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Abstract

The aim of this study is to determine whether we can build an accurate
model to predict the cumulative GPA of Worcester State University
students using pre-admission and collegiate demographic and academic
factors. Using data mining techniques such as linear regression, PART,
OneR, ZeroR, J48, REPTree, Random Tree, Random Forest, K-Nearest
Neighbors, and Näıve Bayes algorithms, we determined what factors have
the most statistically significant contributions to cumulative GPA. We
found that certain majors and years’ GPAs contribute the most, along
with graduation and return rates. Race can also be a contributing factor
in cumulative GPA. Our linear regression model was the most accurate
in predicting students’ academic performance. Being able to examine
which predictive factors increase or decrease GPA, administration and
faculty can provide support where it is most needed.

Introduction

Understanding what majors, demographic backgrounds, and specific classes contribute to a
student’s final grade, whether it be a final course grade or an overall GPA, is pertinent to
finding the best way to educate students. Identifying weaknesses in the education system
can lead to significant and necessary improvements that can guarantee an improved educa-
tion for students of all backgrounds. Many studies cited below found that, on the individual
course level, midterm grades are the earliest classifiers for a student’s final course grade.
Knowing in advance which students will be at risk of failing is extremely important so that
educators will be able to intervene with the needed support which can potentially restore
the students’ grades.

Recognizing which disciplines produce lower and higher GPAs can identify systemic bias
towards or against certain majors. Identifying these facts may not alter them, but may give
administration, faculty, and students the motive and facts to modify the system and create
a better educational experience.

The purpose of this study is to determine whether the cumulative GPA of a student can be
accurately modeled using academic and demographic data from existing students. We aim
to answer the following questions:

1. Can we build accurate models to predict students’ cumulative GPA both
numerically and by category?

2. What factors most accurately predict students’ final cumulative GPAs?

By answering these questions we can understand what factors put students at risk of doing
poorly in their academic career. With this information we can alert students, administration,
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advisors, and faculty to warning signs of failure or inadequate grades, and give students the
warning, support, and resources that they may need to improve their grades and be successful
in college.

Literature

There have been many similar studies conducted to determine what factors most contribute
to student success and, conversely, student lack of success in practically every discipline.
Educators, administrators, and students alike want to know why grades are what they are,
and what they can do to improve them.

Demographic and Academic Features in a Student Performance Prediction

Bilal et al. [1] analyzed students’ demographics, pre-admission academic achievements, and
performance in their first semester to predict their performance in their last semester in a
Doctor of Veterinary Medicine program in a Pakistan university. Instead of predicting a nu-
merical value for GPA based on these factors, the authors assigned students into two different
achievement groups; students with a GPA of 3.0 or higher were classified as high-performing
and students with a GPA of less than 3.0 were classified as low-performing. The author then
explained that, for their study, the data was imbalanced, meaning there was a lot of data
in the high-performing class. This skews any model used because suppose, for example, 99
percent of data points are high-performing. Then any model could predict, based solely on
the distribution, that any given student would be high-performing with 99 percent accuracy.
To combat this imbalance, the authors used the Synthetic Minority Oversampling Technique
(SMOTE). This creates synthetic samples of the minority class data points so that there is
an even number of points of each trait. The data can then be used to create an accurate
model that does not depend on the distribution of traits.

The authors used machine learning algorithms such as decision trees, Random Forest, Sup-
port Vector Machine, K-Nearest Neighbors, and logistic regression to predict students’ final
semester grades, then chose the model with the highest accuracy as their final predictive
model. Using 15-fold cross-validation with 85% of the data used to create the model and
the remaining 15% of the data used to test the model, the authors used a Support Vector
Machine algorithm to build their model. This SVM model had a 93% accuracy, the high-
est of the 5 machine learning methods. To determine which factors most contributed to
the students’ scores, the authors used decision trees to examine the factors’ contributions.
The results of the study show that students’ grades in Biology, English, Islamiat, and Urdu
courses contributed most to student performance.

The rules that were determined from the decision trees are as follows: Students with grades
greater than 69% in Biology and grades greater than 91% in Islamiat fell into the high-
performing group. Students with grades less than or equal to 58% in English fell into the
low-performing group for final semester GPA. This research found that demographics did not
play a significant role in predicting academic performance in Doctor of Veterinary Medicine
students at this university. The study acknowledged that other studies have found that
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demographics did play a significant role in predicting student success. This, however, could
be due to geographic location, subject, program of study, native language, or other various
factors. These findings can be used to support students in Urdu, Islamiat, Biology, and
English so as to increase students’ final semester GPAs and better understand student aca-
demic performance.

Determining what courses most contribute to students’ overall success or failure is important:
it gives educators the opportunity to provide more support for students in critical courses
and to identify at-risk students without analyzing performance in every course. Similarly,
by looking at student data on a broader level as opposed to course-level, potentially at-risk
students can be identified earlier on in their collegiate journey. Identifying critical courses in
the STEM field in particular is extremely helpful for students, administrators, and professors
to know which courses will require more support for students.

STEM Courses are Harder: Inter-course Grading Disparities with a Calibrated
GPA Model

Tomkin and West (2022) [6] conducted an experiment on 64,860 students from the College
of Engineering and the College of Liberal Arts and Sciences at the University of Illinois over
a ten-year period. Their overall aim was to determine whether there was a grade disparity
between STEM and non-STEM majors. They found that GPA in its current form (adding
up 4.0-scaled GPA from each class and dividing by the number of classes) is not the most
accurate measure of students’ success. It may be difficult to determine whether a STEM
major is more difficult than a non-STEM major solely based on observed GPA, since stu-
dents with higher academic ability may choose to pursue a more rigorous field in STEM,
so their grades would reflect a lower grade from taking classes that are on average more
difficult than non-STEM courses. The authors’ solution is to build an unbiased model to
measure student ability by predicting what grades students would get in every course at an
institution. This would give the authors an accurate basis for comparing STEM courses and
non-STEM courses, since observed GPA is already biased and can therefore not be used as a
tool for comparison. They aimed to find a logistic model of GPA that would better represent
students’ academic performance based on their abilities and the difficulty of the classes they
have taken. Using this model, they determined that courses required for STEM majors are
graded more harshly than courses for non-STEM majors.

They also aimed to determine to what extent standardized test scores predict academic
performance. They found that the Pearson correlation (a coefficient between -1 and 1, -1
being a perfect negative correlation and 1 being a perfect positive correlation) between ACT
scores and observed GPA is r = 0.20 and r = 0.49 for between ACT scores and calibrated
GPA. This means that ACT scores are a better prediction for calibrated GPA, but still show
some insight into observed GPA. Tomkin and West also found that, using the calibrated
GPA model, there was no gender difference in GPA for STEM students. Based on observed
GPA, however, there was evidence that women in STEM had lower GPAs than men in STEM.

Recognizing that STEM courses are graded more stringently than courses of other majors is
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an important connection to make. This gives us potential insight into any predictive model
that factors in major or course type. By categorizing certain majors into a STEM group,
we can determine what effect these majors may have on overall GPA and success or failure
academically.

Education Data Mining: Prediction of Students’ Academic Performance using
Machine Learning Algorithms

In a 2022 study on educational data mining, Yağcı examines the effect of midterm grades on
students’ final semester grades [7]. Using a set of 1854 students from a state university in
Turkey, Kırşehir Ahi Evran University, data including faculty, department, midterm grades,
and final grades were recorded and used to build models to predict what a student’s final
grade in a Turkish Language I course would be at the end of the 2019-2020 fall semester.
The goal of the study was to build models and compare their accuracies in order to make
predictions about students’ final grades using midterm grades. This has the potential to
alert students and faculty of students who are more likely to do poorly in the class or fail.
Because midterms were 9 weeks before finals, using these grades to make predictions gives
students enough time to change their study habits and make improvements on their aca-
demic practices. Random forests, neural network, linear regression, support vector machine,
and k-nearest neighbor algorithms were used to create the models in this study.

The models in this study were used to predict which grade category each student fell into.
These ranges are as follows: Category 1 - [0, 32.5), Category 2 - [32.5, 55), Category 3 -
[55, 77.5), Category 4 - [77.5, 100]. Yağcı found that neural network and random forest had
the highest accuracy of 74.6%, although all methods had accuracies ranging from 70-75%,
meaning 70-75% of data points were classified into the correct categories using these meth-
ods. The results of this study show us that by using predictive analytics in educational data
mining, students will have the opportunity to correct their methods and form new habits
to improve their chances of success. By using accurate models such as these, students and
faculty will know when students have a higher probability of failing or doing poorly, and the
support they require to do well can be obtained to produce a higher grade than predicted
by the model.

By discovering the earliest point in the semester that final semester grades can be predicted,
one is able to identify students who may need more support in that semester. By broadening
predictive models to identify the earliest point in a student’s entire collegiate career, we can
recognize which students are at a higher risk of failing and give them the resources and
support they need to be successful.

Artificial Intelligence Based Model for Prediction of Students’ Performance

Stadlman et al., in a 2022 study of student performance, utilized data from 133 under-
graduate Mechanical Engineering students from Rowan University in New Jersey from the
2020-2021 school year to analyze the effects of online learning in STEM fields [5]. They

4



determined that students’ final course grades can be predicted to fit into categorical grade
values (Excellent, Good, Fair, Failure) based on artificial intelligent data mining methods.
Because of how small the data set was, the authors were unable to predict a numerical value
for final term grades. The authors gathered student retention information by having stu-
dents fill out a form answering questions about the lecture each class and about each new
topic within the lecture.

Using logistic regression, random forest, support vector machine, k-nearest neighbors, de-
cision tree, and ensemble learning, they determined that student retention in the first and
third quarters of a class session have a strong correlation with end of semester final grades.
They also found that midterm grades are the earliest predictors of students’ final grades.
This can give students a heads up based on early warning signs of failure so they have plenty
of time to recover their grades before the end of the semester. Unfortunately, although the
authors were able to accurately able to predict final grade categories based on their data,
the data set was too small to be able to predict numerical values and there were also no
instances where students failed the class, therefore there was very little data to accurately
categorize students at risk of failure. This limits the scope of the prediction model, because
the aim of this study is to identify students who are at risk of failing or getting lower grades
in the course.

Methods

Data for this study was collected from the Worcester State University Office of Assessment
and Planning. Student information from 1816 students was gathered from students whose
start years are 2014, 2015, and 2016. From these students, first-year admissions information
such as demographics, high school GPA, SAT and ACT scores, and the city where the
students are from was collected. Demographic information includes gender, race/ethnicity,
ALANA/BIPOC, and whether or not they were a first-generation student. Along with this,
data from throughout the students’ time at the university was also recorded. This includes
the start year, whether the student was a resident or commuter, GPA from each year,
cumulative GPA, whether the student returned each year, major that the student applied
and was accepted as (no change of major was recorded), whether they graduated, whether
they graduated in four years, whether they graduated in 6 years, and whether they graduated
in 8 years (note that 8 years is the period from the earliest start year recorded in the data to
the time that this data was gathered and analyzed - if the student has not graduated within
8 years, they have not graduated since they began at Worcester State University). Each
student was assigned a random ID number so student information remains anonymous.

Dataset

This data set is composed of students who are 62.11% female and 37.89% male, 31.66%
first-generation students and 33.81% continuing generation students, and students who are
71.97% white and 23.07% ALANA/BIPOC including 5.34% black or African American and
0.22% Native American or Alaska Natives. 94.38% of students were from Massachusetts and
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Figure 1: Histogram of cumulative GPA values

58.04% of students were from Worcester County. Only 7.93% of students submitted ACT
scores, while 91.49% of students submitted SAT scores to the university. Of the students
included in the study, 38.99% of students were commuters and the remaining 61.01% of
students were on-campus residents for the majority of their time at Worcester State Uni-
versity. Figure 1 shows us the distribution of cumulative GPA within the data set, which is
left-skewed with an average of 3.13. Figure 2 shows us the distribution of each year’s GPA,
which are similarly left-skewed and with similar averages around 3.10. Figure 3 shows us the
distribution of majors across each student in the data set, the major with the most students
(besides Undeclared) being Business Administration with 201 out of 1816 students.

Figure 2: Histograms of each year’s GPA values
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Figure 3: Histogram of each students’ major at time of application and acceptance

Data preprocessing

The goal of this project is to accurately predict a student’s cumulative GPA based on differ-
ent academic and demographic factors. Before creating a model, however, the data must be
‘tidied’, meaning it must be altered so that there are no error messages. An error message
can appear when there are any missing values in a row or column in a set of data. For
example, ‘SAT Score’ is one of the attributes in the data set, however, since SAT scores are
not required to be submitted for acceptance at Worcester State, many students are missing
this value. Computer programs have a hard time understanding what to do when there are
missing values in a data set, so one must decide what to do: either delete the entire col-
umn/attribute and ignore SAT scores as a factor all together, give the students with missing
SAT scores the average score from the scores that aren’t missing, delete all of the students
who didn’t report their scores, turn the attribute into a ‘zero-or-one’ attribute or ‘indicator
variable’ that only tells whether or not a student reported their SAT scores at all and doesn’t
show what the score actually is, or use another strategy to get rid of the missing values. For
all of the attributes with missing values, one must make those decisions before proceeding
to visualize, analyze, and model the data without error.

Many variables were already free from missing values such as ID, gender, race/ethnicity,
ALANA/BIPOC, first generation, and housing. However, some variables required altering.
Some values in the ‘State’ attribute were missing, and upon further investigation it was
found that these students were international, so the missing value was replaced with “Non
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US”. Similarly for the “County” attribute, missing values were replaced with “Non MA”.
For the “HS GPA”, and “SAT Total” attributes, missing values were replaced with the mean
of all of the recorded values. Since very few students reported ACT scores when applying
to the university, the majority of students were missing this value, thus replacing missing
values with the mean of all recorded values would not be an accurate representation of the
data. To combat this, ‘ACT Score’ was turned into an indicator variable which only reports
whether or not a student reported an ACT score, not what the numerical value of the score
was.

Students with a cumulative GPA that was either missing or equal to 0 were removed from
the data set. Most students who had a 1st year GPA of 0.00 also had missing values for
2nd, 3rd, and 4th year GPAs, so those students were removed from the study. If students
had missing values for the GPA of every year, they were also removed. Many students for
various reasons transfer into and out of Worcester State University. This, unfortunately,
creates many missing values, however, unlike HS GPA and SAT scores, these missing values
cannot be replaced with the mean of every reported value. Suppose, for example, a student
had a GPA of 0.20 in their first year and subsequently dropped out or transferred. Replacing
the 2nd, 3rd, and 4th year GPAs with the mean of each year (approximately 3.10) would
not produce an accurate view of this student’s grades. By replacing the missing GPA of
each year with the student’s cumulative GPA, however, a more exact view of this student’s
grades is produced.

After fixing the columns with missing values, there are still some variables that need to be
altered before the data can be visualized and analyzed. Every variable must be numeric for
linear regression to work, so many variables needed to be turned into indicator variables.
Majors, for example had to be turned into a series of indicator variables. Each major became
a new variable that had a value of either 0 or 1 - the variable was 1 when the student had
this major. For example, a math major would have a 1 in the Math column and a 0 value
for every other major. Similarly, gender, race/ethnicity, first generation, housing, state, and
county needed to be turned into indicator (0 or 1) variables. Thus, 29 variables became 105
variables.

The remaining classifiers besides linear regression are used to predict a certain category
instead of a numerical value. Because of this, we classified cumulative GPA into the following
ranges: low (0 - 1.99], mid (1.99 - 3.29], and high (3.29 - 4.00], as seen in Table 1. Rule-based
classifiers, decision tree classifiers, and other data mining techniques can then predict which
cumulative GPA class a student falls into.

Modeling

Data mining techniques such as linear regression, PART, OneR, ZeroR, J48, REPTree, Ran-
domTree, Random Forest, K-Nearest Neighbors, and Näıve Bayes were used to determine
which factors contribute to student success. Each of these algorithms output a model and
the accuracy of each model is weighed against each other to find the best model for our data
set. For all modeling techniques, the data set was split into two groups; a random 80% of
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the data was used to build the model and the remaining 20% was used to test the model for
accuracy once it was built.

Linear Regression

Linear regression creates an equation using given factors that models the desired variable.
To find the most accurate linear model, we can ‘step through’ each combination of the given
variables to find what factors with what coefficients, or weights, most accurately predict the
value of the desired variable. For example, to form the best predictor model for cumulative
GPA based on 1st, 2nd, 3rd, and 4th year GPAs, our code will examine each combination of
those variables (1st year GPA; 1st and 2nd year GPA; 1st and 3rd year GPA; ...; 1st, 2nd,
3rd, and 4th year GPA) to find the most accurate model.

Many factors contribute to the accuracy of a linear model. Performing linear regression on
a data set of a large enough size makes it possible to predict the numerical value for cumu-
lative GPA with high accuracy. Once we step through each combination of the variables we
input and find the best model, we must examine the p-values, Multiple R-Squared, Adjusted
R-Squared, Min-Max Accuracy, and Mean Absolute Percentage Error (MAPE) of the model.

P-Value: To fully comprehend p-value, we must first understand null and alternative hy-
potheses. A linear model assumes the null hypothesis - that the correlation between the
given variables and the desired variable is zero. In the case of our study, this means that
linear regression assumes that the factors do not impact cumulative GPA at all. The p-value
represents the probability that, given that the null hypothesis is true, the observed results
occurred. In other words, the p-value tells us how likely it would be for our data set to occur
by chance with no correlation between variables. As we are aiming to determine whether
there is a correlation between our given variables and a student’s cumulative GPA, a p-value
of less than 0.05 will show us that our model is statistically significant, showing that it is
less than 5% likely that our data set occured by chance; our variables factor into the value
of cumulative GPA. The smaller the p-value, the more significant our results are.

R-Squared: The R-Squared value shows us what proportion of the total variability of our
desired variable is explained by our linear model. In other words, the R-Squared value tells
us how well our model explains the data in our data set. The higher the R-Squared value,
the higher the proportion of variability that our model predicts.

Adjusted R-Squared: Adjusted R-Squared is the same as R-Squared, however it accounts
for the number of variables used in the model. A more complex model will never be less ac-
curate than its subset, but a complex model is not necessarily better for analysis in the long
run. Data analysts prefer models that have a balance between high accuracy and simplicity,
thus R-Squared is discounted based on the number of variables to produce an Adjusted R-
Squared value.

Min-Max Accuracy: After creating a model to examine, we can then compare the values
that the model predicts to the observed data. To create our model we used 80% of the data
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to create a ‘training set’ and we used the remaining 20% to test the model. By comparing
the predicted cumulative GPAs with the actual cumulative GPAs provided by the remaining
20% of our data set, we can produce a Min-Max Accuracy for the model. This value is
found by comparing the actual and predicted values for each row of the data set and divid-
ing the minimum by the maximum. We then find the average of these values across each
row. Simply, the Min-Max Accuracy tells us how far off the prediction is from the actual
values overall. A higher Min-Max Accuracy value means a higher accuracy rate for the model.

MAPE: The Mean Absolute Percentage Error, like the Min-Max Accuracy, measures the
precision of the model based on predicted vs. actual values. In contrast to Min-Max Ac-
curacy, however, MAPE is a measure of the average absolute percentage error of each row
of the data set. By finding the difference between predicted and actual value, finding the
absolute value of that error as a percent, then finding the mean error across the whole data
set, we can find the MAPE. Because this value is a representation of error, a smaller MAPE
shows that the model is better than one with a higher MAPE and therefore higher error.
The closer to 0% the Mean Absolute Percentage Error is, the more accurate the model.

Rule-Based Models: PART, OneR, and ZeroR

Rule-based classifiers create rules based on a specified percentage of the data set. For exam-
ple, an 80% split uses 80% of the data to build a model and uses the remaining 20% to test
that model. These models are composed of a series of if-else statements that determine how
a data point will be categorized. For example, in our study, students will be classified into
one of the following cumulative GPA classes: low, mid, or high, as seen in Table 1, using
given factors. The rules developed by the classifier will determine which class the student
will fall into. A very simple example is this: IF a student has a 4th year GPA of greater
than 3.35, THEN the student’s cumulative GPA will belong in class ‘high’. If the student
does not have a 4th year GPA that is greater than 3.35, then the classifier will move on the
next rule it develops.

Class Cumulative
GPA Range

Low [0, 1.99]
Mid (1.99, 3.29]
High (3.29, 4.0]

Table 1: Cumulative GPA Ranges by Class

PART in particular as a rule-based classifier takes every variable and takes them all into
account when determining which rules produce the most accurate model. Because of this,
there can be many complicated PART rules which create a model with high accuracy that
may be more complicated.

OneR, short for ‘One Rule’, generates one rule for each predictive variable and then chooses
the rule with the least error as its overarching rule. This can create extremely simple yet

10



accurate models to use to classify instances into groups.

ZeroR, although technically a rule-based classifier, ignores all predictive variables and simply
creates a single rule that predicts an outcome based solely on the majority class. For example,
if 99% of our data set belonged in the ‘high’ class, ZeroR would predict that every new
instance would also belong in the ‘high’ class with 99% accuracy. However, since ZeroR
does not examine any correlation or statistical significance, this precision rate is not a good
indicator for whether or not ZeroR is a sensible model for this study. If there are more
instances of GPAs in the ‘high’ class than any other class, ZeroR will always classify new
instances as belonging in the ‘high’ group. Because of this, ZeroR is often far less accurate
than other classifiers and any accuracy is based solely on distribution of values, not on
predicting contributing factors.

Decision Tree Algorithms: J48, REPTree, and Random Forest

A decision tree is, as its name suggests, a tree-like model of decisions and their outcomes.
For example, if, in a simple hypothetical model with one decision, a student had a 4th year
GPA of less than or equal to 3.25, then they were likely to get a cumulative GPA in the
‘mid’ range (1.99 - 3.29]. The decision tree would have two branches, one for if a student got
a 4th year GPA of less than or equal to 3.25 that results in the student having a cumulative
GPA in the ‘mid’ range, and one where the student has a 4th year GPA of greater than
3.25 resulting in having a GPA in the ‘high’ range. The decision tree will also include the
rates at which each outcome will happen. Using decision trees, one study cited 94.40 percent
accuracy.

One type of decision tree algorithm, J48, also known as the C4.5 algorithm, chooses the
predictor variable that produces the greatest gain of information, uses that variable as the
node, then splits that variable onto the variable with the next greatest information gain as
the start of the branches. More in-depth and detailed information about J48 and decision
trees can be found in [3].

REPTree generates a decision tree, but then ‘prunes’ the tree by examining each subtree
and seeing if it can be replaced by a single node without significantly lowering the accuracy
of the tree. This model, despite its accuracy, can be seen as aggressive as it can possibly
take out nodes that are significant.

Random Forest, another type of decision tree classifier, is made up of a number of individual
decision trees that each output a predicted outcome. The outcome that has been produced
the greatest number of times by the individual trees is the final predicted output.

K-Nearest Neighbors

K-Nearest Neighbor is an algorithm which randomly generates a number of nodes, which
each instance is then compared to. Each instance is grouped with whichever node it is
‘closer’, or most similar, to. The most frequent class out of the grouped instances is then
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the label of that node, and any new instances will be classified as that class when grouped
with the node in question. More information about kNN can be found in [8].

Näıve Bayes

The Näıve Bayes classifier is the only probabilistic classifier used in this study. This classifier
assumes that factors are unrelated to one another, which is not accurate. SAT Total, one
of our variables, is very closely related to SAT Math and SAT Verbal. Näıve Bayes assumes
that there is zero correlation between these variables, which is a näıve assumption. It uses
Bayesian statistics to find the likelihood that an instance belongs in each class using condi-
tional probability and Bayes’ Rule. Bayes’ Rule, in Equation 1, whose derivative is outside
of the scope of this project, uses probability rules that produce the conditional probability
that event A occurs given that event B occurs. Näıve Bayes classifier uses Bayes Theorem to
predict the probability that an instance is in class yi given that predictive factors x1, x2, ..., xn

occurred. Yi replaces A in Bayes Rule and x1, x2, ..., xn replaces B, as seen in Equation 2.
The probability for each class is calculated, then the class with the highest likelihood is
assigned to that instance. The main drawback for using the Näıve Bayes classifier is its
assumption that x1, x2, ..., xn are all independent factors, which is not usually true in prac-
tice. The derivation of Bayes Rule and more information about Näıve Bayes and Bayesian
statistics can be found in [9].

P (A|B) =
P (A) · P (B|A)

P (B)
(1)

P (yi|x1, x2, ..., xn) =
P (x1, x2, ..., xn|yi) · P (yi)

P (x1, x2, ..., xn)
(2)

Results

Linear Regression

The data was split into a training model and test model using a randomly selected 80%
of the data to build the model and the remaining 20% to test the model. Using 80%, we
built a linear regression model, Figure 4, using R, which takes into account every variable
given and then develops a model using the subset of those variables that describes the data
with the highest accuracy. The coefficients in the ‘Estimate’ column in 5 are multiplied by
each variable in the model in Figure 4 to predict the students’ final GPAs. The variables
that are the most significant contributions to cumulative GPA are indicated by asterisks:
the more asterisks, the more significant. Coefficients such as 1st Year GPA, 4th Year GPA,
Returned Year 3, Returned Year 4, Graduated in 4, and Graduated in 8 are the most signif-
icant academic predictors in the model. Pre-admission and demographic features that most
significantly contribute to cumulative GPA are whether a student has an Unknown or White
race or ethnicity. Variables with a value of less than 0.05 in the p-value, or Pr(> |t|), column
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are not considered statistically significant.

Figure 4: Best linear regression using 80% of data set in R; remaining 20% of the data used
to test this model

Of the 7 majors included in the model, 4 are STEM majors and, of those STEM majors, 3
increase the cumulative GPA by some degree (the coefficients in Figure 5 associated with
these variables are positive).

For this linear regression model, the p-value is less than 2.2e− 16; the p-value is essentially
zero, so the results are statistically significant - at more than a 99% significance, the data
does not follow this model solely by chance. The R-Squared and Adjusted R-Squared values
are 0.9705 and 0.9701 respectively, meaning more than 97% of the variation in the data is
explained by the model. Adjusted R-Squared is not significantly lower than the R-Squared
value, meaning the model is not extremely complicated and is therefore desirable.

Figure 5: Linear regression coefficients and significance of model using 80% of data set
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(a) Original QQ-plot of residuals (b) QQ-plot of log of residuals

Figure 6: Original and transformed QQ-plots of residuals of best linear regression model

Using the remaining 20% of the data, we evaluated the precision of the model. The Min-
Max Accuracy is 0.9784, so the model is highly accurate at 97.84%. The MAPE, or Mean
Absolute Percentage Error, is 2.22%, meaning the average error for the model in each row
is 2.22%, which is very low. This means that any prediction has an error of about 2.22%.

Based on these factors, our model is highly accurate. We must, however, also examine at
the normality of the residuals of the model. It is not enough to say that, for example,
our MAPE is low and thus the model is accurate. Checking for normalcy in our residual
values tells us the validity of our model’s predictions. When running a linear model, the
residuals are assumed to be normally distributed, however, we must verify this assumption.
Unlike the MAPE, the absolute value is not taken to determine normalcy in residuals. To
be considered normal, residuals must form roughly a straight line. Figure 6a shows that our
residuals in their original form are not normal, since they do not lie on the line generated in
the plot, they have heavy tails. By transforming the residuals by, for example, taking their
log and plotting them, we can make them slightly more linear, however, the log-residuals
are still left-skewed enough to be considered not normal. However, normalcy is more or less
subjective, so determining whether residuals are definitively normal is difficult in most cases.

When residuals are not normally distributed, this means that linear regression may not be
the best model type for this data. Although our model is highly accurate using our 80/20
split of data, it becomes less accurate when predicting data that is extremely low; our model
is also not as good at determining when a student has an extremely high GPA, but there
are more students on the higher end of the spectrum than the lower end. On the low end,
there are not enough of this type of student in our data set to provide accurate predictions
of students in this extreme.

In Figure 1, we can see that the histogram of cumulative GPA is left-skewed and therefore
not normally distributed, and the QQ-plots in Figure 6 supports that abnormality. Because
we have far less information for students with GPAs in the ‘low’ range, our prediction model
will not work as well to output students with lower GPAs. The model is, however, still

14



extremely accurate, it is just less accurate in predicting GPAs in the ‘low’ range, which is
understandable due to the fact that students are not accepted to state universities such as
this one with a high school GPA lower than 2.0, which may eliminate many students who
are prone to low GPAs from the data set entirely.

Ruled-Based Classifiers

Rule-based classifiers such as PART, OneR, and ZeroR were used to predict which GPA cat-
egory (low [0 - 1.99], mid (1.99 - 3.29], and high (3.29 - 4.00]; Table 1) each student belongs
in based on predictive variables. PART, as explained above, makes use of every variable and
develops a rule list containing the series of rules that best describe the data. When running
PART on this data set, a series of 33 rules were developed to best predict GPA class. These
rules, after using 80% of the data to build the model and 20% to test it, correctly classified
93.11% of test instances. The confusion matrix for PART in Figure 7a shows how many
instances were correctly classified into each group. The values on the diagonal show the
correctly classified instances using the rules developed by the PART classifier. Any values
not on the diagonal show instances that were incorrectly classified and which groups they
were sorted into instead.

Another rule-based classifier, OneR, generates one rule for each variable and determines
which rule has the highest accuracy, then uses that as the predictor rule for the model. The
best rule determined by OneR is the following: If the 4th Year GPA is < 1.995, then class:
‘low’; if 4th Year GPA is < 3.275, then class: ‘mid’; if neither of those are true, 4th Year
GPA is ≥ 3.275, then class: ‘high’. Using this rule, OneR has 94.4% of its instances classified
correctly, which, although this model is far simpler than PART, has a higher accuracy rate
than the PART decision list of 33 rules. The confusion matrix in Figure 7b shows how many
instances are classified correctly into which classes.

(a) PART confusion matrix (b) OneR confusion matrix

(c) ZeroR confusion matrix

Figure 7: Confusion matrices for rule-based classifiers
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ZeroR generates a pseudo-rule that chooses the class with the majority of instances and
assigns every new instance to that class. ZeroR determined that the randomly split 80% of
the data set was composed mostly of GPAs in the ‘high’ class, so every instance in the test
data set was assigned to class ‘high’. This only had a 48.48% accuracy, since only 48.48% of
the test data set was actually in class ‘high’. This can be seen clearly in Figure 7c. ZeroR
only looks at the distribution of the data and doesn’t take into account any correlation or
statistical significance, which is not desirable for this study.

Decision Trees

Decision trees algorithms such as J48, REPTree, and Random Forest generate models of
a tree-like structure which contain ‘branches’ which each new instance would follow until
they are classified into a group. Each branch is made up of nodes which break off into more
branches until a conclusion is reached for each branch. Every possible situation must be
accounted for in each decision tree, so they can become complicated as they get bigger and
more nodes. Simplicity and accuracy must be balanced when deciding which decision tree
is the best for data modeling.

(a) J48 confusion matrix (b) REPTree confusion matrix

(c) Random Tree confusion matrix (d) Random Forest confusion matrix

Figure 8: Confusion matrices for decision tree algorithms

The J48 classification tool, also known as the C4.5 algorithm, produced an accuracy rate of
94.49%. Figure 9 shows us the decision tree that the J48 classifier produced, which is some-
what complicated, but not overwhelmingly so. Its confusion matrix in Figure 8a displays
the number of correctly and incorrectly classified instances for each class of cumulative GPA
using 20% of the original data set to test the classification model.

The REPTree classifier also produced an accuracy rate of 94.49%, the same as the J48 classi-
fier’s accuracy rate. As seen in Figure 10, however, the decision tree output is different from
that of J48. When two models have the same accuracy rate, one must choose the simpler
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model, since simpler is better for data modeling and analysis; why use a complicated model
when a simple one is equally as accurate? Because the simpler model is better, REPTree
is a more desirable model than J48 is in this case despite the fact that they have the same
accuracy rate.

Figure 9: J48 decision tree output

Random Tree, another decision tree algorithm, is one component of the Random Forest al-
gorithm. Random Forest uses many randomly generated decision trees, Random Trees, and
chooses the most-generated class as the prediction for new instances. The Random Tree
algorithm on its own has a lower accuracy than the Random Forest algorithm since Random
Tree is a subset of Random Forest. Random Tree on its own is not one of the better classi-
fiers, as seen in Figure 11, because it is far more complicated than any of the other decision
tree models, but only has a accuracy rate of 83.75%.

Random Forest, on the other hand, is made up of many Random Tree decision trees and
the most frequent outcome among many of them is deemed the final classification of the
instance. Because Random Forest is made up of a random number of randomly generated
decision trees, it cannot be easily visualized. Comparing the confusion matrices for Random
Tree and Random Forest, Figure 8c and Figure 8d, respectively, we can see that Random
Forest does a better job of accurately predicting the GPA class of test instances. Random
Forest has an accuracy rate of 93.66% compared to Random Tree’s 83.75%.
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Figure 10: REPTree decision tree output

Figure 11: Random Tree output
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K-Nearest Neighbors

When running the K-Nearest Neighbor algorithm, we must determine which k value maxi-
mizes the algorithms accuracy. By cycling through k values, we found that, when k = 10,
the algorithm produced its highest accuracy of 77.686%. This is the lowest accuracy rate
out of all of the data mining tools so far, and the confusion matrix can be seen in Figure
12. This clustering technique, in this case, was not as accurate as the other techniques used,
and thus is not the best model for predicting student success and its contributing factors.

Figure 12: Confusion Matrix of K-Nearest Neighbors, k = 10

Näıve Bayes

The Näıve Bayes classifier uses Bayesian statistics, specifically Bayes’ Rule, to determine
the probability that an instance falls into a certain class given that each factor has a certain
value. Referencing back to Equation 2 shows us how Näıve Bayes uses Bayes’ Rule (Equation
1) to determine which class each new instance falls into. Evaluating our model using our
20% test data set, the Näıve Bayes classifier produces an accuracy rate of 87.8788%. The
confusion matrix for Näıve Bayes can be found in Figure 13.

Figure 13: Näıve Bayes confusion matrix
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Accuracy of Rule-Based Classifiers
Classifier Name Accuracy Rate

(%)
PART 93.3884
OneR 94.4904
ZeroR 48.4848

Table 2: Rule-Based Classifier Accuracy Rates

Accuracy of Decision Tree Classifiers
Classifier Name Accuracy Rate

(%)
J48 94.4904
REPTree 94.4904
Random Tree 91.7355
Random Forest 95.0413

Table 3: Decision Tree Algorithm Accuracy Rates

Accuracy of Linear Regression
Classifier
Name

R-Squared
(%)

Adjusted
R-Squared
(%)

Min-Max
Accuracy
(%)

Linear Re-
gression

97.05 97.01 97.8439

Table 4: Linear Regression Accuracy Rates

Accuracy of Probabilistic Classifier
Classifier Name Accuracy

Rate(%)
Näıve Bayes 87.8788

Table 5: Näıve Bayes Accuracy Rate

Classifier Name Accuracy
Rate(%)

K-Nearest
Neighbors,
k = 10

77.686

Table 6: K-Nearest Neighbor Accuracy Rate, k = 10
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Discussion

These results answer our first research question:

Can we build accurate models to predict students’ cumulative GPA both numer-
ically and by category?

Our linear regression model predicted numerical values of cumulative GPA based on aca-
demic and demographic factors with an average absolute error of 2.22%. The ruled-based
classifiers, decision trees, probabilistic classifier, and K-Nearest Neighbors classifier predicted
the class of cumulative GPA into which a student will fall given a series of predictive factors.
These classes are seen in Table 1 and the accuracy of these models are clearly seen in Tables
2, 3, 4, 5, and 6. Linear regression has the highest accuracy rate overall at 97.84%, and
Random Forest had the second-best model with a 95.04% accuracy rate.

Our final, most accurate model, produced using linear regression, answers our second re-
search question, as follows:

What factors most accurately predict students’ final cumulative GPAs?

The most accurate linear regression model (Figure 4) exhibits the factors that most con-
tribute to student cumulative GPA. The final linear regression model, complete with coeffi-
cients, can be seen in Figure 14. We can see by this figure and the presence of asterisks in
Figure 5 that the most statistically significant predictive factors that contribute to cumula-
tive GPA are White, race and/or ethnicity Unknown, 1st year GPA, 4th year GPA, Returned
Y3, Returned Y4, Graduated in 4, and Graduated in 8. The remaining factors do contribute
to this prediction, however these factors do not have p-values that are significantly lower
than 0.05. Factors like Black, H.S. GPA, and English are also predictors with p-values in
the 95% significance range, however they are still less predictive than variables with lower p-
values. This model overall has the highest possible accuracy, however each individual factor
may not significantly contribute to the model.

Figure 14: Linear regression model with coefficients

English is one of two majors (English and Natural Sciences) in this model that decrease the
cumulative GPA if enrolled in this major. This can occur for multiple reasons. Either it
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is by the nature of the students who generally enroll in these majors, the difficulty of the
course material, or the stringency of grading throughout the major.

Four out of the seven majors that contribute to this model are STEM majors. As Tomkin
and West (2022) describe in their study, there are many STEM majors which choose that
academic pathway because of their talent and scholastic prowess. The nature of the students
in these majors could explain why, despite the rigor of STEM majors, having these majors
indicates an increase in cumulative GPA.

It is clear why H.S. GPA would contribute to a student’s cumulative GPA at the end of their
time in college. Students whose GPA in high school was very high may have a higher-than-
average GPA in college. However, students do not always stay constant in their academic
career, which explains why the correlation between H.S. GPA and cumulative GPA is not as
high as it is for other variables.

All race/ethnicity factors included in the model (Asian, Black, Unknown, White) except one
(Native American or Alaska Native) decrease the cumulative GPA model. One explanation
for why the Native American or Alaska Native variable predicts a higher GPA is that, be-
cause there are so few Native American students in our data – only 4 –, these students may
have had very high GPAs that were potentially influenced by other factors as well. Because
our model was built only using existing data, the only information available to construct this
model included these Native American students with high GPAs, thus our model assumed
there was a correlation between the Native American or Alaska Native race/ethnicity and a
higher GPA.

A student’s 4th year GPA increases the final cumulative GPA by the highest factor out of all
of the predictive variables. This and the significance of the 1st year GPA may be explained
by the fact that students in their 1st year are adjusting to their new environment and to
an academically demanding environment that they may not be used to. Because of this
and other potential reasons, 1st year GPA can bring down a student’s cumulative GPA. A
student’s 4th year GPA may have a higher weight in predicting cumulative GPA because, by
the end of their time in college they have a more consistent GPA which is a more accurate
representation of their skills and academic habits as a student.

This information can be extremely useful to administration, as well as to students and
faculty. Although current students enrolled in Worcester State University can not necessarily
get an accurate prediction of their own cumulative GPA, administrators can examine these
predictive variables and their underlying causes and find ways to combat factors that cause
lower GPAs and provide support to students who interact with these factors.

Conclusion

Using linear regression, PART, OneR, ZeroR, J48, REPTree, Random Tree, Random Forest,
K-Nearest Neighbors, and Näıve Bayes algortihms, we developed a highly accurate model
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used to predict cumulative GPA from students’ academic and demographic pre-admissions
and collegiate factors. We were able to determine that White, race/ethnicity Unknown, 1st
year GPA, 4th year GPA, Returned Y3, Returned Y4, Graduated in 4, and Graduated in
8 predictive variables contribute the most to approximating cumulative GPA at Worcester
State University. This information can be used to help faculty and administration provide
support in areas that lower GPA and continue working towards helping students in areas
that increase GPA. For example, by supporting the Retention Office and understanding why
students may leave the university early, more students may graduate from Worcester State
University within 6 or 8 years (graduate school or continuing education), increasing the
success of those students. This information can be used to provide support to students to
increase their GPAs, consequently raising the average GPA of the school and improving the
school in general.
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