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improvement. To address this challenge, it is crucial to conduct a thorough examina-
tion of the factors influencing academic performance, prioritizing their identification,
exploring interactions, and examining their relative impact. Through this research,
educational stakeholders can gain insights to develop evidence-based strategies

that foster equitable learning outcomes and pave the way for academic success

for all students. In this research, linear regression is chosen as the primary model due
to its ability to model relationships between variables, making it suitable for assess-
ing the impact of multiple factors on academic performance. Simulation results show
that the proposed model achieved 98% accuracy in predicting the factors that are
affecting students’academic performance. The findings derived from the linear regres-
sion analysis offer statistical insights into the key factors influencing students'academic
performance. It also incorporates visual aids to enhance the clarity and interpretability
of the results. This research interprets the implications of these key factors and dis-
cusses their broader significance in the context of students academic performance.
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Introduction

The academic performance of students is a central concern in the field of education, with
profound implications for their future success and societal well-being. Over the years,
numerous studies have explored the factors that influence students’ academic achieve-
ment, recognizing that it is a complex outcome shaped by a multitude of variables.
Understanding these key determinants is essential for educators, policymakers, and
institutions to develop effective strategies that can enhance learning outcomes, address
disparities, and support students in reaching their full potential.
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This journal topic examines the various factors that play a pivotal role in shaping stu-
dents’ academic performance. These factors encompass a wide spectrum, ranging from
individual characteristics and behaviors to socioeconomic conditions, familial influ-
ences, educational settings, and broader societal contexts. By scrutinizing these ele-
ments, we aim to gain a comprehensive understanding of their intricate interactions and
relative significance in determining academic success.

This collection of research articles and studies seeks to shed light on the multifac-
eted nature of academic achievement. It offers a platform for scholars, educators, and
researchers to present their findings, share insights, and contribute to the ongoing dis-
course on the subject. By fostering a deeper understanding of the key factors influencing
students’ academic performance, this journal topic ultimately aspires to inform evi-
dence-based practices and policies that can optimize educational outcomes for students
across diverse backgrounds and contexts.

Academic performance among students is a critical metric for assessing the effective-
ness of educational systems worldwide. However, the substantial variation in academic
outcomes among students has raised a fundamental question: What are the key factors
that significantly influence students’ academic performance? This question represents a
pressing problem within the realm of education as it highlights the need to understand,
identify, and address the underlying determinants of academic success.

Despite extensive research in this area, a comprehensive and conclusive understanding
of the key factors influencing students’ academic performance remains elusive. The per-
sistence of academic disparities among students from diverse backgrounds and educa-
tional settings underscores the complexity of the issue. Moreover, traditional methods of
assessment, such as standardized testing and teacher evaluations, often provide limited
insights and may not capture the full range of factors at play.

The lack of a clear and unified framework for understanding the multifaceted nature
of academic achievement hinders the development of effective interventions and poli-
cies aimed at improving student outcomes. Educators, policymakers, and institutions
face the challenge of navigating this intricate landscape without a well-defined roadmap,
making it difficult to implement targeted strategies that address the unique needs of
individual students.

To bridge this gap, it is imperative to conduct a comprehensive examination of the key
factors influencing students’ academic performance. This research seeks to identify and
prioritize these factors, explore their interactions, and determine their relative impact.
By doing so, we can equip educational stakeholders with the knowledge and insights
needed to develop evidence-based strategies that can enhance learning outcomes,
reduce disparities, and ultimately pave the way for academic success for all students.

Related works

Academic performance is a multifaceted aspect of a student’s educational journey, influ-
enced by various factors that come into play during their time in school. Among these
factors, study hours, previous scores, past questions studies, and extracurricular activi-
ties stand out as crucial determinants of success in academia. In this study, we will look
into the significance of each of these elements and how they collectively contribute to
shaping a student’s academic trajectory.
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Study hours

The amount of time a student dedicates to studying plays a pivotal role in their academic
performance. Effective time management and consistent study routines can significantly
impact a student’s ability to grasp and retain knowledge. Balancing study hours with
other commitments is essential, as excessive or insufficient study time can have adverse
effects.

A study published in 2019 by Traub et al. [1] delved into the connection between study
hours and academic performance among college students. Their findings revealed a pos-
itive correlation, as students who invested more time in focused and structured studying
tended to achieve higher GPA scores. Importantly, this relationship persisted even after
adjusting for variables like prior academic performance and socioeconomic status. The
study underscored the significance of study habits in shaping academic success.

In their study, Squires and Coates analyzed the relationship between study time and
exam performance, taking into account the effects of age, gender, program of study, and
ability level. They found that, even after controlling for these variables, students who
spent more time studying tended to have higher exam scores. This finding suggests that
study time is a significant factor in academic success, above and beyond the effects of
demographic and ability-related differences. In other words, study time can be a key pre-
dictor of success, regardless of other individual characteristics [2].

Also, previous studies highlight the impact of study hours on academic performance.
According to research, "increased study hours are positively correlated with higher aca-
demic performance indices, suggesting that dedicated study time significantly enhances
students’ learning outcomes” These studies examined the relationship between study
hours and academic performance. Here are some key findings from the studies:

1 Positive Correlation There is a strong positive correlation between the number of
hours students dedicated to studying and their academic performance indices. This
means that, generally, students who spent more time studying tended to achieve
higher grades [3].

2 Optimal Study Hours While more study hours were beneficial, study also identified
an optimal range. Students who studied between 15 and 20 hours per week showed
the most significant improvement in their performance. Beyond this range, the ben-
efits plateaued, and excessive study hours could lead to burnout and decreased per-
formance [4].

3 Quality Over Quantity Research also emphasizes that the quality of study time is
crucial. Effective study techniques, such as active learning, spaced repetition, and
regular breaks, were found to enhance the benefits of study hours [3].

4 Individual Differences Another factor is individual differences. Differences such as
learning styles and personal circumstances play a significant role. Personalized study
plans that cater to these differences were recommended for optimal results [4].

The results of the current meta-analysis showed that study time and academic perfor-
mance are related. The association between study time and academic performance was
significant for each of the three measures of academic performance and for both within-
person and between-person study time data, indicating that the study time—academic
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performance relation was reliable and generalizable [5]. This further supports the idea
that study time is a key factor in academic success.

These recent studies collectively show the intricate relationship between study hours
and academic performance. While dedicating substantial time to focused and structured
studying can lead to improved academic outcomes, it is crucial to consider the potential
implications for mental health and wellbeing. Furthermore, the timing of study hours
and the importance of self-regulation emerge as vital considerations in understanding
and optimizing academic performance. As education continues to evolve, these insights
offer valuable guidance for both students and educators in their pursuit of academic
excellence.

Previous scores

Student’s prior academic achievements, such as test scores and grades, provide valua-
ble insights into their strengths and weaknesses. These scores can serve as benchmarks
for improvement and indicate areas that may require additional attention. A consistent
upward trajectory in scores demonstrates a commitment to academic growth.

The significance of past academic achievement as a predictor of future performance
has been consistently established. A study by Liu et al. [6] emphasized the strong predic-
tive power of high school performance for college success, underscoring the continuity
of academic achievement patterns.

A study by Kogak, Goksu, and Goktas [7] reviewed multiple meta-analyses and found
that previous academic performance, such as high school grades and GPA, significantly
influences future academic success. They noted that these previous scores are strong
predictors of students’ performance in higher education.

Also, a research carried out by Kassarnig et al. [8] highlighted that previous academic
performance, including high school GPA and entrance exam scores, plays a crucial role
in predicting university students’ success. They also found that class attendance and
social network structures as well as socioeconomic status, and study habits also play
crucial roles in determining academic success.

Another study by Arora et al. [9] also indicates how previous academic performance,
including high school GPA and scores from nationwide university entrance exams, sig-
nificantly influences college students’ academic achievements. The study also mentioned
other factors like gender, socioeconomic status, and study habits.

In their review in 2023, Al Husaini and Ahmad Shukor [10] discuss various factors
affecting students’ academic performance. One of the significant factors they highlight is
the impact of students’ previous scores. They found that previous academic performance
is a strong predictor of future academic success. This includes high school grades, previ-
ous assessment grades, and internal assessment grades.

Another factor the study looked at was whether the course material was similar
between the previous course and the current course. The study found that students who
had previous courses that were similar to their current course had a stronger relation-
ship between previous scores and academic performance. This suggests that if the mate-
rial is similar, previous scores can be a good predictor of academic performance.

So, another recent study looked at the relationship between course difficulty and aca-
demic performance [11]. The study found that students who took more difficult courses
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had a stronger relationship between previous scores and academic performance. This
suggests that course difficulty may play a role in how previous scores influence academic

performance.

Past questions studies

Reviewing past exam questions and test materials can be a strategic approach to under-
standing the format, content, and patterns of assessments. This practice helps students
become familiar with the types of questions that may appear and refine their problem-
solving skills. Past questions studies can be a valuable tool for exam preparation.

Iliya and Musa conducted a study in 2017. The findings of the study reveal that more
than half of the students admitted that using past questions helps them to understand
a topic or subject more easily, while three-quarters reported that past questions helped
them to remember facts and ideas more easily. A great majority of the students also indi-
cated that using past questions during tests and exams had helped them to answer the
questions and perform better [12]. The results of this study suggest that past question
papers can be effective in helping students to understand, remember, and apply infor-
mation more effectively, which ultimately leads to improved performance on tests and
exams.

One recent study, published in 2022, found that students who studied past exam ques-
tions had higher academic performance than those who did not [13]. This was true even
after controlling for other factors, such as prior academic performance and intelligence.
The study found that past question studying was especially beneficial for students who

were anxious about exams.

Extracurricular activities

Beyond academics, participation in extracurricular activities can influence a student’s
overall development. Involvement in clubs, sports, or community service can foster
important skills such as leadership, teamwork, and time management. These skills can,
in turn, have a positive impact on academic performance by enhancing a student’s ability
to juggle multiple responsibilities.

A recent study conducted by Anjum Shabiha [14] highlights several importance of
students’ participation in extracurricular activities. The study shows that students who
participate in extracurricular activities are more likely to achieve higher academic
achievement. He went further to stated that;

Students participating in extracurricular activities also have more self-confidence,
teacher perception, and a positive attitude toward school. Students participating in
extracurricular activities are less likely to drop out and are more likely to achieve higher
academic achievement. Participation in extracurricular activities also reduces absentee-
ism and the late arrival of students. Policies like "No Pass No Play" developed by schools
encourage students to keep their grades. This prevents them from failing or dropping
out. Other school rules ensure that participants avoid drug and tobacco use so that they
can be disciplined and focused. Extracurricular activities also enable students to become
productive learners and adults. Participating in extracurricular activities makes a stu-
dent capable of skills such as leadership, teamwork, organization, analytical thinking,
and problem-solving, and time management. These activities help the student learn the
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skill of multitasking. This allows them to discover their talents. This kind of commitment
can also help them find an interest-based job or relate their experience entering the job
market to real life. After-school activities also improve pupils’ social skills. Students can
meet new people and work with people from different backgrounds who share common
skills and interests. We must be aware of the positive impact of extracurricular activities
on the educational system.

Another study published in 2021, looked specifically at the relationship between sports
participation and academic performance [15]. The study found that sports participa-
tion was positively associated with academic performance, but that this association was
stronger for boys than for girls. Additionally, the study found that sports participation
was associated with better mental health outcomes, such as lower levels of stress and
anxiety. This suggests that sports participation may have different benefits for different
genders.

Academic performance is shaped by a combination of factors, including study hours,
previous scores, past questions studies, and extracurricular activities. Striking a balance
among these elements is essential for holistic growth and success in both academic and
personal realms. By recognizing the significance of these factors and leveraging them
effectively, students can enhance their overall academic performance and achieve their
educational goals.

Application of linear regression in academic performance prediction
Predicting academic performance has been a subject of interest for decades, with early
efforts relying on traditional assessments and teacher judgments. However, the advent
of data analytics and machine learning techniques has revolutionized this field. In recent
years, linear regression, a well-established statistical method, has gained prominence for
its simplicity and interpretability in predicting academic outcomes.

Linear regression, a linear modeling technique, has been widely employed to predict
academic performance due to its suitability for continuous outcomes. Several studies
have utilized linear regression to forecast students’ grades, often using a combination of
demographic, behavioral, and prior academic information as predictor variables.

Linear regression analysis is a valuable tool for exploring and understanding the key
factors influencing academic performance. By quantifying the relationships between
these factors and academic outcomes, educators and policymakers can make data-
driven decisions to enhance the educational experience and success of students.

To explore the key factors influencing academic performance, linear regression is
applied and an effective predictive model is built.

Materials and methods

A detailed account of the materials, data, and the procedures used for this study is ana-
lyzed in this section. The data sources, experimental procedure/set-up, data collection
and processing as well as statistical methods and tools used are all explained below.

Dataset description
The data used in this research project are derived from secondary sources. The data-
set was obtained from Kaggle.com, an online platform renowned for its role in the
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Table 1 Dataset description

Name Description Value

Hours studied The total number of hours spent studying by each It has integer value
student

Previous scores The scores obtained by students in previous tests (0-100)

Extracurricular activities Whether the student participates in extracurricular ~ (Yes or No)
activities

Sleep hours The average number of hours of sleep the student It has an integer value
had per day

Sample question papers practiced The number of sample question papers the student It has integer value
practiced

Performance index A measure of the overall performance of each It has integer value
student

Table 2 Actual dataset

S/N Hours Previous Extracurricular Sleep hours Sample question Performance

studied scores activities papers practiced index

0 7 99 Yes 9 1 91

1 4 82 No 4 2 65

2 8 51 Yes 7 2 45

3 5 52 Yes 5 2 36

9996 7 64 Yes 8 5 58

9997 6 83 Yes 8 5 74

9998 9 97 Yes 7 0 95

9999 7 74 No 8 1 64

data science and machine learning communities. It serves as a hub for data enthusi-
asts, offering a wealth of datasets and hosting various data-related projects. Kaggle
provides an extensive collection of resources, including datasets, code repositories,
and collaborative tools, making it a valuable platform for data exploration, analysis,
and the advancement of data-driven research and solutions. The study population
consists of ten thousand (10,000) students enrolled in a school. The Student Perfor-
mance Dataset was designed to examine the factors influencing academic student
performance. Each record of the dataset contains information about various predic-
tors and a performance index. The dataset is fully described in Table 1.

As illustrated in Table 2, the dataset consists of ten thousand (10,000) students
enrolled in a school including their corresponding values for study hours and other

activities.

Experimental settings

In this section, we elucidate the experimental settings that underpin our study on
predicting students’ academic performance through the application of linear regres-
sion. These settings encompass critical elements that define the environment and
conditions in which our research was conducted:
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Data source

The data used in this research project are derived from secondary sources. The data-
set was obtained from Kaggle.com, an online platform renowned for its role in the
data science and machine learning communities. It serves as a hub for data enthusi-
asts, offering a wealth of datasets and hosting various data-related projects. It encom-
passes a comprehensive data on students, including their academic records, and study
habits. This dataset serves as the foundation for our predictive modeling.

Data preprocessing

Before applying the linear regression model, we rigorously preprocessed the dataset
to ensure data quality and integrity. These preprocessing steps are implemented using
open-source data mining software like Jupyter Notebook, which provides an interac-
tive environment for coding and visualizing data. Jupyter Notebook supports various
programming languages like Python and R, which have extensive libraries for data
preprocessing and analysis, such as Pandas, Scikit-learn, and NumPy.

During the preprocessing, the ordinal data(Extracurricular Activities) are nominal-
ized using numeric scales, that is, the values in column “Extracurricular Activities”
changed to numerical values. This is to enable the program to run successfully during
implementation.

Feature selection

Feature selection was a crucial aspect of our experimental settings. We carefully
selected a subset of independent variables (predictors) from the dataset, considering
their anticipated influence on academic performance. These features encompassed
prior academic achievements, as well as study habits.

Training and testing data split

To evaluate the model’s predictive performance, we divided the dataset into two dis-
tinct sets: the training set and the testing set. The training set was used to train the
linear regression model, while the testing set was kept separate for model validation
and performance assessment. Twenty (20) percent of the data was used for testing the
model, and the remaining eighty (80) percent was used for training the model.

The independent variables are: Hours Studied, Previous Score, Extracurricular
activities, Sleep Hour, and Sample Question Paper Practiced, and the dependent vari-
able (target variable) is Performance Index.

The independent variables were selected because each one is relevant and has a
strong correlation with the target variable (Performance Index). Thus, it will ensure a
robust and interpretable Linear Regression model.
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Evaluation metrics

To assess the model’s performance, we used some evaluation metrics, mainly mean
squared error (MSE), R-squared, and mean absolute squared error (MSME). These
metrics provided insights into the model’s accuracy and predictive power.

Performance metrics

Once the model is trained, it is essential to assess its performance on the test data
to ensure its reliability and effectiveness [16]. The following evaluation metrics were
used to measure the performance of our model: R-squared, mean squared error, and

root mean squared error.

+ R-squared R-Squared (R? or the coefficient of determination) is a statistical meas-
ure in a regression model that determines the proportion of variance in the
dependent variable that can be explained by the independent variable. In other
words, r-squared shows how well the data fit the regression model (Frost, 2019).
Ranging from 0 to 1, a higher R-squared value indicates that the model can better
account for the observed variance, with a value of 1 suggesting a perfect fit.

+ Mean squared error (MSE) Mean squared error (MSE) calculates the average of
the squared differences between the predicted and actual values [17]. It serves as
a measure of the quality of a model by quantifying the extent to which the predic-
tions deviate from the actual data points. A lower MSE indicates a better model
performance, as it signifies the proximity of the predicted values to the actual val-
ues, while a higher MSE indicates larger errors and poorer model performance.

o Mean Absolute Error (MAE) Mean absolute error measures the average of the
absolute differences between the predicted and actual values [17]. Unlike MSE,
MAE is less susceptible to the influence of outliers, as it does not square the

errors.

Proposed model
Our proposed model is based on a linear regression approach, which assumes a linear
relationship between the dependent variable (Performance Index) and independent vari-
ables (factors influencing academic outcomes). The general form of the linear regression
model can be expressed as:

Y=p0+p1X1+p2X2+...4+pnXn............. Eq. (1).

Where:

Y is the Performance Index.

+ PO is the intercept (the constant value).

« PB1, B2, B3, P4, P5 are the regression coefficients for each of the input features (Hours
Studied, Previous Scores, Extracurricular Activities, Sleep Hours, Sample Question
Papers Practiced).

In applying this formula, we have:



Suleiman et al. Journal of Electrical Systems and Inf Technol (2024) 11:41 Page 10 of 18

Performance Index (Y)=p0+ 1 * Hours Studied + 2 * Previous Scores + 3 * Extra-
curricular Activities + B4 * Sleep Hours + 5 * Sample Question Papers Practiced.

To determine the exact values of these coefficients based on our data, we use can
statistical software or programming libraries (e.g., Python’s scikit-learn, R) to perform
a multiple linear regression analysis. This will help us to find the optimal coefficients
that minimize the error between the predicted Performance Index and the actual Perfor-
mance Index values in your dataset.

Linear regression

Linear regression, a linear modeling technique, has been widely employed to predict
academic performance due to its suitability for continuous outcomes. Several studies
have utilized linear regression to forecast students’ grades, often using a combination of
demographic, behavioral, and prior academic information as predictor variables.

Linear regression provides a straightforward, transparent, and interpretable method
for forecasting academic performance, rendering it a valuable tool, particularly during
the initial exploration phase. Nevertheless, its efficacy diminishes when confronted with
intricate, nonlinear relationships and may not encompass all pertinent factors influenc-
ing academic success. Researchers ought to judiciously weigh these merits and draw-
backs when selecting a modeling approach for predicting academic performance.

Architecture of proposed model

In this section, we outline the structure of our model tailored for forecasting students’
academic performance through the utilization of linear regression, a statistical technique
frequently applied in predictive endeavors of this nature. The fundamental elements of
our model architecture include:

Data preprocessing Prepare the data for analysis through data preprocessing steps, this
includes:

« Handling missing data Strategies on removal of missing data.
+ Encoding categorical variables: Convert categorical variables into numerical format
if necessary. This is done for the “Extracurricular Activities”

+ Data splitting Divide the dataset into training and testing sets for model validation.

Model selection Linear regression serves as the chosen predictive modeling technique,
as its appropriateness lies in forecasting continuous target variables such as academic
performance, owing to its simplicity, interpretability, and efficiency. It provides signifi-
cant insights into the associations between independent variables and outcomes, render-
ing it a valuable instrument for comprehending and predicting academic success.

Model training Train the linear regression model using the training dataset. The model
estimates the coefficients (p values) that best fit the data, minimizing the sum of squared

residuals between the predicted values and the actual academic performance scores.



Suleiman et al. Journal of Electrical Systems and Inf Technol (2024) 11:41 Page 11 0f 18

Model evaluation The performance of the linear regression model was measured using
various evaluation metrics, such as R-squared (R2), mean absolute error (MAE), and root
mean square error (RMSE). These metrics provide insights into how well the model pre-

dicts academic performance.

Validation and testing 'This is a very important step. It enables us to validate the model’s
performance on the testing dataset to ascertain its generalization to new data. This pro-
cess aids in evaluating the model’s predictive accuracy and safeguards against overfitting

to the training data.

Prediction and application Once the linear regression model is validated and opti-
mized, it is applied to make predictions on new or future academic performance data.
Consequently, educational institutions, educators, and other policymakers are able to

make informed decisions with respect to students’ needs.

Flowchart of proposed model

The below flowchart outlines the selection of input and the procedure to get the output
(performance index). The flowchart illustrates the first step as a selection of inputs that
are parameters, processing of these inputs and completing training, testing and predic-
tion for accurate and precise output. The flowchart in Fig. 1 illustrates the sequential

steps carried out to generate a prediction (performance index).

reading the CSV file

v

Extracting features and
target variables

v

Label Encoding categorical
features

v

Splitting the dataset into
training and testing sets

¥

Creating and training a

linear regression model

v

Making a prediction

Fig. 1 Flowchart of proposed model
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Data presentation and analysis

The aim our study is to systematically investigate and identify the primary determi-
nants that have a significant impact on students’ academic success. From our study,
the following results were obtained.

Coefficients and intercept From the dataset presented, we obtained the coefficients
and the intercept of the linear regression equation. These coefficients represent the
relationship between each input feature and the target variable. The intercept repre-
sents the predicted value when all input features are zero.

Using Python’s scikit-learn and our results for the intercept and regression coeffi-
cients for each of the respective input features “Hours Studied, Previous Scores, Extra-
curricular Activities, Sleep Hours, and Sample Question Papers Practiced” are:

. B0=-34.09

+ Hours studied (1=2.852)

+ Previous score (f2=1.018)

« Extracurricular activities (3 =0.586)
« Sleep hour (f4=0.48)

« DPast Questions Practiced (5=0.201)

Prediction Once the model is trained, we can reliably make predictions on the test
data. We supply values for the predictors and then make a prediction (Predicted per-

formance Index). If;

« Hours studied is 10

« DPrevious score is 90

« Extracurricular activities: 1

+ Sleep houris7

» Past Questions Practiced is 5

Our predicted performance Index is 91.1. This can be clearly seen in Fig. 2

X = RESULT.drop(columns = “"Performance Index")
y = RESULT["Performance Index"]

from sklearn.preprocessing import LabelEncoder
le = LabelEncoder()

X["Extracurricular Activities"] = le.fit_transform(X["Extracurricular Activities"])
from sklearn.model_selection import train_test_split
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size = (20/100))
from sklearn.linear_model import LinearRegression
model = LinearRegression()
model.fit(X, y)
print(f"Performance Index is:")
model.predict([[10, %0, 1, 7, 5]])
Performance Index is:
Out[49]: array([91.05913632])

Fig. 2 Prediction (performance index)
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In [23]: from sklearn.linear_model import LinearRegression
from sklearn,metrics dmport r2_score,nean_squared_error,mean_absolute_error, accuracy score

nodel = LinearRegression()

nodel fit(X, y)

nodel. fit(X_train, y_train)

SCORE = nodel. predict(X_test)
nean_squared_error(SCORE, y_test)
nean_absolute_error(SCORE, y_test)
12_score(SCORE, y_test)

prdnt(f" the R-squared is:")
n2_score(SCORE, y._test)

the R-squared 1s:

Out[23]:0.9882381335376964

Fig. 3 R-Squared score

In [24]: from sklearn.linear_model import LinearRegression
from sklearn.metrics import r2_score,mean_squared_error,mean_absolute_error, accuracy_score

model = LinearRegression()

model. fit(X, y)

model. fit(X_train, y_train)

SCORE = model.predict(X_test)
mean_squared_error (SCORE, y_test)
mean_absolute_error(SCORE, y_test)
r2_score(SCORE, y_test)

print(f" the Mean squared error is:")
mean_squared_error (SCORE, y_test)

the Mean squared error is:

Out[24]: 4.217148735880705

Fig. 4 Mean squared error

In [25]: from sklearn.linear_nodel import LinearRegression
from sklearn.metrics inport r2_score,mean_squared_error,nean_absolute_error, accuracy_score

nodel = LinearRegression()

nodel Fit(X, y)

nodel. fit(X_train, y_train)

SCORE = model. predict(X_test)
nean_squared_error(SCORE, y_test)
nean_absolute_error(SCORE, y_test)
12_score(SCORE, y_test)

print(f" the Mean Absolute Error fs:")
nean_absolute_error(SCORE, y_test)

the Mean Absolute Error is:

Out[25]: 1.6283644640783481

Fig.5 Mean absolute error
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Model performance metrics
Once the model is trained, and used to make predictions on the test data, Evaluation
metric. The following evaluation metrics were used to measure the performance of our
model. These metrics are: R-squared, mean squared error (MSE), R-squared, and root
mean squared error (RMSE).

As shown in Fig. 3, the r2 from our project work was 0.98.

The mean squared error from pour project work was 4.22. This is shown in Fig. 4.

The mean absolute error from our project work was 1.62. This is shown in Fig. 5.

Discussion of results
From our study, we used specific variables and obtained the coefficients associated with
those variables. The summary of the findings from our study are stated below.

Study habits play a significant role

Study habits like including study time, study location, and most especially study hours
were found to have a substantial impact on academic performance. Students who time
to time in conducive environments tend to achieve better grades.

Figure 6 helps to show the relationship between study hour and performance of a stu-
dent in school.

From Fig. 6, it is evident that there is a positive correlation between study hours
and the performance index. This means that as the number of hours spent studying
increases, the performance index also tends to increase.

This relationship shows that students who dedicate more time to studying are likely
to achieve higher performance levels. This positive trend indicates that consistent study
sessions contribute to better understanding and retention of the material, leading to
improved academic performance (performance index).

The graph in Fig. 6 shows a linear trend where the performance index rises steadily as
study hours increase. This pattern reinforces the idea that time investment in studying
pays off in terms of higher academic achievement.

Figure 7 is a correlation matrix of performance index prediction. The matrix shows
the correlation between all variables involved (Hours studied, Previous Score, Extracur-
ricular activities, sleep hours and sample question papers practiced). The correlation val-
ues range from —1 to 1, with 1 being a strong positive correlation, —1 being a strong

Rellgotionship between Study Hour and Performance Index
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Fig. 6 Relationship between study hour and performance index
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Fig. 7 Correlation matrix

negative correlation, and 0 being no correlation. The matrix is color-coded, with dark-
red colors representing stronger correlations. Based on the matrix, it appears that there
is a strong positive correlation between Hours studied and academic performance (Per-
formance Index) indicating that the time spent studying has a great impact in student’s
performance.

Explanation of each factor
Study hours

+ Correlation with Performance Index 0.37

« Interpretation There is a moderate positive correlation between Study Hours and
Performance Index. This means that increasing study hours moderately improves
performance.

Previous scores

« Correlation with Performance Index 0.92

« Interpretation There is a very strong positive correlation between Previous Scores
and Performance Index. This indicates that previous academic performance is a
highly reliable predictor of current performance. Students with higher previous
scores tend to have significantly higher performance indexes. In simple terms, a stu-
dents’ with good academic history will perform well.

Extracurricular activities

« Correlation with Performance Index 0.02
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.

Interpretation This is the correlations between Extracurricular Activities and Perfor-
mance Index. It indicates an extremely weak positive relationship, suggesting that the
factor (Extracurricular Activities) has almost no impact on performance. This is a
near-zero correlation, and by implication, changes in this factor do not significantly

influence the performance index.

Sleep hours

3

Correlation with Performance Index 0.05

Interpretation This is the correlations between Extracurricular Activities and Perfor-
mance Index. Just like Extracurricular Activities, it indicates an extremely weak posi-
tive relationship, suggesting that Sleep Hours has almost no impact on performance.
This implies that changes in this factor do not significantly influence the performance

index.

Sample questions practiced

Correlation with Performance Index 0.04

Interpretation There is a very weak positive correlation between Sample Questions
Practiced and Performance Index. This suggests that practicing sample questions has
a minimal effect on improving performance.

From our correlation matrix, we can deduce the following

Previous Scores have the most significant impact on Performance Index, with a very
strong positive correlation of 0.92.

Study Hours also positively affect Performance Index, but to a lesser degree, with a
moderate correlation of 0.37.

Extracurricular Activities, Sleep Hours and Sample Questions Practiced have negligi-
ble effects on the Performance Index, with correlations close to zero.

Policy and program recommendations

Based on the findings, recommendations include the implementation of programs that

promote effective study habits, parental involvement, and time management skills. Poli-

cymakers should consider strategies to reduce the impact of socioeconomic disparities

on academic outcomes.

Limitations and future directions

Linear regression assumes a linear relationship between the features and the target vari-

able. If the actual relationship is more complex, the model might not capture it accu-

rately. Insights into cases where the model performs poorly can highlight scenarios in

which a more sophisticated model or additional features might be necessary.

Page 16 of 18
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In view of this, it is advisable to obtain results that can be represented in terms of
percentage of accuracy, interested individuals or groups who intend to carry out further
work on this project are advised to use other machine learning algorithms and use more
than one source of data. One can also use other platforms such as WEKA and SPSS to
implement the algorithms for prediction, thereby improving the level of understanding
of the students and teachers.

Conclusion

This study on has shed light on the intricate web of variables that influence students’
success in their educational pursuits. Our findings underscore the central role of prior
academic performance as well as study hour as a robust predictor of future achievement,
emphasizing the cumulative nature of learning. Additionally, the significance of effec-
tive study habits and time management cannot be overstated, as students who cultivate
disciplined routines and strategic study approaches are better positioned for academic
excellence. Furthermore, extracurricular engagements and revision of previous papers
have emerged as influential factors, highlighting the importance of intensive study.

It must be noted that balancing extracurricular activities with academic commitments
is a key challenge, necessitating a thoughtful approach to time allocation.

This study also highlights the capacity of data-driven methodologies to influence the
trajectory of education’s future. Through the utilization of a linear regression model, we
have unveiled the complex interconnections among variables such as study routines,
involvement in extracurricular activities, prior academic achievements, sleep patterns,
and performance metrics. These revelations go beyond mere numerical statistics, offer-
ing valuable guidance to stakeholders, enabling them to make informed decisions, and
facilitating impactful interventions.
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