values. These missing values
can be imputed with a statistical mean value [68]. The statistical mean offers a value based

on general observation.

Data Analysis. One of the most important aspects of analyzing data is to find correla-
tions between features. Correlation is used to observe relations between quantities of different
features. We can estimate the value of one feature with respect to another feature [69]. Dif-

ferent methods can be used to find the correlation between different features. Generally, the
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Pearson correlation coefficient is used to measure the linear correlation between continuous
data [70]. It is calculated based on the deviation of an observation from the corresponding
sample mean. For categorical data, the mean is non-existent, hence, this approach cannot
be used to represent correlation [71].

Cramer’s V (¢¢) [72] is an option to calculate the correlation between nominal values and

it is calculated based on Pearson’s chi square test x? as shown in Equation 4.2 as follows:

(4.2)

where n is the sample size, n; ; is the number of times each one of the variables X; and Y;
were observed, and ¢ =1,...,rand j = 1,...,k . This can be used to capture independence
between two variables by taking into consideration the frequency of occurrence of each of
these variables. This facilitates the analysis of correlations in categorical data. Equation 4.3

shows how ¢¢ is calculated.

bo= \/min(kxj/ffr -1 (43)

One Hot Encoding. One hot encoding [10] is a widely accepted way to transform cate-
gorical data into a form that can be used by ML models. The most critical aspect of one hot
encoding is that it does not introduce ordinality into the data. The data we have consisted
of a number of features which are categorical in nature. They cannot be directly used by

the ML models, and hence one hot encoding is performed on the features [10].

Grid Search with K-Fold Cross Validation. Grid Search and cross-validation are two
different processes which are pipelined together to make an estimate of the best performing
model. Grid search is used to perform parameter tuning. Parameter tuning is the process
of finding the best values for the model’s parameters to improve the accuracy of that model
[73]. We specify a list of metrics against which we want to train our model. Grid search runs

exhaustively on all the combinations of the metrics and finds the best performing set [74].
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Cross-validation is a validation method used to ensure the performance of the model
against new data is consistent as it was with training data [75], [76]. In k-fold cross-validation,
we partition the dataset into k equal parts. We train the model on k£ — 1 parts and validate
against 1 part. We repeat this process until all the & parts act as validation sets. Figure 4.4

shows how the data is partitioned.

5-fold CV DATASET

}.

Estimation 1
Estimation 2
Estimation 3
Estimation 4

Estimation 5

Figure 4.4: This figure illustrates how K-Fold cross validation splits the data for training
and testing when K=5 [10].

In this experiment we use both of these methods together to make an estimate of the best
performing parameter values while ensuring the model is consistent across the independent

datasets.

4.3.5 Classification

The results from grid search with cross-validation Section 4.3.4 are used to perform supervised
classification as discussed in Section 3.1. We train different models on both synthetic data
and the original data set. In this section, we discuss the different models we use to train the

data.

Training and Testing Split. The data is split in 4:1 ratio where 4 parts are used for

training the models and the one part is used for testing the trained model. All the supervised
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classification models in this module are trained and tested with this split ratio so that a

comparison of models’ performance against different data sets is consistent.

Decision Tree Classifier

As introduced in Section 3.1, by using Decision Tree classifier [5], we can build a Decision
Tree which is a flow-chart like structure. Each internal node of the Decision Tree represents
a test for an attribute x € F;|F; € F where F is the set of mappings between user parameters
and metrics as discussed in Section 4.3.2 . Each branch represents the result of the test. The
leaf nodes are the terminal nodes which hold a class label. In this experiment, we use CART

(Classification and Regression Trees) to build a binary tree [10].

The Decision Trees are constructed greedily, in a top-down approach. Given a training
set, it is recursively partitioned into subsets as the tree is built. The partitioning in the data
happens until all the data at the node are under the same class for classification. In that
case, the node becomes the leaf. The criterion to partition the tree at a node is determined
by a measure of impurity. The split should happen in a way that the partition is as pure as

possible. The two common measures of impurity are:

e Gini Index: It measures the probability that a given sample, F; belongs to a class L;.
The measure of Gini impurity decreases with each split and ideally it should be 0 at
the leaves where the probability of a random sample belonging to a Class is 1 [77].

e Entropy: Entropy measures the information gain [78]. Information gain can be defined
as the difference between the amount of information know before the split and after

the split [78].

We use both these criteria with grid search to determine the better performing combina-

tion for the dataset in hand and split the data as mentioned in Section 4.3.5.
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Random Forest Classifier

As mentioned in Section 3.1, Random Forest classifier is a kind of an averaging Ensemble
Classifier. A Random Forest is a set of tree predictors where each tree is dependent on the
randomized subsamples of input data [79]. Random Forests reduce the risk of overfitting the
data, which is quite frequent with Decision Trees [41]. The efficiency of a Random Forest
Classifier is determined by the individual trees and the correlation between them. Given a
training dataset, a Random Forest generates k£ Decision Trees. For each iteration, the data
is sampled randomly with a replacement similar to the Bagged Classifier (Section 4.3.5). For
splitting the data at each node, the best split is made based on a subset of total attributes.
Whereas in the Bagged Classifier, the entire set of attributes is considered. The Decision

Tree for a Random Forest is developed like a simple Decision Tree, (see Section 4.3.5).
Bagged Classifier

Bagging or bootstrap aggregation creates uniform data samples with replacement to create
multiple data samples also known as bootstraps [80]. A single base learner is used to run
different classifiers against the different bootstraps. The results of all the bootstraps are
aggregated. In bagging the bootstraps are created with replacement [10]. This ensures the
randomness of prediction in the base classifier. According to [81], [82], the instability of
base classifier is desired, i.e., for a small difference in data, the prediction should vary a
lot. Simply put, the base classifier should be a weak classifier [82]. Bagging algorithms are

designed to improve the performance of weak classifiers.
Extra Trees Classifier

Extra Trees or extremely random trees, is a tree-based ensemble method [83]. Extra Tree
functions are similar to Random Forests. In this method, the split at every node is made
based on a subset of attributes selected randomly after which the best split is determined.
Moreover, Extra Trees do not allow re-sampling the data, i.e., Extra Trees do not follow the

concept of bagging [80].
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4.3.6 Collaborative Filtering for Recommendation

Collaborative Filtering is the basic principle proposed by [3] based on which the ML rec-
ommendation module (Study Plan recommendation) has been developed. As mentioned in
Section 3.2, collaborative filtering captures the context of the user [84]. In this paper, we use
distance based collaborative filtering methods to implement a system to generate study plan
recommendations for a student. The distance between the data points is used to calculate

the similarity between users.

Distance based Collaborative Filtering. To calculate the similarity between two users,
we can use methods such as Pearson Distance and Euclidean Distance Score [84]. This
measure is called similarity score. In this implementation, we use Euclidean distance to
calculate the similarity score. Let A, B be two sets of input parameters (see Definition 2),

then, the Euclidean distance is given by Equation 4.4.

d(A,B) = /(a1 — b)) + (ag — by) + ...+ (a; — b;) (4.4)

Whenever there is a user request, a similarity score is calculated to find the set of neigh-
bors. The study plans followed by the neighbors are recommended to the user. The user
request consists of a set of input parameters (see Definition 14) which can be used to calculate

the distance between other users.

Definition 14. Let P ' be a set of input parameters received in the user request where

[P’ = 1P|

The closest set of users with similar user parameters are found by calculating the distance
with all the existing user parameters given in F' (see Definition 4).

Let D represent the set of distances D; from P '. To generate a set of study plan
recommendation, R, for P ', the distance D; of each F; € F from P ' is calculated. The

study plans S corresponding to the closest neighbors is given out as a recommendation R,

such that R C S.
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Algorithm 4 Algorithm for generating recommendations

Inputs:
An input set of user parameters ' corresponding to each element of P
A set of feature vectors F and corresponding plans S
The labels L corresponding to each feature vector in F
A set of distances D = ()
Desired number of recommendations num
Output:
A set of recommended study plans R
Begin:
Rank =5
while |D| < num do
for z; € F do
if L, > Rank then
Let y; C T; where y; corresponds to elements of P
Calculate distance d; between y ' and y;
D = D Ud; add element to the distances set
R = RUS; add plan to the recommendations set
end if
end for
Rank = Rank — 1 since not enough plans with Rank are found
end while

return R
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4.4 Recommendation of College Major

In this section we discuss the methods followed to predict major for a student based on

course work completed by students.

4.4.1 Data Source

As described in Section 4.3.1, initial data was extracted from a set of study plans provided
by EvCC manually created by advisors. Useful information for our experiments included
required course sequences, corresponding labels, major, etc. This information was used to
train ML models to predict a major for a student. A combination of text processing and
supervised learning strategies were used, however, since these plans are not enough for ML,
we also use plans generated by the deterministic recommendation module (see Section 4.1)

containing the same relevant features.

Data Labeling. As described in Section 3.1 and Section 4.3.2, supervised machine learning
needs labeled data. In this experiment, the labels for a data item will be the college major.
Student’s preference of major is critical information for the advisor or for the deterministic
module to generate plans. This information is already available for use. Existing information
is used to implement new features for VAA to improve the functionality of the system and

user experience.

4.4.2 Data Preprocessing

The general data preprocessing steps are described in Section 4.3.4. Next, we elaborate on

these steps in the context of this experiment.

Data Sanitizing. Data sanitizing for text processing involves formatting strings and words
in a way that most relevant information can be represented. Due to the nature of our
original dataset, human-generated study plans provided by EvCC, it contained information
and metadata irrelevant to our experiments. This is considered as noise that had to be

removed to appropriately create training data. Along with that, there were various special
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characters and trailing white spaces, every course name was enclosed in single apostrophes(‘’),
all these had to be trimmed. Course names should follow a string pattern, e.g., “MATH 1227,
“ENGL 233”7, “ENGR& 345”7, etc., and we want to consider only those courses that follow
this pattern. Matching string patterns are created to identify valid courses and filter them

out.

Data Transformation. As mentioned in Section 2, we use the concept of feature based
sequence classification to solve our problem. In feature based classification, the sequence is
transformed into a vector of features which are used to train a standard classifier [35], [45].

The following steps have been followed in data transformation:

1) Imbalanced Learning: The problem of imbalanced learning happens when there is more
data belonging to a certain class, which introduces training bias because under-represented
classes are given less weight. In the data set obtained for this experiment, most of the
initial plans were designed for “Mechanical Engineering” (see Figure 4.5). To correct this
problem, data oversampling is performed. Two common approaches used are “Random
Over Sampler” and “Synthetic Minority Over-Sampling Technique”. We have chosen
Random Over Sampling, where the samples from under-represented classes are repeated
at random.

2) Count Vectorizer: It is used to convert the text of information into feature vectors [85].
Count vectorizer counts the frequency of a word (course) in the data. Using count vec-
torizer, the entire data can be represented in a 2-D matrix useful for getting insight into
the data, like how some words occur more than other words, but not carry a lot of in-
formation. For instance, MATH classes are required for a lot of STEM majors, so the
word “MATH” might not be useful to differentiate between the majors. To overcome this
issue, we use TF-IDF explained next.

3) Term Frequency-Inverse Document Frequency (TF-IDF): It is another method to convert
textual sequences into feature vectors [85] that can be used for training different ML

models. This method assigns weights to the words instead of simply counting the words.
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Figure 4.5: The distribution of number of plans with the intended major shows class imbal-

ance in the data availble for training.

TF refers to term frequency and measures how often the word occurs, and IDF refers
to inverse document frequency which measures the importance of a word [86]. Once we
transform our data into vectors and handle class imbalance, we used supervised classifi-

cation algorithms to predict the sequence.

Data Analysis. Data analysis was performed at different levels to gain more understand-
ing of the available data. First, we use word clouds to explore the layout of courses in study
plans. Word clouds are a straight forward and visually appealing method to visualize text
data [87]. They serve as a starting point for a deeper analysis [88]. A word cloud is used to
visualize words (courses) proportional to its frequency. Word clouds are a crude way to get a

general idea regarding the most popular courses. The next step was to use count vectorizer
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for more insightful information.

Second, we analyzed the data to see if follows Zipf’s distribution. Zipf’s law states that
only a small fraction of the words are used most of the time, the vast majority of the remaining
are rarely used. Simply put, it says that r** most frequent word or in other words, r is the
frequency rank of the word has a frequency f(r) which is represented can be represented by

the Equation 4.5

fr) o« 0 (4.5)

4.4.3 Classification
In this section, we discuss the classification models used to train the available data.

Training and Testing Split. The data was split using a 9:1 ratio where nine parts are
used for training the models and the one part is used for testing them. This ratio was used

across all the models used to keep consistency when comparing performance results.
Logistic Regression

As discussed in Section 3.1, Logistic Regression makes use of sigmoid function [40] to calculate
the probability of a data point x belonging to a class. This function takes in all the values
and maps them between 0 and 1. The logistic function equation is given by Equation 4.6,
where P(z) represents the probability that the data variable z belongs to one of the classes.
by is the bias of intercept and b; is the coefficient of the single input variable. The probability
of a point belonging to any other class is then 1 — P(x).

eb0+b1$

P(x) (4.6)

- 1 +€b0+b1x

In this experiment, we use a simple Logistic Regression function to classify the layout
and sequence of courses in a plan to predict the major they would most likely belong to.

Results are presented in Section 5.2.2.
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Support Vector Machines

Support Vector Machines (SVM) identify borders in n-dimensional data space in order to
classify the data points (see Section 3.1). The kernel transforms the data from a low di-
mensional input space into a higher dimensional space to enable efficient classification of
data. The selection of the kernel that will be used for the classification is most critical in

determining the effectiveness of the model. The different kind of kernels are:

e Linear Kernel: uses a dot product of the data points to transform the data. We use
a linear kernel when the data has enough dimensions to identify the boundaries and
does not require transformation into a higher space.

e Polynomial Kernel: a generalized form of a linear kernel that can distinguish between
both curved and non-linear input space.

e Radial Basis Function: maps input space into infinite dimensional space.

In our experiments, we use Linear Kernel approach on the course sequences, due to its
relative simplicity and computational low-cost compared to the other kernels. Results are

presented in Section 5.2.2.

4.5 Metrics for Evaluation

In this section we discuss the metrics used to evaluate the different methods implemented to

develop the proposed goals.

Synthetic Data Generation and Data Labeling. One of the goals with using synthetic
data is to be able to generate more and better distributed data to train ML models. However,
for synthetic data to be useful, it is necessary to make sure it is reliable, i.e., how close it is
to real data (as generated by humans). To build confidence in our synthetically generated
data, first we compare its statistical metrics and distributions against those of the original
data. Then, we investigate the behaviour and performance of different classifiers on different

sets of synthetic data. Results from these experiments are discussed in Chapter 5.
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Classification Metrics. Several statistical methods and metrics were used to measure
the efficacy of different classification models used in our experiments, including: Confusion
Matrix, Accuracy, Precision, Recall, and ROC curves. These metrics are defined based on

the following concepts and a confusion matrix (see Figure 4.6 below) [89]:

Predicted class

yes | no | Total
Actual class | yes TP | EN | P

1o FP | IN | N
Total || P | NN | P+ N

Figure 4.6: A simple representation of a confusion matrix for a binary classification [5].

e True Positive (TP): The number positive observations that are correctly classified as
positive.

e False Negative (FN): The number of positive observations falsely classified as negative.

e True Negative (TN): The number of negative observations correctly labeled as negative.

e False Positive (FP): The number of negative observations incorrectly classified as pos-
itive.

e False Positive Rate (FPR): The ratio between total number of false positives and all
the negative cases (FP + TN).

e True Positive Rate (TPR): The ratio between total number of true positive and all the

positive cases (TP + FN).

We can now define the metrics in detail:

e Accuracy: is calculated using the Formula 4.7 and it is the basic metric for evaluating

an ML model. It indicates the proportion of correct predictions.

TP+ TN
TP+ FN+FP+TN

Accuracy = (4.7)
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e Precision: is calculated based on the Formula 4.8 and it is particularly useful since
we seek to minimize the FP count when it comes to study plan classification, e.g., an
incorrect plan with a real rank of -1 should never be miss-classified with other ranks
(ie, 1,2, 3,4,5).

TP

Precision = ——— 4.
recision = o5 —p (4.8)

e Recall: can be evaluated using the equation 4.9, this is also known as a “completeness”
metric, as it can be helpful when checking that study plans, say, with a rank of -1 are

indeed -1. In our system, we aim for high precision and low recall.

TP
RGCCL” = m—m (49)

e ROC-AUC curve: The Receiver Operating Curves (ROC) are plotted with TPR on y-
axis and FPR on the z-axis to capture the precision and recall of a classifier. The area
under the curve (AUC) indicates the accuracy with which the classifier can predict the
class of an observation, i.e., how well the classifier can distinguish between the different

groups. There is a one-to-one correspondence with precision-recall and the ROC curve

[90].
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Chapter 5
EXPERIMENTS AND RESULTS

In this chapter we present and discuss results from experiments based on the methodology
described in Chapter 4.

5.1 Recommendation of Study Plan

This section covers results from experiments related to the implementation of the study plan

recommendation module as discussed in Section 4.3.

5.1.1 Validation of Synthetic Data

Figure 5.1 presents a side-by-side comparison of the distributions of the original data vs.
the synthetic data in terms of plan ratings. This comparison is the first step to understand
how the generated synthetic data behaves compared to real data. Compared to the original
data, which didn’t have many observations with low rating (e.g., -1, 1, 2), the synthetic data
increases the number of such observations while maintaining the general distribution across
the other rankings. The original data, which was generated by humans (EvCC faculty) had
a higher number of plans with better rankings, which makes sense because these plans were
carefully selected for our experiments, given that they were plans that were complete, clean,
and mostly complied with scheduling requirements. In the synthetic data, we maintain the
general distribution while increasing the number of plans which had a lower rating; as a
result, the synthetic data has a more “normally-balanced” distribution.

Next, the mean and standard deviation of relevant features in human-generated data
(from EvCC) are compared against the synthetic dataset. Results are summarized in Fig-
ures 5.2 and 5.3. Different sizes of synthetic datasets are used to get more insight into the

synthetic data behavior. In Figure 5.3, we can see the that the mean of most of these features
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Figure 5.1: Comparison of Synthetic Data vs. Original Data distribution based on Rating.

is maintained, which is desirable to “simulate” realistic data. Then, from Figure 5.2, we can
see that by using synthetic data, we can increase the variability of certain features to be
more realistic, i.e., an increase in the standard deviation.There is a noticeable increase in
the standard deviation for preferred number of quarters and the actual number of quarters,
this is because the original data has this value set to a constant, but in an ideal scenario, the
value would be expected to vary. On a different note, observe the drop in the mean value of
MathSequence Break and EnglishSequence Break in Figure 5.3, this is due to the fact that
the original data had more plans intended for “Mechanical Engineering”, while the synthetic
dataset includes various other majors with different requirements, so such features would be

more outstanding in the original data.

5.1.2 Data Preprocessing

One of the most critical steps in preprocessing the data is to find the correlation between
categorical and numerical data. Cramer’s V correlation was used for this purpose. Fig-

ure 5.4 illustrates the correlation between the features in the feature set, where a darker
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Figure 5.2: Distribution of Standard Deviation across relevant features.

color indicates lower correlation and lighter color indicates a higher correlation.

The figure shows that most of the features used for the classification are not highly
correlated, suggesting that feature reduction need not be applied for our data. A couple of
features that seem to show a high correlation are PreferedMajor and ActualStartQuarter.
The correlation between these features is not immediately intuitive, but could also be a result
of available data being heavy in one major (“Mechanical Engineering”), where most of the
students targeting that major are set to start, perhaps even by the same set of advisors, on

the same quarter.

5.1.3 Grid Search with Cross Validation

Figure 5.5 shows the results for Grid Search (Section 4.3.4). Grid search was done to achieve

parameter tuning to increase the performance of the model. A combination of original data
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Figure 5.3: Distribution of Mean across relevant features.

and synthetic data was used to train the models and to perform the grid search. Each plot in
Figure 5.5 shows the accuracy score of the model against the number of levels (for Decision
Trees) or the number of estimators (for Random Forest and Extra Trees). The following

observations have been made for different classifiers:

e Decision Trees Classifier: Best performing Decision Trees were searched with dif-
ferent combinations of measure of impurity and tree depth. Figure 5.5a illustrates the
performance of the model against different tree depths. There was a significant increase
in the accuracy of the model when the number of levels increased from 3 to 5, but it
does not change much for tree depth 5 and 7. When the maximum depth is increased

from 7 to 9, we find the best performing combination of levels and impurity index.
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e Random Forest Classifier: The performance of Random Forest for both gini and

entropy impurities was checked against a different number of estimators as seen in

Figure 5.5b. Random Forest classifier performed best with 50 estimators.

e Extra Tree Classifier: Grid search was done for combinations of impurity metric

and a different number of estimators.

The increase in accuracy with the number

of estimators was almost exponential in the case of Extra Trees.The best score was

achieved with 250 estimators.
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5.1.4 Supervised Classification

Several experiments were performed with different combinations of available data. The
purpose of trying different data sets was to validate the synthetic data and analyze its
performance against original data. Figure 5.6, summarizes various experiments performed

to better understand the behavior of our dataset.

ACCURACY |PRECISION |RECALL F1-SCORE
Original Data (290)
Decision Tree Classifier 0.74 0.71 0.74 0.7
Random Forest Classifier 0.65 0.71 0.66 0.67
Bagged Classifier 0.63 0.72 0.64 0.66
Extra Tree Classifier 0.67 0.73 0.67 0.69
30K Synthetic data + 10% error
Decision Tree Classifier 0.62 0.52 0.63 0.56
Random Forest Classifier 0.65 0.61 0.65 0.59
Bagged Classifier 0.58 0.56 0.58 0.56
Extra Tree Classifier 0.64 0.6 0.65 0.58
50k + original + 20% error
Decision Tree Classifier 0.75 0.8 0.76 0.75
Random Forest Classifier 0.75 0.79 0.75 0.74
Bagged Classifier 0.72 0.74 0.73 0.72
Extra Tree Classifier 0.62 0.68 0.68 0.67
50k + original + 10% error
Decision Tree Classifier 0.83 0.84 0.83 0.83
Random Forest Classifier 0.83 0.84 0.83 0.83
Bagged Classifier 0.73 0.75 0.74 0.73
Extra Tree Classifier 0.78 0.79 0.78 0.78

Figure 5.6: Summary of the performance of different classifiers on various combinations of

the data.

The performance of classifiers using the original data seems acceptable, however, could
be due to over-fitting. Hence, it is necessary to introduce and test more, different data.

The performance using only original data is similar to the performance using 50000 data
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points plus the original data and 20% error induced. Recall that this error is induced in
synthetic data to simulate certain human errors and bias (Section 4.3.2). Classifiers seem to
perform best when trained using 50000 synthetic data points plus original data and 10% error
induced. In terms of specific classifiers, Decision Trees perform consistently well, while Extra
Trees and Bagged Classifier are the weakest, and Random Forest performance improves with

larger datasets.
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Figure 5.7: The feature at root and the first level for different data sets.

Besides good performance, the Decision Tree model can also be used to identify features
that are critical for classification. By observing features that appear at the root and first level
of a good-performing Decision Tree model, we can gain insight into the importance of such
features for discriminating across classes. Looking at Figure 5.7, we see that placed at the
root of different Decision Tree models is either EnglishSequenceBreak or MathSequenceBreak,

suggesting that these features are more important than others in determining the quality (rat-
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ing) of a study plan. For instance, using 50000 plans with 20% error (Figure 5.7c), the root
is MathSequenceBreak, and for the remaining 3 cases, the root is EnglishSequence Break.
The reason might be that English is a subject common to all majors and all plans, and Math
is more relevant only for certain majors. In the following sections we discuss in the detail

the performance of different classifiers with 50000 data plans and 10% error.

Decision Tree Classifier

Figure 5.8 illustrates the confusion matrix for the Decision Trees model. Interesting obser-
vations can be drawn from the results; for instance, the overall accuraccy of the model is
83.44%. The classifier is performing well for all the classes with the exception of Classes 1
and 5. Class 1 has a high precision and low recall. The low recall in Class 1 is because of
the high number of FN; i.e., the classifier cannot identify many instances of Class 1. This
can also be seen in the ROC curve in Figure 5.9. The area under the curve is above 0.95
(excellent) for all the classes except Class 1, which has a higher FPR. Regarding Class 5,
we observe that it has low precision and high recall. The low precision is due to a higher
number of FP, i.e., observations, particularly from Class 4 are being miss-classified as Class
5. This problem could be due to the fact that there is little difference between consecutive

classes, e.g., a very good plan could be rated as 4 for minimal reasons.

-1 1 2 3 4 5 Recall

-1 T84 67 0 0 0 0 0.92

1 110 1766 557 196 123 81 0.62

2 0 135 2638 0 0 0 0.95

3 0 16 70 1710 38 0 0.93

4 0 7 0 33 1031 136 0.85

5 0 £l 0 0 &5 462 0.83
Precision | (.88 0.88 0.81 0.88 0.81 0.68 0.834

Figure 5.8: Confusion Matrix for Decision Tree Classifier.

Confusion Matrix
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Extension of FPR-TPR curve to multi-class
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Figure 5.9: ROC-AUC curve for Decision Tree. Class 0 represents rank of -1, and subsequent

classes represent rankings 1 through 5 correspondingly.

Random Forest Classifier

The confusion matrix for Random Forest classifier is presented in Figure 5.10. This model
had an overall accuraccy of 83.4%, close to the accuraccy of Decision Tree. Random Forests
select a subset of features randomly for doing the split at each node, which might be the
reason it does not perform better than Decision Trees (which is an ideal observation). Recall
from Figure 5.7, that MathSeqBreak and EnglishSeqBreak are the critical features for
classifying the plans. If random selection does not consider these features, it could bringing
down the overall accuracy of the classifier. The confusion matrix in Figure 5.10, shows that

Classes 1 and 4 behave differently to other classes.
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Predicted Rating
-1 1 2 3 4 5 Recall
-1 776 104 0 0 ] 0 0.88
Actual 1 86 1790 | 517 178 169 58 0.66
Rating 2 0 153 | 2633 0 0 0 0.95
3 0 | 82 1628 67 0 0.92
4 ] | 0 10 1109 | 105 | 091
5 0 | 0 0 153 | 437 | 0.74
Precision | 0.90 0.87 | 0.81 090 | 0.74 | 0.73 | 0.834

Figure 5.10: Confusion Matrix for Random Forest Classifier.
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Figure 5.11: ROC curve for Random Forest where Class 0 represents rating of -1.
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Similar to Decision Trees, these exceptions could be because of the small difference be-
tween consecutive-rank classes. This can also be seen in the corresponding ROC curves
(Figure 5.11), which also happens to be very similar to the ROC curves for Decision Tree
(see Figure 5.9). The area under the curve for Class 1 is again the lowest compared to other

classes.

Extra Tree Classifier

Figure 5.12 contains the confusion matrix for the Extra Tree Classifier. Though Extra Trees
work very similar to Random Forest, this model has an overall accuraccy of 78.2% — lower
than Decision Tree and Random Forest models. This could be because Extra Trees work

better for data with more numerical than categorical features [79)].

Predicted Rating

-1 1 2 3 4 5 Recall
-1 684 196 0 0 0 0 0.78
Actual 1 79 1801 517 197 154 50 0.64
Rating 2 0 289 | 2450 47 0 0 0.88
3 0 ] 183 1509 &0 0 0.85
4 0 3 0 106 1039 | 77 0.85
5 0 2 0 0 203 | 386 | 0.65

Precision |  0.80 0.78 0.78 0.81 0.70 | 0.75 | 0.782

Figure 5.12: Confusion Matrix for Extra Trees Classifier.

Furthermore, note that precision is inversely proportional to recall. This could be be-
cause Extra Trees classifier is an ensemble method which tries to improve the accuracy of the
classifier by randomly selecting the split at a node instead of selecting the best split. This
process is intended to increase the accuracy of the model, i.e., increasing the count of both
TP and FP while decreasing the FN count. When the precision of a class is low, the FN

count is higher, resulting in lower recall. The increase in FN, added to the fact that there
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Extension of FPR-TPR curve to multi-class
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Figure 5.13: ROC curve for Extra Classification. Class 0 represents rating of -1, and subse-

quent classes represent ratings 1 through 5 correspondingly.

is little difference between consecutive-rank classes, results in an overall low accuraccy. The
corresponding ROC curves in Figure 5.13 confirm these observations. Class 1 has the lowest

area under the curve as it has higher FN.

Bagged Classifier

In Figure 5.14, we can see the confusion matrix for Bagged Classifier. This model has an
overall accuracy of 73.7%, making it the lowest performing classifier. Bagged Classifiers work
best on a weak base classifier with a lot variance. The poor performance of this classifier

could be because the base classifier (Decision Tree) is stable and does not have much variance.
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Therefore, bagging the Decision Tree does not yield better performance.

Predicted Rating

-1 1 2 3 4 5 Recall
-1 688 50 0 32 0 0 0.89
Actual 1 9 1281 151 79 0 0 0.83
Rating 2 0 111 2250 116 0 0 0.91
3 189 405 659 2005 | 254 | 114 | 0.55
4 0 0 0 177 846 90 0.76
5 0 2 0 70 100 | 352 | 0.67

Precision |  0.75 0.69 | 0.74 0.81 | 0.70 [ 0.63 | 0.737

Figure 5.14: Confusion Matrix for Bagged Classifier.
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Figure 5.15: ROC curve for Bagged Classifier. Class 0 represents rating of -1, and subsequent

classes represent ratings 1 through 5 correspondingly.
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Precision is low overall across all classes — best performing for Class 3. Recall seems to
be inversely proportional to precision, which could be because with bagged classification, the
multiple classifiers try to adjust the threshold for different features to improve the accuracy
of the system. When adjusting the thresholds, more cases are classified as positive increasing
both the TP and FP for the classifier. The number of negative classes is also bought down,
i.e., a drop in FN. With the increase in TP, the accuracy of the system improves, but with
the increase in FP, Precision decreases. The decrease in FN improves the recall of the

system. These results can also be seen in the ROC curves in Figure 5.15.

5.2 Recommendation of Major

In this section we cover the experiments and results related to the implementation of the
Major Prediction module as discussed in Section 4.4. Note that in this module, the classes

refer to the college Major for a student.

5.2.1 Data Analysis

As discussed in Section 4.4.2, we use Zipf’s law to analyze the distribution of the courses w.r.t.
the frequency. Zipf’s law can be explained using a word cloud. Word-cloud indicates the
“top” courses for a given major, and here the Word-cloud has been generated for “Mechanical
Engineering” (see Figure 5.17).

This analysis provides insight into the courses that cannot be used for distinguishing
between different majors. For instance in English language, “the” is the most frequently
occurring word, but it does not help with text analysis. Similarly, the most common courses
across STEM, “Math” and “English”, but these words might not be useful to differentiate

between majors.

5.2.2 Sequence Classification

As discussed in Section 4.4.3, Logistic Regression and SVM were used to train the data for

classifying sequences of courses in study plans.
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Figure 5.17: Word cloud representing the most frequently taken courses for “Mechanical
Engineering” major.
Logistic Regression

The confusion matrix for Logistic Regression is presented in Figure 5.18, showing that this

model achieves an overall accuracy of 90% making Logistic Regression better than SVM.

71
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Figure 5.18: Confusion Matrix for Logistic Regression. The exact label value of each class

can be seen in the figure.
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Figure 5.19: ROC-AUC for Logistic Regression.

From the confusion matrix, we can observe that precision and recall are 1 for most

classes. The most interesting observations from the confusion matrix are for Class 6, “General
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Major”. Class 6 has high precision and low recall. The high precision and low recall could
be because of the nature of the coursework for this major, which includes subjects from all
the other majors. The corresponding ROC curves in Figure 5.19 show that the area under
the curve is smallest for Class 6, indicating that it is harder to identify a course plan designed
for “General Major”. Also notice the “plateaus” in the ROC curves, these may be due to
the size of the dataset and number of observations for each class. The curves can be more

smooth with a larger, varied data set

Support Vector Machines

The confusion matrix for SVM is presented in Figure 5.20. The overall accuracy of the
classifier is 88.7%, which is lower than the accuracy of Logistic Regression, and might be

due to the the size of the dataset.

0 | Aeronautical Eng. 5 Electrical Eng. 0o(1]2 3 4 & 6 7 g Q[ 10 | Recall
3 | ChemicaiEng. | 7| Craphic pesgn 0 1200000 0 0101010101011
3 | Civil Eng. B Mechanical Eng. 1 0/4]0 0 0 0 0 0 0 0] 0 !
4 | Computer 5c. 9 Mursing 2 0/0f2 0 0 0 0 0 0 0/ 0 1
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Figure 5.20: Confusion Matrix for Support Vector Machines. The exact label value of each

class can be seen in the figure.

The SVM was trained on a small data set which has high class imbalance. This could
make it hard for the classifier to identify the boundaries properly. We can also see that
precision and recall are rather low for Class 3, “Civil Engineering”. Our dataset did not
have many observations for Class 3, and so, they are also being overshadowed by Class 8

“Mechanical Engineering”. The performance of Class 3 can be observed from the ROC curves
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Figure 5.21: ROC-AUC for Support Vector Machines.

in Figure 5.21, where Class 3 has the smallest area under the curve. The “plateaus” in the

curves could be because there are not enough observations to identify proper boundaries.
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Chapter 6
CONCLUSION AND FUTURE WORK

In this section, we discuss our research achievements. We then discuss limitations and
challenges encountered during our work. Finally, discuss the ways the research can be ex-

tended in the future.
6.1 Conclusion

6.1.1 Recommendation of Study Plans

In this section we talk about the conclusions we can draw from the results of the methods

implemented to generate recommendations for study plans (Sections 4.3 and 5.1).

Generating Synthetic Data. Using the study plans provided by EvCC to understand
the nature of the data, we developed a script to generate synthetic data. We also designed
an algorithm to label the synthetic data to facilitate supervised classification. The synthetic
data is used to capture a broader range of instances to train different classifiers. Large
volumes of data can be produced, which allows better study of classifiers performance as the
VAA system scales. Moreover, by having synthetic data, research in this area is decoupled

from the need of having large volumes of original data.

Data Preprocessing. Correlation between the different features considered was analyzed
to perform feature reduction. Cramer’s V correlation method was used to calculate the
correlation between the different categorical and numerical data. We found that there is
no high correlation between most existing features. Furthermore, grid search for parameter

tuning was performed on various combinations of training metrics for all the classifiers. This
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process was critical in identifying the parameters to improve the accuracy of classifiers.

Classification. Multiple classification models have been trained with different sets of data.
This provides confidence in the synthetic data that was generated. The results can be
observed in the Figure 5.6. We have seen how the classifiers can scale based on the results
observed on the different sizes of data set. We also found that decision trees performed
consistently better with different datasets. Different ensemble methods are not efficient in
improving the performance of the decision tree classifier. This shows that the decision trees
is the best classifier to use to train data, which is a combination of both categorical and
numerical. The performance of decision trees and random forests improved with an increase
in the size of the dataset. The decision trees had TPR higher than FPR for most of the

classes.

Recommendation Module. A recommendation module was implemented based on the
concept of distance based Collaborative Filtering for generating study plan recommendations
based on student’s preferences. The distance-based method was an effective approach to
generate recommendations suitable for given input parameters. This module makes use
of the classification results in finding the most relevant and appropriate plans. Moreover,
the recommendation module has been developed as a RESTful API; this way, it is easy to
integrate the module in the business layer with the rest of the VAA system. The input is
sent to the API as a JSON string can be modified to add or remove input parameters. The
API makes the system both scalable and modular.

6.1.2 Predicting Major Module

In this section, we discuss the conclusions from the experiments performed and the results
observed for predicting a college major based on the course work designated for a student

(see Sections 4.4.3 and 5.2 for detailed descriptions).
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Data Preprocessing. Data preprocessing was done to convert the sequence of courses into
feature vectors that can be used for training the classifiers. TF-IDF vectorizer is preferred
over count vectorizer as the TF-IDF vectorizer assigns weights to the frequency of the words.
Count Vectorizer keeps track of the frequency of the words and can be used for data analysis.
The data follows Zipf’s distribution, indicating it supports the principles of natural language,

and further research can take place on the data.

Classification. Logistic Regression and Support vector models have been trained using
available data. Logistic regression performs better with higher accuracy of 90%. SVM, on
the other hand, performs reasonably well with an accuracy of 88%. Logistic Regression
has higher precision and recall than SVM, indicating that the Logistic Classifier can better
distinguish between classes than SVM. We used ROC curves to analyze the performance of
the different classifiers and found that the area under the curve is close to 1 for all the classes.
Furthermore, we can understand that the models require more varied data to smooth out the
curves. This experiment shows that we can further extend the research to add more features

to classify study plans to suggest a major based on the courses included in a study plan.

6.2 Limitations and Challenges

The main challenges faced in the research were related to the dataset. The data was limited in
terms of the size and the information it provides. Additionally, the database schema has not
been fully defined to support efficient ML approaches. The original data provided by EvCC
has to be translated from HTML format, making it harder to push into the existing database
directly. Moreover, the plans had to be sanitized and manually labeled. A reasonable amount
of time has been spent in creating tools to help with data collection, which will need to be
updated in the future.

The amount of original data was insufficient to train ML models because it lacked vari-
ability and had a significant class imbalance. To fix this issue, data had to be synthetically

generated to train and test different machine learning methods. Generating synthetic data
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to resemble real data was challenging and required careful analysis. This process has a high
risk of being over-fitted, so we have included error induction in the algorithms to simulate
some forms of human error.

It is also challenging to work with a system that is still under development, where many
design decisions have to be made and with dependencies on various team members. For
instance, different existing modules have been developed on different platforms. A commu-
nication method and pattern had to be established to make the integration more efficient.

Also, reading data and adding new features takes more time and effort.
6.3 Future Work

The recommendation module developed in this work has to be integrated with the rest of the
VAA system. The VAA system can be made more scalable and modular by considering some
architecture design changes, for instance, localizing particular database and ML operations.

As an alternative to supervised classification, unsupervised classification methods like
clustering can be explored. Clustering may improve the speed of the recommendation module
and reduce the dependency on labeled data for training. As with any recommendation
system, it is important to consider the security aspects of the system. Student’s information
is being used to generate recommendations, and it could be misused, this needs to be taken
into account as the system scales or goes into deployment.

Future work involves gathering a wider range of data to enable more efficient data anal-
ysis and exploration. With diverse data, the pain points of the users can be identified and
addressed, for instance, data that extends beyond STEM majors, special courses for transi-
tional students, time preference for a student, etc. In terms of ML, knowledge graphs can
be developed. Knowledge graphs help in entity recognition and handling the metadata more
efficiently. Knowledge graphs would make it easy to identify critical information about the
academic plans or any other service that could be added to the system.

Additional features can be used to perform sequence classification. For instance, map the

student’s performance along with the course work to predict the major. Apart from that,
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Deep Learning methods like Bayesian networks and LSTM neural networks can experiment

for sequence prediction.
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