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Abstract: The present work applies techniques of data science to the "Student Performance Dataset"
in finding factors that could predict academic achievement of secondary school students in Portugal.
Based on demographics, study habits, parental education, and schools, this research searches for the
performance trend and patterns of students. Specific techniques applied for this study were EDA and
correlation analysis, predictive modeling of results, therefore, giving actionable insight into how
individualized learning strategies could best be improved upon. It is noted that the study time,
absenteeism, parents' education, and final grades are all highly correlated. Further, different
predictive models on student performance were developed using Linear Regression, Support Vector
Regression, and Decision Tree Regression, while the best results in light of R-squared and Mean
Squared Error metrics came out for Linear Regression. The hidden message from this study is that
interventions should be tailored in education, with data-driven approaches being the need of the
hour to increase academic performance. Dealing with outliers, optimization of feature selection, and
using a robust preprocessing technique are in tune with the broader objective of equitable and
effective educational systems. These findings have practical implications for policymakers,
educators, and institutions seeking to implement evidence-based strategies for academic excellence.

Keywords: data science; academic outcomes; machine learning; predictive modeling;
educational analytics

1. Introduction

In a world increasingly dominated by data-driven decision-making, educational institutions
have started exploring the potential of data science to revolutionize student outcomes. By
systematically analyzing patterns in student performance data, schools, colleges, and universities are
able to garner actionable insights aimed at improving academic success. Data-driven approaches
have been indispensable in addressing issues related to student absenteeism, ineffective study habits,
and insufficient parental involvement. According to Nguyen et al. (2021), data analytics in education
not only helps in identifying performance determinants but also supports personalized learning
strategies tailored to the needs of each student [2,3].

This study uses the "Student Performance Dataset," obtained from the UCI Machine Learning
Repository, to analyze the major factors that determine the academic performance of secondary
school students in Portugal. The dataset contains a broad set of attributes, from demographic data to
parental education and study habits. This research uses exploratory data analysis, EDA, correlation
analysis, and predictive modeling to draw actionable insights that could improve student results.
Previous works shown the potential of predictive analytics for improving education by offering data-
driven interventions [4-6].

The general objective of this work is to illustrate how data science techniques can contribute to
building evidence-based strategies for personalized learning. From identifying trends to outliers, this
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study further contributes to fostering an inclusive and equitable educational system in ways that
optimize academic outcomes [7].
1.1. Background and Business Goal

This section discusses the Background of our project as to why we have done it in the first place
and what are our motivations behind it and what we expect this project to achieve.

Section 2.1

l
| !

Explanation of Project
Goal in terms of

Project Background

Data Exploration 1

Feature Identification [«

Predictive Modelling [«

Insights &
Recommendations

Figure 1. Diagram oversimplifying the topics discussed in this section.

In the last few years, a number of organizations in different sectors have been adopting data
analytics and data science to optimize operations for better outcomes. More than ever before, the
education sector has realized the transformative potential of these technologies. Schools, colleges,
and universities are using data to make informed decisions that improve student performance.
Through financial and family background information, study habits, and academic performances, it
helps institutions identify areas of difficulty and problems in meeting students' needs for successful
academic pursuits [8-12].

The use of data science in education can be implemented using the Student Performance Dataset,
which provides detailed information on secondary school students in Portugal. It consists of variables
concerning academic grades, study time, parents' education level, and other related school variables.
From our analysis, the focus is to identify patterns and trends from which improvement in academic
performance strategies will be suggested. Apart from these, the project has identified some students
who needed academic support; it also revealed that some factors had made students become
outstanding-for example, good learning skills are promoted when students have more time for
constant study [13-18]. Individualization of study plans involves tailoring a student's personal needs
according to needs in most the developed world countries. It will thus be of essence to realize the
different things affecting or influencing a student's performance academically. At this respect,
personalized learning allows for appropriate interference necessary to have a boost for those who
would be performing low and for enhancing the academic culture within this environment [19]. The
main objective of the research work is to employ data science to extract from this dataset actionable
insights, which would facilitate developing strategic and personalized study plans that help raise
academic performance. The recommendations on the use of data in decision-making developed in
this report support the contributions an educational institution will make to improving quality
education for the facilitation of meeting diversified students' needs toward inclusive and effective
education [20-22]. Future studies on leveraging data science to enhance academic outcomes can draw
inspiration from diverse applications of machine learning models in fields such as cybersecurity and
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healthcare [23,26]. Approaches like sentiment classification and prediction using deep learning
techniques [24,25] could further strengthen educational data analytics. Moreover, advancements in
IoT and big data can offer new opportunities for optimizing learning systems [27-29]. Integrating
secure coding practices [31,32] and anomaly detection techniques [30], [33] may also help improve
the reliability of educational outcome predictions.

1.2. Project Goal

Academic achievement is one of the cornerstones of educational quality and societal
advancement. Understanding those factors that influence students' academic performance allows for
the instigation of evidence-based strategies for improvement in outcomes. The present study
attempts to analyze the Student Performance Dataset with a view to identifying those factors
significant in influencing students' final grades. The findings will provide actionable
recommendations to enhance academic performance for the benefit of students by offering a clearer
understanding of the challenges they face and potential paths forward.

1.2.1. Data Exploration

Data exploration is the deep investigation of the dataset in order to understand the structure,
content, and distribution of features within it. This helps in the identification of patterns and
relationships among variables that could lead to anomalies or outliers that may affect the analysis.
Key characteristics such as students' study habits, family backgrounds, and school environments are
analyzed to provide a foundation for meaningful insights.

1.2.2. Feature Identification

Feature identification searches for the most influential variables that will determine students'
academic performances. Among the variables analyzed, study habits, parental involvement,
economic background, and school environment show a correlation that will help predict final grades
and thus intervene with proper guidance and academic support.

1.2.3. Predictive Modeling

It includes the development of machine learning models that can predict the final grade of
students based on their characteristics. Such models should be robust and reliable, yielding realistic
estimates of student academic outcomes. Various models were tried in order to establish which one
would best suit this set of data.

1.2.4. Insights and Recommendations

The analysis aims to identify key themes that inform educational strategies and developmental
initiatives. These insights will guide evidence-based recommendations for improved teaching
methods, targeted support programs, and policy changes. This project seeks to create a more effective
and supportive learning environment by addressing the elements influencing student performance.

2. Data Set Description

The dataset used in this study is the Student Performance Dataset sourced from the UCI Machine
Learning Repository. Famous for educational research and analytics, this dataset is a good
determinant of parameters influencing academic performance among high school students in
Portugal. The entire dataset encompasses 395 records of each of the individual students that portray
33 different attributes. The attributes include demographics, parental education level, study habits,
school-related variables, and grades, thus providing a rich source for analyzing the dynamics
involved in student achievement.
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Although all the characteristics present in the dataset are mostly categorized as either numerical
or categorical, those numerical ones include the most important ones: student age, school absences,
final grades (G3, G2), and first period grades (G1). Others like parental level of education and travel
time are agglomerated as ranges. Categorical attributes include the sex of the student, the type of
school-aiding activities, and other similar characteristics. The combined information of all these
attributes gives sufficient knowledge regarding the factors affecting student performance.

Some columns were deemed irrelevant to the objectives of the project and were removed during
preprocessing. The removal of unimportant features means there is great alignment between the
remaining attributes and the goals of this analysis. With this approach of focusing on imperative
features and clearing data quality, this dataset is a bonanza for unearthing patterns in student
performance and relationships without any fears of being too less to be evident. The dataset now
befriends targeted analysis, thus leading to the provision of actionable insights to effect changing
educational outcomes.

Figure 2. Diagram illustrating the key topics discussed in this section.

| !

Numerical Categorical

Figure 3. Diagram illustrating the two primary data types in the dataset: numerical and categorical.

3. Data Preprocessing

preprocessing, certain columns were identified as irrelevant to the objectives of the project.
These were removed to simplify the analysis and enhance model performance. The remaining
columns were then carefully reviewed to confirm their relevance to the project. By focusing only on
essential attributes, the dataset was refined to ensure the analysis remained precise and aligned with
the research work.


https://doi.org/10.20944/preprints202501.1101.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 January 2025 d0i:10.20944/preprints202501.1101.v1

5 of 16

Data Type Feature Description

Numeric age The age of the student in numerical value.

The number of school absences in numerical value. The range is 0-
93.

absences

G1 First period grade achieved by the student. The range is 0-20.

G2 Second period grade achieved by the student. The range is 0-20.

Final year grade achieved by the student. This is the target variable.
The range is 0-20.

G3

Fed The overall educational qualification of the student’s father
edu
represented as a number 0-4:

- 0: No education

- 1: Primary education till 4th grade

- 2: 5th to 9th grade education

- 3: Secondary education

- 4: Higher education

Med The overall educational qualification of the student’s mother
edu
represented as a number 0-4 (same levels as Fedu).

travel
u Time taken for students to travel to school, measured in range 1-4:
ime

- 1: Less than 15 minutes

- 2: 15-30 minutes

- 3: 30 minutes to 1 hour

- 4: More than 1 hour

) Number of times the student has failed in a subject, measured in
failures
range 0-4:

- 0: No failures

- 1: Failed one class

- 2: Failed two classes

- 3: Failed three classes

- 4: Failed four or more classes

health The health situation of students, measured in numbers from 1-5,
ea
where 1 means very bad and 5 means very good.

Wal Students” weekend alcohol consumption, measured in range 1-5,
alc
where 1 is very low and 5 is very high.

. The sex (gender) of the student. "M" stands for Male and "F" stands
Categorical || sex
for Female.

study Total amount of time spent studying per week, measured in range
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Data Type Feature Description

time 1-4:

- 1: Less than 2 hours per week

- 2: 2-5 hours per week

- 3: 5-10 hours per week

- 4: More than 10 hours per week

L Whether the student participates in extracurricular activities,
activities o~
recorded as “Yes” or “No”.

4. Target Variable and Data Quality

It is not a type of data; rather, it assumes the data type of the target output that is to be predicted.
For instance, if one is predicting a continuous variable, such as a final grade, then the target variable
will be continuous. In the dataset model in use, the target variable is the column entitled G3, which
represents the student's predicted final grade. The target variable is then derived based on various
factors like study habits, frequency of attendance, and so forth. Other attributes that will be
mentioned can also be used for derivation. This dataset is clean, but missing values, duplicate records,
and outliers are possible; cleaning the dataset will be performed in the preprocessing step that will
follow shortly.

4.1. High-Level Statistics

This section discusses the High-Level Statistics in our report by mentioning the statistic, its value
in our dataset and a description of what that statistic is and what its abbreviation stands for. To get
the high-level statistics for our dataset, we will need the Statistical Summary which we can get
through the df. describe () command.

Statistical summary of numerical columns:

age Medu Fedu traveltime studytime failures
count 395.0600000 . 0000006 .000000 395.0600000 395.000000 395.000000
mean 16.696203 . 749367 .521519 .448101 .035443 ©.334177
std 1.276043 .094735 .088201 .697505 .839240 0.743651
min 15.0600000 .0000006 . 080000 . 600000 .0000600 ©.000000
25% 16.000000 . 000000 . 000000 . 000000 . 000000 ©.000000
50% 17 .0606000 .0600006 . 000000 . 6006000 .060000 ©.000000
75% 18.000000 . 0000006 . 000000 . 600000 . 0000600 ©.000000
max 22 .000000 . 000000 . 000000 . 000000 . 000000 3.0060000

Walc EENR,] absences G1 G2 G3
count 395.000000 .000000 395.000000 . 000000 .000000 395.000000
mean .291139 .554430 5.708861 .908861 .713924 10.415190
std .287897 .3903e3 8.003096 .319195 .761585 4.581443
min . 000000 . 000000 ©.000000 . 000000 .000000 ©.000000
25% . 000000 . 000000 ©.000000 . 000000 .000000 8.000000
50% . 000000 . 000000 4.000000 . 000000 .000000 11.000000
8.000000 . 000000 .000000 14 .000000
5.000000 . 000000 .000000 20.000000

75% . 000000 . 000000
max . 000000 . 000000 7

Figure 4. Statistical summary of our dataset.

We now describe the key statistics and their uses:

Count: The number of records in each column. It is a measure of completeness.

Mean: This is the average value. It is useful to identify central tendencies.

Median: The middle value when data is ordered. A relationship between mean and median
helps determines whether the distribution of data is symmetric or skewed. A large difference between
these values indicates outliers.
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Standard Deviation: A measure of data dispersion from the mean. A lower value indicates
closely packed data, while a higher value suggests a wider spread.

Minimum and Maximum: The smallest and largest values in the dataset, which help identify
outliers and establish data boundaries.

Percentiles (25%, 50%, 75%): These divide the dataset into quartiles, revealing the data
distribution.

Examples of Statistics in Action

Example 1: Study Time

The study time column is the amount of time students spend studying, which ranges from 1 to
4 (1 =least, 4 = most).

Mean: 2.03, most students spend a moderate amount of time studying.

Standard Deviation: 0.84, most students' study times fall within a narrow range.

Minimum and Maximum: 1 (least) and 4 (most).

Percentiles:
25 % (first quartile) 1
50 % (second quartile) 2
75% (third quartile) 2
This indicates that the majority of students studied a moderate amount of

time; few students studied hardly at all, and few studied intensively.

Example 2: Absences

The Absences column represents the number of days students were absent from school.

Mean: 5.71 days represents the average number of absences.

Standard Deviation: 8 days, implying wide variation in the pattern of attendance.

Minimum and Maximum: 0 (no absences) and 75 (potential outlier).

This analysis reveals that most students were absent between 0 and 8 days, but extreme
absenteeism, such as 75 days, was rare but occur to.

25 % (first quartile) 0
50 % (second quartile) 4 orless (<4)
75% (third quartile) 8 orless(<8)

5. Proposed Methodology

The methodology of analysis for the "Student Performance Dataset” will follow a structured
approach in data science to ensure that the insights drawn are complete regarding the factors
affecting academic outcomes. The steps are as follows:

5.1. Data Collection and Description

This dataset, obtained from the UCI Machine Learning Repository, consists of 395 student
records and 33 attributes. This contains demographic, socio-economic, and academic performance
data. A basic exploration was conducted to have a good overview of the structure of this dataset:
numerical and categorical features.
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5.2. Data Preprocessing

Missing values, duplicates, and irrelevant features are handled to preprocess the data. A variety
of techniques have been used such as:

Missing Value Handling: The dataset was searched for null values; no missing entries were
found.

Duplicate Records: Any duplicated records detected and removed for data integrity.

Feature Selection: Feature relevance had been done based on a correlation matrix. As a result,
the "guardian,” "Mjob, " and "Fjob" had less effect for arriving at "G3"-Hence deleted from the data
frame. Outlier Treatment: Using the IQR Method in finding and reducing outliers for "absences and
study time", the values capping after winsorisation.

5.3. Exploratory Data Analysis (EDA)

Box plots, histograms, and scatter plots were generated to show the relationship between
features and the target variable, G3. Major trends in the data, like the positive correlation between
study time and grades, were identified for subsequent modeling.

5.4. Predictive Modeling

Three machine learning models were developed to predict final grades based on the selected
features, namely:

5.5. Linear Regression

Adopted because of its simplicity and interpretability.

Support Vector Regression (SVR): Applied for the possible presence of non-linear
relationships.

Decision Tree Regression: Applied to capture higher-order patterns in the data.

Each model was evaluated based on metrics such as R-squared and Mean Squared Error (MSE)
to determine the best-performing approach.

5.6. Model Validation

The data was split into 80% for training and 20% for testing subsets, respectively, in order to
assess the models. K-fold cross-validation (k=5) ensured that the performance of the models was
robust and stable. Residual analysis and scatter plots of actual vs. predicted values validated the
reliability of the models.

5.7. Insights and Recommendations

Synthesize the results to present actionable recommendations that might include the
encouragement of regular studying, treatment of excessive absenteeism, and data-driven
intervention for personalized learning. This approach will ensure that the analysis of the dataset is
holistic to provide actionable insights for educational institutions in improving student performance
using data science techniques.

6. Identification of Data Issues

1. Missing Values:

Missing values can seriously affect data analysis by reducing the efficiency of statistical
evaluations and possibly leading to biased estimates of parameters. This may compromise the
representativeness of the sample. Therefore, identification and treatment of missing values are
among the most important steps in data preprocessing. For handling missing values, the code snippet
data.isnull().sum() had been used for checking missing values across all columns. This command
when executed with a print statement shows the count of missing values for each column. During
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this check, no missing values were identified in the dataset. To make sure that analysis coverage is
complete, the percentage of missing values was computed using the following code:
missing_percentage = df.isnull().mean() * 100

Also, the commands to drop columns with missing values were implemented. Given that no
missing values were found, no column was dropped in this step.

2. Duplicates:

Dealing with duplicates is crucial to ensuring that the data provided is clean and valid. Duplicate
or redundant records in a dataset can also bias analysis and predictions. The following steps were
therefore carried out:

The code for finding the duplicate rows in a dataset was df.duplicated().sumy().

If yes, command df.drop_duplicates(inplace=True) was ready and waiting to get rid of them

No record of duplicates found within the execution of this dataset, and hence no requirement
for further processes.

3. Feature Selection:

Feature selection has always been an important step in fine-tuning the effectiveness and
interpretability of the dataset. Cleaning superfluous columns provides for easier analysis,
underlining the most relevant attributes. To better understand the relationship among the variables,
a correlation matrix was computed. The matrix was then further visualized using a heatmap to
determine redundant or lesser features. Features that showed low correlations or had minimal
contributions to the predictive model were dropped, improving overall dataset efficiency and
ensuring that the analysis remained both focused and effective.

Correlation Matrix
1.00

age -0, -0.16 0.07 -0.00 0.24 0.12 -0.06 0.18 -0.06 -0.14 -0.16
Medu - -0.16 4 0. =017 0.06 -0.24 -0.05 -0.05 0.10 021 0.22 0.22 0.75

Fedu - -0.16
- 0.50
traveltime - 0.07
studytime - -0.00 -0.25
failures - 0.24
-0.00

Walc - 0.12
health - -0.06 - —0.25
absences - 0.18
- —0.50
Gl - -0.06

G2 - -0.14 —0.75

G3 4 -0.16

=
w
o

—1.00

Medu - &
Fedu -
traveltime - |
studytime - ¢
failures -
Walc -
health -
absences - ¢
Gl
G2
G3

Figure 5. Correlation Matrix before feature engineering.

6. Refining the Dataset: Correlation, Outliers, and Techniques
7.1. Correlation Analysis

From the correlation matrix, certain features (e.g., Fedu, Medu, G1, and G2) demonstrated
minimal relevance to the key relationships affecting the dataset. These fields were considered for
removal to improve the dataset's overall coherence and model efficiency.

Outliers: Identification and Treatment

Definition and Impact:
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Outliers are data points that deviate significantly from the rest of the dataset. They can arise due
to data collection errors, measurement variability, or valid but rare occurrences. Addressing outliers
is essential, as they can distort statistical analyses and lead to inaccurate conclusions.

Identification Using IQR:

The Interquartile Range (IQR) method was employed to detect outliers. This technique calculates
the bounds as follows:

e  Lower Bound: Q1-1.5xIQRQ1 - 1.5 \ times IQRQ1-1.5xIQR
e  Upper Bound: Q3+1.5xIQRQ3 + 1.5 \ times IQRQ3+1.5xIQR

Box Plots for Visualization:

Box plots were generated for columns such as traveltime, studytime, failures, absences, and G2,
revealing significant outliers in these variables.

Box Plot of traveltime (Before Treatment) Box Plot of studytime (Before Treatment) Box Plot of failures (Before Treatment)

10 15 20 25 30 35 40 10 15 20 25 30 35 40 00 05 10 15 20 25 3.0
traveltime studytime failures

Box Plot of absences (Before Treatment) Box Plot of G2 (Before Treatment)

°
5
s

30 40 50 60 70 00 25 50 75 100 125 150 175
absences G2

Figure 6. Box plots (before treatment).

Outlier Treatment Using Winsorization:

To mitigate the influence of outliers, a winsorization technique was applied. High and low
values were capped at the top and bottom 5% thresholds using the mstats.winsorize() function. This
approach retained the dataset's integrity while minimizing the impact of extreme values.

Box Plot of traveltime (After Treatment) Box Plot of studytime (After Treatment) Box Plot of failures (After Treatment)
| F | F | | |
100 125 150 175 200 235 250 275 3. 10 15 20 25 30 35 a0 000 025 050 075 100 125 150 175 2.00
traveltime studytime failures
Box Plot of absences (After Treatment) Box Plot of G2 (After Treatment)

7.‘5 10 0 12‘.5 5. 17‘.5

absences G2

Figure 7. Box plots after outlier treatment.
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7.1. Exploratory Data Analysis (EDA)
EDA was conducted using visual tools to explore data distributions, detect outliers, and uncover
patterns:
e  Pair Plots: Highlighted relationships between variables, such as the correlation between G3
(target variable) and other predictors.
e  Box Plots: Used for identifying outliers through the IQR method.
e Histograms: Compared key features, such as absences and G3, to assess their relationship.

¢ Residual Plots: Confirmed the absence of systematic bias and validated model assumptions.

Pairpiot of Remaining Numencal Columns
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Figure 8. Pair plot of predictors and G3.

absences G3

0.0 25

Figure 9. Histogram comparing absences and G3.
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Figure 10. Residual plot showing random error distribution.

7.2. Correlation Analysis

The correlation analysis played a vital role in finding the relationship between numeric features
and the target variable, G3. From the correlation matrix, the high-priority predictors are identified:
G1 and G2, because both show a high relationship with G3. The irrelevant features like guardian,
Mjob, and Fjob are marked as unnecessary to keep in the dataset. This allowed the model to focus on
the most relevant features and consequently improved its interpretability. Other features were
dropped like 'school’, 'reason’, 'famsize', nursery', and 'address' to streamline the data and enhance
model efficiency.

7.3. Predictive Modeling

The following models were developed on the selected features to predict the performance of
students: Linear Regression was chosen because it is simple, provides a very strong baseline, and is
easy to understand; Support Vector Regressor explores nonlinear relationships between features and
G3; Decision Tree Regression can model more complicated, nonlinear patterns in the data. Numerical
features were standardized using StandardScaler to make these models perform optimally, especially
benefiting the SVR model, since it is sensitive to feature scaling. The model performance was
evaluated against key metrics-R-squared, which is indicative of the proportion of variance in G3
explained by the model, and the Mean Squared Error, which considers the accuracy of the
predictions.

7.4. Rationale for Technique Selection

These methods were chosen because, by using them, the project objectives can be met. EDA
helped to understand the trend in data and the relationships of data. For example, from a pair plot,
it can be seen that study time versus G3 has a positive correlation, but for absences versus G3, it has
a negative relationship-higher absences mean lower grades. The most influencing predictors, G1 and
G2, were identified using the correlation analysis, and irrelevant features like guardian and Mjob
were removed. To model both linear and nonlinear relationships, different predictive techniques
have been used, namely Linear Regression, to clearly understand and interpret the model; SVR to
explore nonlinear trends; and Decision Tree Regression to handle complex patterns. Lastly, model
evaluation metrics such as R? and MSE were targeted to make the predictions accurate and reliable
in the view of project goals.

7.6. Model Validation

Model validation is an important step toward ensuring robustness and reliability in predictive
models. This process includes the performance of the model on unseen data, minimizing overfitting,
and confirmation of predictive accuracy. In this study, the first step in validation included a train-test
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split, wherein the dataset was divided into two subsets: 80% for training the predictive models and
the remaining 20% reserved for testing. This split helps prevent overfitting by assessing model
performance on data that the training never got to see, hence the model will generalize well on new
data.

To enhance this further, K-fold cross-validation with k=5 was employed. In this method, the
dataset is divided into five subsets, folds, and the model is trained on k-1 folds while being validated
on the remaining fold. This process is repeated k times, once for every fold serving as a validation set
in sequence. K-fold cross-validation improves this by eliminating possible overfitting and allows to
a certain degree fair approximate model performance compared with doing just a holdout.

Train-Test Split

1

Cross-Validation

|

Residual Analysis

!

Visualizations

Figure 11. Diagram showing the steps for Model Validation.

4

Model: LinearRegression
Cross-Validation R?* Scores: [-2.14348891 @.24933558 -9.286387723 -8.8142775 @8.1237314 ]
Mmean R2: @8.23e5, Std: e.1397

Model: SVR
Cross-Validation R? Scores: [-@.12655195 ©.21349633 ©.11179688 ©.85584554 @.88827134)]
Mean R%*: @.8&673, Std: @.112@

Model: DecisionTreeRegressor
Cross-vValidation R? Scores: [-8.77269945 -08.28197923 -0.88622376 -9.787572 -8.42182878]
Mean R%*: -8.5779, Std: @.23&64

Residual analysis was performed in order to verify the accuracy of prediction. The residual plots
demonstrated randomness without patterns; therefore, there was no systematic bias, while it also
assured the assumptions of independence and constant variance that were necessary for the
regression models. Other visualization techniques that have been used in this regard are actual versus
predicted values scatter plots. Strong clustering of points along the diagonal line, where actual equals
predicted, shows high accuracy. In total, there are two significant measures to explore model
performance, such as MSE and R-squared. MSE reflects the mean of squared differences between the
observed values and forecasted ones; the lesser it gets; the better the model's performance is. R?
depicts the share of dispersion in a target variable, such as G3 explained by the model-the higher this
index, the better. After K-fold cross-validation, the best model was Linear Regression. It has the
lowest MSE, meaning the least prediction error, and the highest R?, indicating it explains a large part
of the variance in G3. From this, it is confirmed that Linear Regression is the most accurate and
reliable model in predicting student performance based on the dataset.

8. Conclusion

In the end, the analysis of "Student Data Performance" shows how data science principles can
be used to create transformational educational progress. It depicts how insights from the selected
dataset can be used to further build on personalized learning strategies while emphasizing the
relevance of data-driven decisions in education. By using various means such as exploratory data
analysis, correlation analysis, and predictive modeling, the project captures the key patterns that
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influence the academic performance of students. However, for further improvement of the study, the
following recommendations can be made which would enable it to become more practical for real-
life usage:. Treatment of outliers, especially in critical variables like absences of students, would go a
long way in providing insights into causes and implications for the student's final performance.
Though the particular dataset was relatively clean, adding in preprocessing steps with advanced
imputation techniques would ensure scalability for larger datasets. Another thing that would be of
great consideration is to expand the predictive models to also include more success metrics, like
dropout risks or subject-specific performances without the need for separating the dataset according
to specific subjects; it would further widen the scope of impact. These results, when integrated, could
even affect policies to be more comprehensive, such as the policy of structured study plan designs
for students with particular needs and the policies that will allow educators to flag down those
students who have extremely high absences. Real-time data integration allows for dynamic updating,
enabling the continuous refinement of education strategies. The next step is taking improvement one
step further to better visualize outcomes and communicating findings in more intuitive terms for
easy understanding through straightforward stories. That ensures that insights really reach and
inspire people making changes: educators, parents, and policymakers. These steps will not only help
in magnifying the overall effect of the project but also provide a path for continuous development in
the education sector with the help of data science.
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