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Abstract

Student performance evaluation is a major challenge for most educational institutions including
colleges and schools. To improve educational experiences and provide a better learning environ-
ment for students, it is important to find the factors primarily responsible for student academic
performance. Today’s educational institutions operate in a more complex environment with mul-
tiple modes of delivery, engagement, and assessments available. In this work, we performed a
two-fold analysis; first to measure the relevance of these factors when considering student grades
and second, to use Machine Learning models to predict student grades. The results were then
compared along two different evaluation metrics to establish a framework for student grade pre-
diction. Two publicly available datasets were used for this analysis: one from the college level
and the other from the school level. The college level data found a greater effect of student en-
gagement on overall performance, whereas the school level data suggested that features such as
study time and parents’ job were significant. Romantic relationships were found to affect grades
at school level. Two categories of Machine Learning models were used; Linear Models and En-
semble Learning Models. The latter were found to perform well for the grade prediction problem
when analyzing college level student grades. Linear models like Linear Regression and Support
Vector Regression (SVR) performed better for school level student grades. These results can be
used by educators to predict and analyze student performance both at college and school level.
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1 Introduction

With recent advancements in the dissemination
of educational content, more student-related in-
formation is available in the form of de-
mographics and engagement level. This data
can be useful in determining the effect of factors
such as student background, demographics, en-
gagement, and interaction levels on overall stu-
dent performance. This information is advanta-
geous both for students as well as for educa-
tional institutions. Students can use it to im-
prove their grades and educational institutions
can increase retention rates, build early inter-
vention programs, and provide a better quality
of education in general.

The ability to predict student scores before as-
sessments is another powerful tool for teachers
and educational institutions. Early intervention
steps can be instituted if teachers/educators
have a clear understanding of anticipated grades
and the features affecting those grades. There is
an increasing trend to use machine learning
(ML) and artificial intelligence (AI) models to
predict student performance. Albreiki et al. (1)
provided a comprehensive literature review of
the techniques in use. A stream of literature also
focuses on model performance when predicting
student grades (2). Xu et al. (3) suggested a
novel ML approach for predicting student
grades. Similarly, Almarabeh et al. (4), per-
formed a detailed analysis and comparison of
various classification techniques to predict stu-
dent performance. Therefore, an effective
framework to accurately predict student grades
appears to be an addressable ongoing challenge.
With the advent of more sophisticated predic-
tion models being used across various domains,
student grade prediction problems can utilize
those techniques to obtain more accurate results.

Journal of High School Science, 8(1), 2024

Technical note

We therefore used ML/AI techniques to solve
this problem. A background about ML/AI
frameworks can be found in Lauriere (5).

In this work we addressed the two most relevant
challenges in the field of student performance
prediction: feature importance and model selec-
tion, with a view to more accurately evaluate
and predict student performance. We performed
our analysis on two real-world datasets that cap-
tured student performance at college and school
level: 1) For edX courses at Harvard (6), 2) Sec-
ondary school data from Portugal (7).

1.1 Contributions
Our contributions are twofold:

1.1.1 Model Selection

Student grades were predicted using two differ-
ent sets of models: 1) Linear Models: Linear Re-
gression, Support Vector Machines and 2) Tree
based models: Decision Trees, Random Forest,
AdaBoost, Gradient Boost and XGBoost. The
results were evaluated using a k-fold cross vali-
dation technique. Since we were essentially
solving a regression problem, the evaluation
metrics used were mean squared error (MSE)
and mean absolute error (MAE).

1.1.2 Feature importance for student grade pre-
diction

Out of the two categories of Machine Learning
models implemented, we additionally analyzed
one from each category to find features that had
the most significant impact on student perfor-
mance. The rationale for analyzing more than
one model was to check for any common fea-
tures that significantly impact the prediction re-
sults in more than one instance. In general, we
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were interested in determining whether student
engagement related features were more domi-
nant in impacting student grades, or if student
attributes like gender, age etc., had a greater af-
fect.

1.2 Literature Review

Navang et al. (8) performed a comprehensive
review of research papers addressing student
performance prediction using ML techniques.
They also emphasized studies that explored fea-
ture importance affecting student results. The
most common models used for student perfor-
mance prediction were Random Forest (RF),
Decision Tree (DT), Naive Bayes (NB), Sup-
port Vector Machine (SVM), Artificial Neural
Network (ANN), Logistic Regression (LR), and
K-Nearest Neighbor (KNN). Kovacic (9) meas-
ured the relevance of demographics on student
performance. A decision tree-based classifier
(CART) was used to predict student grades and
achieved 60% accuracy. A decision tree-based
approach was also used by Quadri et al. (10).
Kotsiantis et al. (11) used an updated version of
Naive Bayes classifier to measure student per-
formance. Lakkaraju et al.(12) suggested a scor-
ing framework with several evaluation metrics
to identify students at risk. Their study was con-
ducted across two school districts. Navang et al.
(13) used a classification model to find feature
relevance for college students. A similar data
mining approach to predict college student
grades was used by Gil et al. (14). Many other
studies in the literature used ML/AI to find fea-
tures affecting student performance (2, 15, 16).
Czibula et al. (17) applied a novel relational as-
sociation rule mining classification model to
predict academic performance. Tran et al. pro-
posed a multiple model strategy to measure per-
formance (18). The objective of our research
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falls in line with most of the existing research
because we utilized multiple ML models to de-
termine student performance. However, we ad-
ditionally explored features that impact student
performance the most. Our contribution is to
compare the results across two datasets from
different institution types: college versus high
school. We further discuss the implications of
using ML/AI techniques for student perfor-
mance tasks and compare the results for the two
datasets.

2 Materials and Methods

2.1 Problem Formulation

In this research our objective was to predict stu-
dent grades and determine which features af-
fected student grades the most. This could be
treated as a simple regression problem because
the datasets had grades recorded as a nu-
meric/continuous values.

2.1.1 Performance prediction

Student performance can be impacted by vari-
ous features. The final grade received by a stu-
dent is the most objective way of measuring per-
formance. We used the final grade as the target
(value to be predicted) variable in all our mod-
els.

2.1.2 Feature Importance

In machine learning literature, feature im-
portance is a technique used to determine the
relative importance of each feature/factor/varia-
ble in a dataset when building a predictive
model. In this research we were interested in de-
termining the features that impacted student
performance in general. We further divided fea-
tures into two major categories: 1) Student At-
tributes represent features that are specific to a
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particular student, such as their demographics,
age, family details, and their academic history
2) Student Engagement represent features that
determine behavioral aspects like how much the
student overall engaged with the material, i.e.
material used, and hours interacted. For both da-
tasets we determined which set was more dom-
inant.

2.2 Dataset Description and Data Preprocessing
We used two different publicly available da-
tasets for our research (6) and (7). The choice of
our datasets was motivated by the fact that dif-
ferent studies in existing literature used datasets
from different educational levels. For example,
some used high school level grades only while
others focused on college level performance.
Our objective was to explore the effective usage
of ML models as well as to determine feature
importance across all educational levels. We se-
lected our first dataset from Harvard college
level courses and our second school level da-
taset from Portugal. We hypothesized that these
contrasting datasets could uncover the similari-
ties and differences between the two different
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student populations. Additionally, the second
dataset was populated with grades from two dif-
ferent subjects; Mathematics and Portuguese
language. This represented an opportunity to ex-
plore the contrast between the features that af-
fected the grades for two different subjects.

2.3 Exploratory Data Analysis (EDA) and Data
Preprocessing

For both the datasets, an extensive EDA was
performed to look for missing data, duplicate
values, and other anomalies. The dataset (6) is
collected from Harvard’s five different online
courses and has 338223 observations and 20
columns. There were no duplicate values found.
Missing data is an important issue and we found
11 out of 20 features had missing values. The
target variable (grade) in this problem is a con-
tinuous value which is already scaled between 0
and 1. Around 25890 grades were missing from
the original dataset. Because this is the target
variable, we dropped these observations. Figure
1 shows the count of observations for each of
the five courses.

HarvardX/CB22x/2013_Spring

HarvardX/PH278x/2013_Spring

HarvardX/PH207x/2012_Fall

HarvardX/ER22x/2013_Spring

HarvardX/CS50x/2012

L T T T T T T T T
o 20000 40000 60000 80000 100000 120000 140000 160000

Figure 1. The number of observations (X axis) for five courses (with semester and year), on the Y axis.

For each of the five courses, the average grade
value was calculated and shown in Figure 2.
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HarvardX/PH278x/2013_Spring

HarvardX/PH207x/2012_Fall

HarvardX/ER22x/2013_Spring

course_id

HarvardX/CS50x/2012

HarvardX/CB22x/2013_Spring

0.00 0.01 0.02 0.03

Figure 2. The average grade (X axis) for each course group.

The datasets in (7) were populated with student
records from two different secondary Portu-
guese schools for two subjects: Mathematics
and Portuguese language. The mathematics da-
taset contained 395 observations and 33 col-
umns. The Portuguese language dataset con-
tained 649 observations and 33 columns. There
were no duplicate observations. For both da-
tasets, a similar set of EDA and preprocessing
steps were performed. For both (6) and (7) any
columns with more than 60% missing data were
removed because such features carry little to no
information and were not useful for the model.
Columns with less than 60% missing data were
populated with the mean of the rest of the val-
ues. For any categorical columns the missing
data was populated with the mode. These are
common imputation methods used in statistical
analysis.

2.4 Feature Engineering (FE)

For the Harvard dataset (6), there were various
time related features such as the date a student
started the course, and their year of birth. These
were used to calculate a new feature called Age.
Similarly, the duration of a student’s time spent
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attending the course was calculated using start
time and end time variables in the dataset. After
we added these new features of Age and Dura-
tion to the dataset, the original four features
were dropped to avoid redundancy. Next, we
analyzed categorical features. These were con-
verted to a numerical format because ML algo-
rithms could only use numbers as inputs. Three
categorical variables found: 'fi-
nal cc cname DI' — user provided identifica-
tion based on the region they belonged to,
'LoE_DI' — highest level of education com-
pleted, and 'gender' — gender information pro-
vided by the student. We used Label Encoding
from the sklearn package to encode these varia-
bles. Next, we plotted the correlation heatmap
to determine any features that had little to no
correlation with the target variable. Three of the
features with low correlation were dropped.
Correlation can detect bivariate relationships
between both dependent and independent varia-
bles, but sometimes a variance inflation factor

wEere

(VIF) is preferred as it can show the correlation
of a variable with a group of other variables.
Therefore, VIF was calculated for the dataset to
further establish any multicollinearity among
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the features. VIF is a measure of the strength of
any linear relationship between two variables. A
value of 1-5 is generally associated with low
correlation, values of 5-10 are associated with
moderate correlation and values > 10 imply that
the variables are highly correlated. Multicollin-
earity can produce estimates of the regression
coefficients that are not statistically significant.
In this dataset only one variable (registered) was
found to have a high VIF of > 20. This was
dropped from the dataset. The numeric columns
were scaled using a min max scaler from the
sklearn package. Min-max scaling transforms
features within the range of 0-1. Min-max scal-
ing reduces the effect of outliers on the data val-
ues.

The datasets (7) (both for Mathematics and Por-
tuguese Language) were populated with grades
from three different quarters for each student.
We calculated the average of these grades and
used this calculated value as the target variable.
Many other studies use two of the mid-year
grades as input features to the models. We con-
sidered all grades as target values to be able to
create a framework for prediction regardless of
the (non)availability of grades for any particular
quarter or semester. Both datasets contained nu-
merical and categorical features. We used one
hot encoding technique to create dummy fea-
tures for categorical ones. Next, the numerical
data was scaled using a min-max scaler. This
scaling technique is useful because it removes
any biases that might propagate into the model
due to outliers. Before fitting the data to the
models, we calculated correlations of varia-
bles/features with the target variable and
dropped the features that showed correlation
values < 0.01. Additionally, we calculated the
VIF for both the datasets. Both datasets pre-
sented with high VIF for six features: mother’s
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education, father’s education, quality of family
relationships, school principal, extra education
support at school and whether the student was
interested in pursuing higher education. We
dropped these 6 features from further analysis
because the same information was available in
other family and school related variables/fea-
tures. The table in Appendix shows the VIF val-
ues for the features after removing variables
with high VIF values.

2.5 Modeling

In this section we briefly describe the two cate-
gories of models used for student grade predic-
tion. In-depth details of these models can be
found in (19). One model from each category
was further analyzed for feature importance. We
also describe the packages used to implement
these models in Python. To maintain con-
sistency the same hyperparameters (default)
were used for all 3 datasets.

2.5.1 Linear Models

We used two linear models, Linear Regression
and Support Vector Regression. Linear regres-
sion is a machine learning technique used for
modeling the relationship between a dependent
variable and one or more independent variables
by fitting a linear equation to the observed data.
Linear regression assumes a linear relationship,
and it may not capture complex, non-linear pat-
terns in the data. It is also sensitive to outliers
and can be affected by multicollinearity (high
correlation between independent variables). In
our analysis, we capture the learned co-efficient
of the model to determine feature relevance and
fit each of the datasets to predict the target vari-
able (grades). For implementation of linear re-
gression, we used the module linear model
from the sklearn package in Python. The class is
called LinearRegression. The input parameters
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for this class are fit intercept that was set to
True, copy X set to True, n_jobs and positive
set to False. We used the default version of this
class (for all the three datasets).

Support Vector Regression (SVR) is a machine
learning technique used for regression tasks. It
is a variation of Support Vector Machines
(SVM), which are commonly used for classifi-
cation problems. While SVM is used for classi-
fication by finding a hyperplane that maximizes
the margin between classes, SVR is used for re-
gression by finding a hyperplane that best fits
the data while minimizing prediction errors. To
implement SVR for all 3 datasets we used the
class LinearSVR from sklearn.svm in python.
This class has more flexibility in the choice of
loss functions and scales as compared to its
counterpart SVR (also found in the same li-
brary). This class also supports dense and sparse
inputs. The input parameters were set to their
default values for all implementations i.e. epsi-
lon=0.0, tol=0.0001, C=1.0, loss='epsilon_in-
sensitive', fit_intercept=True, intercept scal-
ing=1.0, verbose=0,
dom_state=None, max_iter=1000.

dual='warn', ran-

2.5.2 Tree Based/ Ensemble Models

We used a variety of Tree based/Ensemble mod-
els including Decision Tree, XGBoost, Random
Forest, AdaBoost and Gradient Boosting Ma-
chines. A decision tree is a machine learning al-
gorithm used for both classification and regres-
sion tasks. It is a tree-like structure where an in-
ternal node represents a feature or attribute, the
branches represent decisions or rules, and the
leaves represent outcomes or class labels or nu-
merical values. However, they are also prone to
overfitting, especially when the trees are al-
lowed to grow deep, and they may not always
capture complex relationships in the data, but
these are the building blocks of most ensemble
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techniques. For implementation of this model
we used the class DecisionTreeRegressor from
sklearn.tree. This class provides a lot of flexibil-
ity in terms of input parameters. For example,
the criterion parameter uses different types of
loss functions. We used the default ‘squared_er-
ror’ for all 3 datasets. The splitter variable was
set to the best value. The setting for all input pa-

rameters: sklearn.tree.DecisionTreeRegres-
sor(data,  criterion='squared error',  split-
ter="best', max_depth=None, min_sam-

ples_split=2, min_samples_leaf=1,
min_weight fraction leaf=0.0, max_fea-

tures=None, random_state=None,
max_leaf nodes=None, min_impurity de-
crease=0.0, ccp_alpha=0.0, mono-

tonic_cst=None)

"Extreme Gradient Boosting," or XGBoost, is
an ensemble learning method, specifically a gra-
dient boosting algorithm, which means it builds
an ensemble of decision trees to make predic-
tions. It has set the standard for gradient boost-
ing algorithms and is often a top choice when
dealing with structured data (20). We used the
model for grades prediction and analyzed the
weights/coefficients learned by the predictive
model to determine feature relevance. XGBoost
is a powerful library with three sets of parame-
ters: general, booster and learning task parame-
ters. We installed and used the Python package
for XGBoost. A detailed list of XGBoost pa-
rameters can be found under the official docu-
mentation (22). We did not change any of the
default parameter settings for each dataset.

Random Forest is an ensemble method that
combines the predictions of multiple decision
trees to make more accurate and stable predic-
tions. It leverages the wisdom of crowds, where
the collective decision of many trees is often
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better than that of a single tree (21). We fit this
to both the datasets and analyzed the coeffi-
cients that have a greater impact on grade pre-
diction. The implementation was done using
sklearn as shown: sklearn.ensemble.Random-
ForestRegressor(n_estimators=100, * crite-
rion='squared_error’, max_depth=None,
min_samples_split=2,  min_samples leaf=1,
min_weight fraction leaf=0.0, max_fea-
tures=1.0, max leaf nodes=None, min_impu-
rity decrease=0.0, bootstrap=True,
oob_score=False, n_jobs=None,
dom_state=None, verbose=0,
warm_start=False, ccp alpha=0.0, max sam-
ples=None, monotonic_cst=None)

ran-

AdaBoost is primarily known as a classification
algorithm, but it can be adapted for regression
tasks by modifying the original algorithm. This
variation is called AdaBoost for Regression. It
is designed to fit regression models instead of
classifiers and works by combining a set of
weak regression models into a strong regression
model. For each of our datasets we used the fol-
lowing configuration of this package in python
(imported from sklearn.ensemble): sklearn.en-
semble.AdaBoostRegressor(estimator=None,

*, n_estimators=50, learning_rate=1.0,
loss="linear', random_state=None)

Gradient Boosting Machines is a machine learn-
ing technique for both regression and classifica-
tion tasks that builds a powerful predictive
model by combining the predictions of multiple
"weak" models, typically decision trees. It is an
ensemble learning method, which means it
forms an ensemble of models to create a
stronger and more accurate predictor. The im-
plemented class belongs to the sklearn.ensem-
ble family of models and we used the following
configuration for our implementation of this
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model: sklearn.ensemble.GradientBoost-

ingRegressor(*, loss='squared error', learn-
ing rate=0.1, n_estimators=100,
ple=1.0, criterion="friedman mse', min_sam-
ples_split=2, min_samples_leaf=1,
min_weight fraction leaf=0.0, max_depth=3,
min_impurity decrease=0.0, init=None, ran-
dom_state=None, max features=None, al-
pha=0.9, verbose=0, max_ leaf nodes=None,
warm_start=False, validation_fraction=0.1,
n_iter no_change=None, tol=0.0001, ccp al-
pha=0.0)

subsam-

2.6 Training and Testing

Training is an important aspect of machine
learning models. We were working with two
different datasets with a different number of fea-
tures and different number of observations. The
datasets in (7) did not have many observations
and were therefore prone to overfitting. The col-
lege data in (6) was large and could potentially
require a longer training time. Taking both the
challenges into account, we built a uniform
training strategy across both datasets. We used
k-fold cross validation technique to train and
evaluate the models. Under this technique the
data is split into k-subsets called folds. The
model is trained and evaluated k-times using a
different subset/fold as the test (or validation)
set each time. Performance metrics are averaged
across all folds to estimate the model’s general-
ization performance to unseen data. This is a
more robust technique for model evaluation
than a simple train test split strategy. The choice
of k (number of folds) in k-fold cross-validation
depends on the dataset size, desired bias-vari-
ance trade-off, and computation times.

For the HarvardX data (6) we selected k as 20
because of the large number of observations
(309,638). For the (7) dataset we selected k as 5
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(both for Math and Portuguese data) because the
number of observations was less than 650. The
training dataset was used to fit the model and the
test (also called validation) dataset was used to
predict and compare results. The target variable
(variable to be predicted) was the grade of stu-
dents. For the Harvard dataset (6) the grade
value was already provided as a continuous
value between 0-1. For the (7) datasets, we cal-
culated the target variable by taking the average
of three different grades provided for each stu-
dent as discussed previously.

2.7 Model Evaluation

We were solving a regression problem of deter-
mining student grades. Prediction results for
such regression-based problem can be evaluated
using different evaluation metrics, the Mean
Squared Error and the Mean Absolute Error.
The Mean Squared Error is the average of the
squared difference between predicted and actual
values. This error penalizes outliers dispropor-
tionately because the differences are squared.
The Mean Absolute Error is the average abso-
lute difference between predicted and actual
values.

3 Results and Discussion
Our results reveal Linear models perform better
for school level data (both Math and Language
grades (7)) and Ensemble models work better
with college level data (6).

3.1 Feature Importance Analysis

The feature importance analysis was conducted
as part of the model building process. In addi-
tion to grade prediction, we analyzed significant
features that contributed to these results. The
exact results of our findings can be found on the
link provided under the materials section below.
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Here we specify some of the top variables/fea-
tures that were found most relevant by the mod-
els used and the category to which they belong,
i.e., Student Attributes or Student Engagement.
A detailed description of each feature can be
found on the respective data source websites.
Additionally, we picked one model from each of
the two categories of models used for student
grade prediction. The first choice was Linear
Regression for both datasets because this is the
most widely used model for regression problem.
The second choice is XGBoost for college level
data (6) because this is a larger dataset and
XGBoost works better for large datasets and
Random Forest for school level data (7) because
these are smaller datasets and Random Forest
models fits smaller datasets better. Figure 3 -5
depict all the results in terms of the model coef-
ficients (on the y -axis) and features (x-axis).

For college level student performance (6), Lin-
ear Regression shows a higher impact of Stu-
dent Attributes like gender, level of education
etc., on the overall grades. XGBoost reveals a
higher effect of the variables that fall under our
student engagement category. In summary, for
college level grades there is an impact of fea-
tures from student attributes and their engage-
ment uniformly. The results for both the models
are plotted in Figure 3 below. The categorical
variables were encoded and each of the encoded
values can be seen on the x-axis.
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Linear Regression - Feature importances obtained from coefficients

lell

1.75

1.50 A

1.25 +

1.00

0.75

0.50

0.25

0.00 -

LoE_DI_labels_1.0

LoE DI labels_0.75

r_labels 0
1 labels 1
r labels 2
nevents -
certified
ndays_act -
nchapters

gended
gendel
gende!

LoE DI labels 0.25

LoE DI labels 0.0
LoE DI labels 0.5

explored 4
viewed
e |

nforum_posts -

Figure 3a. Feature Importance plotted for HarvardX data for Linear Regression.

Linear Regression - Feature importances obtained from coefficients
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Figure 3b. Feature Importance plotted for HarvardX data for XGBoost.

For secondary school-level math performance,
both models produce results that have both Stu-
dent Attributes and Student Engagement related
features. One point that stands out is that all re-
sults reveal the relevance of study time (number
of hours spent) as a high impact feature for math
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grades. Linear regression shows that Father’s
job as a teacher and mother’s job in healthcare
are also relevant. Analyzing coefficients of the
Random Forest model reveals that romantic re-
lationship as a feature impacts math grade. Re-
sults are shown in Figure 4.
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Random Forest - Feature importances obtained from coefficients
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XGBoost - Feature importances obtained from coefficients
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Figure 4b. Feature Importance plotted for Secondary school math data for Random Forest Regressor.

Study time was found relevant for Portuguese
(language) grades as well by the two models.
School type, mother’s job in health and father’s
job as a teacher are other prominent factors. Fe-
male gender is found to be relevant by the linear
regression model for language grades. Male
gender appears to be one of the top 5 significant
features found by the Random Forest regressor
for math grades. This may be linked to the gen-
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eral bias that exists where female students per-
form better at language-related subjects versus
male students for math or science. Some of the
other impactful features include extra support
provided by the school, family educational sup-
port, which school the student attended, and
family support. At school level family related
attributes have a greater impact on student
grades. This is summarized in Figure 5 below.
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Linear Regression - Feature importances obtained from coefficients
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Figure 5a. Feature Importance plotted for Secondary school Portuguese data for Linear Regression.
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Figure 5b. Feature Importance plotted for Secondary school Portuguese data for Random Forest Regressor.

Student Engagement attributes have a higher Another factor that impacts language grades
impact for students at college level. This is an found by Random Forest model is romantic re-
important result because family attributes seem lationships. These results are summarized in Ta-
to have a lower impact on student performance ble 1.

at college level when compared to school level.
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Table 1. Best performing models with features that affected those models most.

Random Forest (ensemble model)

Dataset Model Results
Linear Regression Student Attributes (gender, level of education)
(6) HarvardX Student Engagement (certified, explored, number of
XGBoost (ensemble model) events, number of chapters)
Linear Regression Student Attributes and Engagement (study time, father’s
& job as teacher, mother’s job in health)
(7) Math

Student Attributes and Engagement (study time,
romantic relationship, activities, gender as male, family
support)

Linear Regression

Student Attributes and Engagement (study time, school,
mother’s job in health)

(7) Portuguese

Random Forest (ensemble model)

Student Attributes and Engagement (school, study time,
family support, romantic relationships)

3.2 Performance prediction analysis
In this section we describe the results of our
grade prediction analysis.

For dataset (6), across both evaluation metrics,
the XGBoost algorithm was the top performer

Table 2. Results for dataset 6.

with a MSE of 0.000887 and MAE of 0.005679
as shown in Table 2. XGBoost is an optimized
version of ensemble learning and is known to
perform well on large datasets.

Model

Results (MSE, MAE)

Linear Regression

0.001651, 0.010721

Support Vector Regression

0.001878, 0.007765

Decision Tree

0.001782, 0.007391

XGBoost 0.000887, 0.005679
Random Forest 0.000918, 0.005757
AdaBoost 0.001770, 0.011912
Gradient Boost 0.000916, 0.006000

For dataset (7) mathematics scores, the Linear
Regression model resulted in the lowest error
across both metrics when predicting school stu-
dent math grades as shown in Table 3. SVR,

Journal of High School Science, 8(1), 2024

Random Forests and Gradient Boost models
also showed comparable performance. Random
Forest is better suited to datasets with more
noise.
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Table 3. Results for dataset (7) Mathematics scores.

Model

Results (MSE, MAE)

Linear Regression

13.058390, 2.931116

Support Vector Regression

13.413584, 2.974642

Decision Tree

26.328871, 4.186075

XGBoost 18.914289, 3.446513
Random Forest 13.652215, 2.966616
AdaBoost 13.928979, 2.991857
Gradient Boost 13.374467, 2.946342

For dataset (7) Portuguese scores, the Support
vector regression (SVR) yielded the best results
for language grade prediction as shown in Table
4. This is a smaller dataset with linear relation-

ships. SVR is known to handle overfitting prob-
lems in smaller datasets better which could po-
tentially be the reason for its better perfor-
mance.

Table 4. Results for dataset (7) Portuguese scores.

Model

Results (MSE, MAE)

Linear Regression

6.829265, 2.020196

Support Vector Regression

6.790504, 2.014802

Decision Tree

13.932073, 2.853832

XGBoost 10.172614,2.501624
Random Forest 7.703926, 2.135062
AdaBoost 7.420530, 2.104285
Gradient Boost 7.308372, 2.058145

4 Conclusion, Limitations, Future Research

The regression problem of predicting student
grades was solved for two different student
groups: college and secondary school students.
Within the group of secondary school students,
we predicted grades for math and language.
Two sets of Machine Learning Models were
used for this analysis: Linear Models (Linear
Regression, Support Vector Regression) and
Tree based Ensemble Models (Decision Tree,
Random Forest, XGBoost, AdaBoost, Gradient
Boost). Additionally, feature relevance for this
problem was also explored. For college grades,
the XGBoost algorithm resulted in the lowest
MSE and MAE (0.000887, 0.005679), for
school math grades, Linear Regression resulted
the lowest error rate i.e., MSE and MAE
(13.058390, 2.931116). Language grades were

Journal of High School Science, 8(1), 2024

best predicted by Support Vector Regressor,
with a 6.790504 MSE and a 2.014802 MAE.
From this analysis we concluded that Linear
models in general are better suited for school
grade prediction. On the other hand, for college
level data, the Tree based Ensemble models
were better suited. These results could be ex-
plained by the fact that college level datasets
were larger, and more information was available
with the advent of online learning. School class
sizes are usually small with less information
available. Hence, Linear Models perform better
for this group. The features that affected the
school level grades the most were found to be
the student’s study time and the parents’ job
type. Gender affected language and math
grades. School level grades were also affected
by romantic relationships. For college level
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grades, student engagement related features had
the most impact. This is important information
for college level educational institutions when
designing their courses, because regardless of
the student’s background, better engagement
may lead to improved performance.

We were able to uncover some of the important
similarities and distinctions between student
performance from two different student popula-
tions. We applied some of the most popular ma-
chine learning techniques/models to perform
student grade prediction and feature im-
portance. Hyperparameter tuning of these mod-
els may sometimes lead to better insights. We
did not perform an in-depth parameter search
and hyperparameter tuning for the models, ra-
ther the best default model was used for analy-
sis. This was because the objective of this study
was to devise a fundamental framework for ed-
ucators to be able to predict student grades at all
education levels by comparing two major cate-
gories of Machine Learning models. In future
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work, we will measure the effect of hyperpa-
rameter tuning. With the advent of deep learn-
ing, large datasets are better represented by neu-
ral networks given their ability to capture non-
linearities in data. Deep learning models were
not explored in this research because the school
level datasets were not large enough for these
data hungry models. As larger datasets are made
available, deep learning models can be used to
get more granular insights into features and pre-
diction tasks. Finally, we need more compre-
hensive student and course related data to per-
form a more in-depth analysis of student perfor-
mance evaluation. For example, relationship re-
lated information was not available for college
data although romantic relationships were found
to have an effect in the other two datasets. Sev-
eral other obviously and self-evident important
factors like instructor effectiveness, peer influ-
ence and school rigor, among others, were not
explored in this research as these were not cap-
tured by any of the three datasets used. Lastly,
data collection at different grades in both
schools and colleges may represent another area
for future research.
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Appendix

Table — HarvardX Data

Variables VIF
viewed 1.155765
explored 2.626144
certified 1.830941
nevents 1.92416
ndays_act 2.433233
nchapters 3.363034
nforum_posts 1.034541
Age 1.046277
Duration 1.148798
final cc_cname DI labels 1.123574
LoE DI labels 1.003009
gender labels 1.036964
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Table — Math and Portuguese Data

Variables Vl\l/ﬂf}? r Variables P(Yrg gffer se
studytime 2.80481 studytime 2.618255
sex M 2.20134 school GP 3.752235
address U 4.492624 sex F 2.613552
famsize LE3 1.514097 address U 3.832599
Pstatus_ A 1.192325 famsize LE3 1.457318
Mjob_health 1.313987 Mjob_health 1.266234
Mjob_services 1.636123 Mjob_services 1.485736
Mjob_teacher 1.604221 Mjob_teacher 1.437371
Fjob_health 1.166196 Fjob_health 1.142836
Fjob_teacher 1.199716 Fjob_teacher 1.176902
reason_other 1.196644 reason_home 1.515838
reason_reputation 1.537563 reason_reputation 1.57527
guardian_father 1.386364 guardian_father 1.351831
famsup_no 1.780959 famsup_yes 2.679765
paid_yes 2.169123 activities_yes 2.001419
activities_yes 2.121672 nursery_yes 4.475701
nursery_yes 4.428559 higher yes 7.966936
internet_yes 5.746401 internet_yes 4.516066
romantic_no 2.706951 romantic_no 2.686594
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