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ABSTRACT Improving academic outcomes relies on accurately anticipating student outcomes within a course or program. 
This predictive capability empowers instructional leaders to optimize the allocation of resources and tailor instruction to meet 
individual student needs more effectively. In this study, we endeavor to delineate the attributes of machine learning algorithms 
that excel in forecasting student grades. Leveraging a comprehensive dataset encompassing both personal student information 
and corresponding grades, we embark on a rigorous evaluation of various regression algorithms. Our analysis encompasses a 
range of widely used technniques, Incorporating various machine learning algorithms like XGBoost, Linear Regression, K-
Nearest Neighbor, Decision Tree, Random Forest, and Deep Neural Network. By conducting thorough comparisons using 
metrics such as Root Mean Squared Error, determination coefficient, Mean Average Error and Mean Squared Error. Our aim 
is to pinpoint the algorithm that exhibits superior predictive ability. Notably, our experimental findings unveil the deep neural 
network as the standout performer among the evaluated algorithms. Having an outstanding coefficient of determination of 
99.95% and Minimal error margins, the DNN emerges as a potent tool for accurately forecasting student grades. This discovery 
not only underscores the efficacy of advanced machine learning methodologies but also underscores the transformative 
potential they hold in shaping educational practices and optimizing student outcomes. 

INDEX TERMS ML Algorithms, Predicting, Optimizing Data, Performance, Supervised learning, Metrics. 

I. INTRODUCTION 
Forecasting student academic performance [1] is a prevalent 
challenge within the realm of education, incorporating areas 
like student evaluation, curriculum development, and 
educational guidance. Techniques in machine learning, 
encompassing neural networks and linear regression offer 
avenues to construct predictive frameworks capable of 
estimating students’ grades [2] using diverse inputs such as 
historical performance, attendance records, and examination 
results. These models facilitate educators in pinpointing 
students at risk, tailoring individualized learning interventions, 
and furnishing students with feedback regarding their 

advancement. Forecasting students’ academic outcomes 
through machine learning algorithms typically entails several 
key steps, which may vary depending on the specific approach 
employed. However, to predict the performance of students 
using machine learning algorithms, several sequential steps 
are typically followed. Firstly, data collection and preparation 
involve gathering relevant information from student records, 
such as test scores, attendance, and past grades. Additionally, 
it involves ensuring the elimination of noise, rectifying errors, 
addressing missing values, enforcing consistency, and 
preprocessing data to align with the selected machine learning 
algorithm, thereby enabling precise analysis and modeling. 
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Subsequently, a suitable machine learning model is selected 
from various options like linear regression, decision trees, or 
neural networks, based on the data characteristics and 
prediction objectives. Following model selection, the model 
undergoes training where it is fed a large dataset to adjust its 
parameters and minimize errors between predicted and actual 
marks. Evaluation of the trained model’s performance is then 
conducted using techniques such as cross-validation to assess 
its predictive accuracy on unseen data. Finally, the trained and 
evaluated model is deployed to forecast outcomes on fresh 
data, empowering informed decision-making within 
educational settings.  
The primary aim of this paper is to investigate and evaluate 
various machine learning methodologies for predicting 
student academic performance, encompassing data collection, 
preprocessing techniques, model selection, training, and 
evaluation of predictive accuracy. By examining and 
comparing machine learning algorithms such as neural 
networks and linear regression, the study identifies the most 
effective models for accurately forecasting student outcomes. 
This contributes to a comprehensive methodological 
framework for applying these models in educational contexts. 
The study enhances predictive accuracy, enabling targeted 
interventions for at-risk students and providing actionable 
insights for educators and policymakers to make informed 
decisions on curriculum development, resource allocation, and 
educational support strategies. 
This paper explores a variety of methodologies utilized in 
machine learning methods in the field of the prediction of 
student performance. It covers key stages incorporating data 
acquisition and data preprocessing, model selection, then 
training and evaluation process, and subsequent present the 
outcomes of predictions. The paper is organized as follows: a 
thorough review of pertinent literature will be provided, 
followed by an explanation of the machine learning algorithms 
employed. Subsequently, the methodology adopted in this 
study will be outlined. Finally, the paper will present the 
empirical findings of the predictive models and conclude with 
final remarks and implications.  
The contribution of this study is threefold: first, it introduces 
the innovative application of Deep Neural Networks (DNN) in 
predicting student academic performance, demonstrating 
significant improvements in accuracy compared to traditional 
models; second, it provides a comprehensive evaluation of 
various machine learning algorithms, establishing a clear 
framework for model selection tailored to educational data; 
and third, it offers a robust methodological approach that 
enhances the accuracy of predictions, thereby enabling 
targeted interventions for at-risk students and informing data-
driven decisions in educational policy and practice. 
 
II. RELATED WORKS 
Many investigations have delved into the application of 
machine learning to forecast academic performance. One of 
the commonly used methodologies is linear regression, a 
statistical approach utilized to identify the linear association 
between variable that is dependent (academic performance) 

and variables that are independent (test scores, attendance, and 
other relevant factors). Demonstrating effectiveness across 
various studies, linear regression has emerged as a widely 
utilized approach for predicting student grades [3–6]. An 
alternative widely used approach for forecasting student 
grades [7] entails employing decision tree algorithms. These 
algorithms con- struct a decision hierarchy model using the 
supplied data. Decision trees have found extensive application 
in predicting student grades in numerous research studies [8, 
9], demonstrating effectiveness in this regard. Additionally. 
Apart from decision trees and linear regression, additional 
machine learning algorithms employed for grade prediction 
encompass k-nearest neighbor (KNN) [10, 11] and random 
forests [12]. These methods have demonstrated effectiveness 
in predicting student grades, while they exhibit distinctive 
strengths and limitations contingent upon the attributes of the 
data and the predictive objectives. In a particular study [13], 
researchers explored the application of various ML 
algorithms: ANN, DT, artificial neural networks, logistic 
regression, and na ̈ıve Bayes, to forecast students’ 
performance based on internet usage for learning and time 
spent on social networks. Among these, the ANN model 
exhibited the highest accuracy, achieving approximately 80In 
another investigation [14], scholars employed a deep neural 
network model, specifically the “BiLSTM” [15] 
(Bidirectional Long Short-Term Memory) Employing an 
attention mechanism alongside, the “BiLSTM” model was 
utilized for predicting students’ grades based on past data. 
findings indicate that The BiLSTM model integrating the 
attention mechanism attained significant accuracy, achieving 
a score of 91.15Likewise, in an independent investigation 
[16], A deep learning framework was utilized to forecast 
students’ academic performance, utilizing a dataset 
encompassing various factors such as educational 
characteristics, social, and demographic prior academic 
performance[17] were considered. To address imbalanced 
data issues, the synthetic minority oversampling (S.M.O.T.E) 
technique was employed, resulting in an approximately 96% 
accuracy in grade prediction across various courses. 
Furthermore, in [18], researchers examined two distinct 
datasets to forecast and categorize student performance 
employing a range of ML algorithms, including Support 
Vector Regression (SVR), Backpropagation, Gradient 
Boosting Classifier, Long-Short Term Memory (LSTM), and. 
Among these, the regression model of SVR displayed superior 
performance, attaining an R-squared score of 82,95% in the 
prediction of grades. On the other hand, for classification 
tasks, the Backpropagation model demonstrated the highest 
accuracy, reaching 86.98%. 
 

III. METHODOLOGY 
Machine learning models encompass a diverse set of 
algorithms and techniques aimed at enabling computers to 
make predictions by learning from initial data and making 
decisions autonomously. These models, categorized into 
supervised, unsupervised, and reinforcement learning 
paradigms, range from linear regression and decision trees to 
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deep neural networks and reinforcement learning agents. With 
applications spanning across domains like finance, healthcare, 
robotics, and digital marketing [19–22], machine learning 
models continue to drive innovation, automation, and insights 
by extracting patterns and knowledge from vast datasets 
collected by ourselves, ultimately shaping the future of 
artificial intelligence [23, 24]. 
In this study, we employ several machine learning models to 
predict house prices. The models used are Linear Regression, 
Random Forest Regressor, XGBoost Regressor, Decision 
Tree Regressor, K-Nearest Neighbors Regressor, and Deep 
Neural Network. Each model is described below along with 
the corresponding mathematical formulations. 
A. Linear Regression 

Linear Regression is a fundamental algorithm for regression 
problems [25]. It models the relationship between a dependent 
variable 𝑦 and one or more independent variables 𝑥!, 𝑥", … , 𝑥# 
by fitting a linear equation to the observed data. The equation for 
Linear Regression is given by Eq. (1) [25] : 

𝑦 = 𝛽! + 𝛽"𝑥" + 𝛽#𝑥# +⋯+ 𝛽$𝑥$ + 𝜖										(	1	)	

where 𝛽$ is the intercept, 𝛽!, 𝛽", … , 𝛽# are the coefficients, 
and 𝜖 is the error term. 
 
B. Random Forest Regressor 

Random Forest Regressor is an ensemble learning method that 
operates by constructing multiple decision trees during 
training and outputting the mean prediction of the individual 
trees. The prediction �̂� for an input 𝑥 is given by Eq. (2) [25]: 

�̂� =
1
𝑁. 

%

&'"

ℎ&(𝑥)																																				(	2	)	

where ℎ%(𝑥) is the prediction of the 𝑖-th tree, and 𝑁 is the total 
number of trees. 
 
C. XGBoost Regressor 

XGBoost Regressor (eXtreme Gradient Boosting) is an 
optimized gradient-boosting machine learning library 
designed for high performance. The objective function of 
XGBoost includes a regularization term to prevent overfitting 
Eq. (3) [24]: 

𝑂𝑏𝑗	(𝜃) =. 
&

𝑙(𝑦& , �̂�&) +. 
(

𝛺(𝑓()											(	3	)	

where 𝑙 is a differentiable convex loss function that measures 
the difference between the prediction �̂�% and the target 𝑦%, and 
Ω is a regularization term. 
D. Decision Tree Regressor 

Decision Tree Regressor splits the data into subsets based on 
the value of input features. The splits are chosen to minimize 
the sum of squared errors (SSE) within each subset. The 
objective is to find splits that minimize Eq. (4) [24]: 

𝑅) =. 
&∈)

(𝑦& − 𝑦‾))#																																(	4	)	

where 𝑅& is the residual sum of squares for a node 𝑡, 𝑦% is the 
actual value, and 𝑦‾& is the mean value of the node. 
 
E. K-Nearest Neighbors Regressor 

K-Nearest Neighbors (KNN) Regressor predicts the value of 
a new data point based on the values of its 𝑘 nearest neighbors. 
The distance metric, typically Euclidean distance, is calculated 
as Eq. (5) [24]: 

𝑑(𝑥, 𝑥&) = @. 
$

+'"

 A𝑥+ − 𝑥&+B
#																											(	5	)	

where 𝑥 is the input vector, 𝑥% is the 𝑖-th neighbor, and 𝑛 is the 
number of features. 
F. Deep Neural Network 

Deep Neural Networks (DNN) consist of multiple layers of 
neurons, where each layer transforms the input data using a 
set of weights and biases. The transformation for each layer 𝑙 is 
given by Eq. (6) [24]: 

𝑎(() = 𝑔7𝑊(()𝑎((*!) + 𝑏(();																			(	6	) 

where 𝑎(() is the activation of layer 𝑙,𝑊(() are the weights, 𝑏(() 
are the biases, and 𝑔 is the activation function. 
G. Evaluation Metrics 
To evaluate the performance of the models, we use several 
metrics: 

Root Mean Squared Error (RMSE) : a widely used metric in 
regression analysis to measure the difference between 
predicted and actual values. RMSE is calculated as the 
square root of the mean of the squared differences between 
actual and predicted values (as showing in Eq.(7)). A lower 
RMSE indicates better predictive accuracy [24]: 

RMSE = @
1
𝑁. 

%

&'"

  (𝑦& − �̂�&)#																			(	7	) 

 
Mean Absolute Error (MAE) : is another evaluation metric 
used in regression analysis to measure the average 
magnitude of errors in predictions, without considering their 
direction The equation for MAE  is given by Eq. (8) [25]. 

MAE =
1
𝑁. 

%

&'"

|𝑦& − �̂�&|																						(	8	)	

Coefficient of Determination (𝑅") : is a statistical measure 
that indicates the proportion of the variance in the dependent 
variable that is predictable from the independent variables. It 
is used to assess the goodness-of-fit of a regression model. 
The formula for R2 is given by Eq. (9) [25]: 

𝑅# = 1 −
∑  %
&'"   (𝑦& − �̂�&)#

∑  %
&'"   (𝑦& − 𝑦‾)#

																				(	9	)	

In these equations, N is the number of data points, yi is the 
actual value, 𝑦+>  is the predicted value and yˉ is the mean of the 
actual values, 
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These metrics provide a comprehensive evaluation of the 
predictive performance of the models. 

 
IV. USED APPROACH 

In machine learning research, a robust methodology is 
imperative, outlining the sequence of steps essential for 
obtaining meaningful results. This approach clarifies the 

procedures, starting from data gathering and preprocessing to 
selecting models, training, and evaluating them, and result 
interpretation. By meticulously detailing each step, 
researchers ensure the integrity and reproducibility of their 
findings, laying the groundwork for advancing knowledge and 
innovation in the field of machine learning. 
 

A. Data set description 

This section offers an overview of the dataset employed in this 
investigation. The objective is to forecast students’ overall 
scores through the application of ML and DL methodologies. 
To facilitate this goal, a dataset comprising details on 
approximately 1200 student attributes was employed. These 
attributes encompassed factors such as parental education 

level, lunch arrangements, gender, and participation in test 
prep courses. Additionally, the dataset incorporated scores 
obtained in math, reading, and writing examinations, as 
delineated in TABLE 1. Further details regarding the dataset 
are presented in the TABLE 2.

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
FIGURE 1. The study’s pipeline  

TABLE 1 
Example of dataset used 

Gender RACE / 
ETHNICITY 

PARENTAL LEVEL OF 
EDUCATION LUNCH TEST PREPARATION 

COURSE 
MATH 
SCORE 

READING 
SCORE 

Writing 
score 

female group B bachelor's degree standard none 72 72 74 
female group C some college standard completed 69 90 88 

female group B master's degree standard none 90 95 93 
male group A associate's degree free/reduced none 47 57 44 
male group C some college standard none 76 78 75 
female group B associate's degree standard none 71 83 78 
female group B some college standard completed 88 95 92 
male group B some college free/reduced none 40 43 39 
male group D high school free/reduced completed 64 64 67 
female group B high school free/reduced none 38 60 50 
male group C associate's degree standard none 58 54 52 
        

 TABLE 2 
Dataset information 

 Math score Reading score Writing score 

count 1000.000 1000.000 1000.00 

mean 66.089 69.169 68.054 

std 15.163 14.601 15.196 

min 0.000 17.000 10.000 

25% 57.000 59.000 57.750 

50% 66.000 70.000 69.000 

75% 77.000 79.000 79.000 

max 100.000 100.000 100.000 
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B. Preprocessing data 

Processing data in the context of machine learning involves a 
series of steps aimed at preparing raw data for analysis and 
model training [26]. This process typically includes tasks such 
as data cleaning to handle missing or erroneous values, feature 
selection or extraction to identify relevant variables, and 
normalization or scaling to ensure uniformity across data 
features. Additionally, data processing may involve encoding 
categorical variables, handling outliers, and splitting the 
dataset into training and testing subsets. By effectively 

processing data, machine learning models can learn from high 
quality input, leading to more accurate and reliable 
predictions. The initial phase of our analysis involved data 
cleaning and preprocessing. This encompassed addressing 
missing values, converting categorical variables into 
numerical representations (as illustrated in TABLE 3), and 
normalizing the data to guarantee uniformity across all 
variables.  

 
 
 
 
 
 
 
 
 
C. Optimizing Data 

Optimizing Data process involves crafting, selecting, and 
transforming input variables to provide the most relevant 
information for predictive tasks. By carefully engineering 
features, data scientists aim to enhance the precision and 
resilience of ML models, ultimately driving better decision-
making and insights from data. To boost the effectiveness of 

the ML algorithms, we conducted feature manipulation on the 
dataset [27]. This entailed selection of pertinent features and 
the creation of a new feature, termed” Total score,” which 
served as the target variable. This was achieved by 
amalgamating the existing scores in reading, and writing of 
mathematics, as depicted in TABLE 4. The aim of feature 
engineering is to provide the machine learning algorithms with 
a more robust and predictive dataset, as depicted in TABLE 5. 

TABLE 4 
Establishment of the target variable named “total score.” 

gender race/ethnicity parental level of 
education lunch 

test 
preparation 
course 

math score reading 
score 

writing 
score Total score 

female group B bachelor's degree standard none 72 72 74 218 

female group C some college standard completed 69 90 88 247 

female group B master's degree standard none 90 95 93 278 

male group A associate's degree free/reduced none 47 57 44 148 

male group C some college standard none 76 78 75 229 

female group B associate's degree standard none 71 83 78 232 

female group B some college standard completed 88 95 92 275 

male group B some college free/reduced none 40 43 39 122 

male group D high school free/reduced completed 64 64 67 195 

female group B high school free/reduced none 38 60 50 148 

male group C associate's degree standard none 58 54 52 164 
 

 
 
 
 
 
 
 
 
 

TABLE 3 
Categorical variables conversion 

Gende 
male 

Race/ 
ethnici
ty 
group 
B 

race/ 
ethnicity 
group C 

race/ 
ethnicity
_ group  
D 

race/ 
ethnici
ty_ 
group 
E 

parental 
level of 
education
_bachelor'
s 
degree 

parental 
level 
of 
educatio
n high 
school 

parental 
level of 
education_
master's 
degree 

parental 
level of 
educatio
n_ some 
college 

parental 
level of 
educatio
n_ some 
high 
school 

lunch_  
standard 

test 
preparatio
n 
course_ 
none 

0 1 0 0 0 1 0 0 0    0  1    1 

1 0 1 0 0 0 0 0 1    0  1    0 

2 1 0 0 0 0 0 1 0    0  1    1 
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D. Data Visualization 

Data visualization serves as a powerful tool in the realm of 
data analysis, offering a visual representation of complex 
information to facilitate understanding and insight discovery 
[28]. Through graphical means such as charts, graphs, and 
maps, data visualization transforms raw data into intuitive 
visuals, enabling analysts and decision-makers to discern 
patterns, trends, and relationships within the data. By 
presenting information in a visually engaging and 
comprehensible manner, data visualization plays a crucial role 

in conveying findings, driving decision-making, and 
uncovering actionable insights from data. In this study, data 
visualization techniques were utilized to delve into the dataset, 
investigating correlations among diverse variables and 
revealing underlying patterns or trends. Through this analysis, 
Essential features for forecasting students’ overall scores were 
recognized. FIGURE 2, FIGURE 3 and FIGURE 4 showcase 
graphical representations of the dataset, offering visual 
insights into distinct parameters

. 
 

 

 

 

 

 

 

 

 
FIGURE 3.   Distribution of” gender” variable based on the” 
test preparation course”. 
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FIGURE 3.  Breakdown of total-scores by gender 
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E. Correlation study 

A correlation represents a statistical summary indicating the 
relationship between two sets of variables. It serves as a 
fundamental component of data exploration and is integral to 
various advanced machine learning methodologies. 
Correlation coefficients serve to quantify the degree of the 
linear relationship between two variables. A coefficient 
greater than zero signifies a positive relationship, whereas a 
negative value indicates a negative relationship. Values near 
zero suggest a weak association between the variables under 
consideration. Understanding negative correlation, or inverse 
correlation, is crucial in constructing diversified portfolios 
aimed at mitigating portfolio volatility. Due to the time-
consuming nature of calculating correlation coefficients, data 
is frequently inputted into calculators, computers, or statistical 
software to determine the coefficient. Python offers powerful 
tools for calculating correlation coefficients. The correlation 
methods provided by libraries such as SciPy, NumPy, corr(), 
pearsonr() and pandas are efficient, thorough, and extensively 
documented. Figure 5 illustrates a robust correlation within the 
set of variables: reading and writing mathematic and the Total 
score as the target variable. 
F. Dataset Partitioning in Machine Learning 

The dataset was partitioned into two subsets: a testing set and 
a training set, using a ratio of 30/70 to maintain the validity of 
our results. The testing set was utilized to assess the 
performance of the models trained on the training set using 
ML algorithms. We utilized a range of ML algorithms to 
forecast student grades, including XGBoost, RF, KNN, DT, 
DNN, and LR. The implementation of these algorithms 
utilized the Python programming language (scikit-learn 

library) and following the outlined procedures. In the 
execution of ML algorithms, we begin by instantiating the 
corresponding class for each algorithm from scikitlearn 
library. We set any desired hyperparameters, ensuring 
reproducibility of results with the random state parameter. 
Subsequently, The model is trained using the data by 
employing the fit() method, which adjusts internal parameters 
to align with the data, using the training data and target 
variables as inputs. This iterative process is replicated for each 
algorithm. And after these last ones have completed training, 
It’s the process of making predictions on the testing data that 
takes place. To implement DNN with the Keras library in 
Python, we start by creating a model instance utilizing the 
sequential neural network models. This enables us to construct 
a sequential arrangement of layers, where each layer processes 
input sequentially, subsequent layers receive the output of the 
preceding layer as input. Supplementary layers are 
incorporated into the model using the”model.add()” method, 
configuring 13 layers with specific numbers of neurons and 
activation functions. Throughout most layers, the relu 
activation function is employed, Meanwhile, the output layer 
employs a function of linear activation. Afterward, the model 
undergoes compilation through the” model. compile ()” 
method. At this stage, we define the optimization algorithm 
commonly used in training neural networks (Adam optimizer), 
utilize MSE as the loss function, and include RMSE, MSE, 
and MAE for assessing the model. Subsequently, the model 
undergoes training using the method of” model . fit()”. This 
involves providing the inputs that include both the training 
data and target variables that involve 150 epochs. 
Simultaneously, the model’s performance is assessed utilizing 
the validation data parameter. 

 

  
FIGURE 4.  Correlation study results 
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G. Assessing Performance and Outcomes through 
Regression Plots 

In the assessment of ML algorithms, we incorporated plots of 
regression alongside diverse performance metrics such as 
MAE, MSE, RMSE and the R-squared score. Regression plots 
provide a graphical depiction of the relationship between 2 
variables, displaying the line representing the predictions of 
model. This tool aids in evaluating the performance of ML 
models and discerning data trends and patterns. We 
specifically utilized plots of regression to visually represent 
the predictions through testing conducted on the test set (y 
test), Illustrating the correlation from predicted values, and 

observed values. These visualizations provided valuable 
insights into the models’ capability to accurately forecast 
students’ total scores, as demonstrated in Figures 7 through 12. 
In Python, regression plots can be created using the regplot() 
function from the Seaborn library. After analyzing the 
regression plots of the employed models, it’s evident that the 
DNN model exhibits a superior fit to the data. 

H. Performance Metrics in Machine Learning 
Performance metrics in machina learning furnish quantitative 
measures for assessing the efficacy of models in capturing 
patterns and making precise predictions. Key metrics such as 

 

  
(a) (b) 

  
(c) (d) 

 
 

(e) (f) 
 
FIGURE 5.  This figure represent the prediction of Models:  (a) Linear Regression plot, (b) XGBoost plot, (c) Random Forest plot, (d) K-Nearest 
Neighbors plot,(e) Deep Neural Network plot ,(f) Decision Tree plot 
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R-squared, MAE, MSE, and RMSE provide valuable insights 
into the degree to which a model fits the data and the proximity 
of its predictions to actual values [29].  

By scrutinizing these metrics, researchers and practitioners 
can compare various models, discern their strengths and 
limitations, and make well-informed decisions regarding 
model selection and optimization strategies. In this study, a 
range of performance metrics were employed to assess the 
effectiveness of the machine learning models. The R-squared 
score assesses the proportion of the target variable’s variance 
explained by the model, with a higher score indicating a better 
fit. MAE calculates.  The average absolute difference between 
predicted and actual values, where a lower MAE signifies 
greater accuracy. Likewise, MSE computes the average 
squared difference between predicted and actual values, with 
lower values indicating a better fit. RMSE quantifies the mean 
error calculated in units consistent with the target variable, 
with lower values suggesting greater precision. TABLE 6 
presents the MAE, RMSE, MSE, R-squared and values for the 
various ML-models utilized. 
V. DISCUSSION 

From the regression plots and analyzing the results, it is 
evident that the Deep Neural Network (DNN) model has 
emerged as the best performing, showing an outstanding 
coefficient of determination at 99.96% with minimal error 
metrics such as Mean Absolute Error (MAE) at 0.47, Mean 
Squared Error (MSE) at 0.07, and Root Mean Squared Error 
(RMSE) at 1.16. This performance underlines the robustness 
of DNN and its ability to model complex nonlinear 
relationships inherent in the data. The performance of the 
DNN model in this study is consistent with findings from other 
research where deep learning models have demonstrated 
superior capabilities in handling complex datasets with 

nonlinear relationships. For instance, similar studies (TABLE 
7) in educational data mining have reported high accuracy and 
low error rates with DNN models compared to traditional 

regression techniques. Linear Regression (L.R) models, while 
effective in capturing linear relationships, generally fall short 
in performance when dealing with more complex patterns, as 
seen in this study where the L.R model had an R-squared of 
99.12% but higher error metrics. Despite the impressive 
results, there are several limitations to consider. The DNN 
model, while highly accurate, is computationally intensive and 
may require significant resources for training and deployment. 
Additionally, the model's performance is highly dependent on 
the quality and quantity of the data, which may limit its 
generalizability to other datasets or domains. Furthermore, the 
simplicity and interpretability of Linear Regression models are 
often preferred in some applications despite their lower 
performance in complex datasets. The K-Nearest Neighbors 
(K-NN) model, though effective in similarity-based 
predictions, may struggle with high-dimensional data, 
indicating potential issues with the curse of dimensionality. 
The findings from this study have several implications for the 
application of machine learning models in educational data 
analysis [30]. The superior performance of the DNN model 
suggests that deep learning techniques can be highly effective 
in predicting student performance, potentially leading to more 
accurate and timely interventions. However, the resource 
requirements and complexity of these models must be 
carefully managed. The study also highlights the need for a 
balanced approach, where simpler models like L.R or 
ensemble methods such as Random Forest (R.F) can be used 
in conjunction with more complex models to provide 
comprehensive insights. Future research should explore 
hybrid models and techniques to leverage the strengths of 
different approaches while mitigating their weaknesses. 

TABLE 6 
Evaluation of models using RMSE, R-squared, MSE, and MAE 

Model R-Squared(%) MAE MSE RMSE 

k-NN 98.75 1.42 3.49 1.88 

DNN 99.96 0.47 0.07 1.16 

LR 99.12 3.43 1.85 4.28 

DT 97.35 3.19 17.27 4.18 

RF 98.63 1.47 4.05 2.03 

XGB 96.07 6.05 49.91 7.12 

 
TABLE 7 

Comparison of Machine Learning Techniques for Predicting Student Performance 
Author Method Result Accuracy 

This Study Deep Neural Network (DNN) Outstanding performance with an R-squared of 99.96%, MAE of 0.47, 
MSE of 0.07, RMSE of 1.16 99.96% 

This Study Linear Regression (L.R) Effective in capturing linear relationships but lower performance on 
complex data with higher error metrics 99.12% 

Yang[7] BiLSTM with attention 
mechanism Achieved significant accuracy in predicting student grades 91.15% 

Pelima[4] Decision Tree Extensive application in predicting student grades, demonstrated 
effectiveness Not specified 

Subbarayudu [3] K-Nearest Neighbor (KNN) Effective in similarity-based predictions but may struggle with high-
dimensional data Not specified 
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A.  Implications for Educational Practices and Policy 

This study highlights the significant potential of machine 
learning models, particularly Deep Neural Networks (DNN), 
in educational settings. The superior performance of DNN 
models suggests they could be instrumental in developing 
advanced predictive tools for identifying at-risk students. Such 
tools would enable educators and policymakers to implement 
proactive interventions and provide personalized support 
tailored to individual student needs. Additionally, the insights 
gained from these models could inform the development of 
curricula, allocation of resources, and the creation of 
supportive education policies that foster an inclusive and 
effective learning environment for all students. This approach 
not only enhances student performance but also ensures that 
educational practices are data-driven and adaptive to the 
diverse needs of the student population. 
 
B. Future Directions and Limitations 

It, however, points out more research that should be conducted 
but seems promising. The study in the future may look more 
to integrate variables in terms of behavioral and socio-
emotional to understand how they influence the prediction of 
student performance. Investigation of the applicability of these 
models across diverse settings and to other levels of education 
would, of course, open a broader understanding of their utility 
and scalability. A notable limitation of this study is its reliance 
on a single dataset. These might improve the generalization of 
the results if the models are validated in other datasets under 
different educational contexts. Additionally, DNNs perform 
better than non-deep learning models, but this ’black box’ 
problem remains, making the model uninterpretable when 
applying them to specific interventions. Efforts to demystify 
the decision process of DNNs or create more interpretable 
models without any significant degradation of performance 
would add value. The proof of concept through this study is 
that machine learning models, especially DNN, could 
efficiently be used for student performance, hence leading the 
way to the use of technology in gaining efficiency for 
educational outcomes. Further, refinement in these models 
and the study of practical applications for them can help us 
proceed substantially forward in building more personalized 
and effective systems of education. 

 
VI. CONCLUSION 
The main aim of this research is to utilize ML algorithms for 
predicting performance of students. After implementing and 
assessing various machine learning algorithms, our results 
indicate that the D.N.N model outperforms other approaches 
in terms of error metrics and the determination coefficient with 
99.96% as determination coefficient and minimal errors, the 
D.N.N demonstrates remarkable accuracy in forecasting 
grades of students. The obtained results carry important 
ramifications for teachers and supervisors seeking to leverage 
ML to enhance student achievements and promote academic 
achievement. Through pinpointing the most efficient 

algorithms for forecasting student grades, we can attain deeper 
understandings of the factors impacting the performance of 
student and customize teaching-process and teaching-
methodologies and support mechanisms to address individual 
student requirements. In summary, this study underscores the 
transformative capacity of ML in reshaping educational 
practices by delivering personalized and focused assistance to 
students. Through continued exploration and enhancement of 
these methodologies, we can further progress endeavors to 
empower students in realizing their academic aspirations. 
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