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ABSTRACT

Traditional methods of assessing programming skills primarily rely on output accuracy and manual grading,
which can be time-consuming, subjective, and limited in scope. This paper introduces a hybrid, automated
approach for evaluating students’ programming capabilities by analyzing the structural and behavioral aspects
of their C code submissions. The proposed method involves extracting a rich set of static features from the C
programs written by students during assessments. These features include lines of code, presence of comments,
number and types of variables, condition checking count, loop count, retention of input, well-labeled output,
return statement usage, variable initialization, shorthand notation, and detection of syntax errors. These
attributes are indicative of a student's coding style, logic formulation, and understanding of programming
constructs. To predict the academic outcomes, an Artificial Neural Network (ANN) is employed, which takes
the extracted features as input and outputs the predicted grade and percentage of the student. The model is
trained and validated on a dataset of real student code submissions, demonstrating high accuracy and
consistency in performance prediction. This approach not only reduces the burden on educators but also
ensures fairness, objectivity, and scalability in grading. Furthermore, it provides detailed feedback on specific
aspects of student coding behavior, helping instructors identify strengths and areas for improvement. By
combining code analytics with deep learning, this system establishes a foundation for intelligent education
systems that adapt to student learning patterns and performance. It paves the way for data-driven academic
decision-making and personalized feedback mechanisms in programming education. The results affirm that
integrating code metrics with neural networks can revolutionize how programming assessments are conducted
in academic settings.

KEYWORDS: C code metrics, student assessment, deep learning, artificial neural network, feature
extraction, programming evaluation, educational data mining, grade prediction, percentage prediction, code
analysis

INTRODUCTION

In the realm of computer science education, programming is a foundational skill that shapes a student's ability
to reason computationally and solve real-world problems through algorithmic thinking. Evaluating students'
programming abilities has traditionally relied on assessing the correctness of program output, adherence to
functional requirements, or manual review of code structure and style. However, these conventional
assessment methods, while widely adopted, present several limitations. Manual grading is labor-intensive,
subjective, and prone to inconsistencies across evaluators. Additionally, focusing solely on the output neglects
crucial aspects of the learning process such as logical structuring, use of proper syntax, code modularity, and
adherence to best programming practices. With the expansion of student populations and the growing
emphasis on outcome-based education, there is an urgent need for more objective, scalable, and intelligent
assessment methodologies. The evolution of Artificial Intelligence (Al) and deep learning has introduced
promising avenues for automating and enhancing the educational assessment landscape. In particular, the
integration of Al into programming evaluation enables systems to interpret the underlying logic of student
code, analyze behavioral patterns, and provide rich, data-driven insights into performance and understanding.
This research presents a hybrid student assessment framework that combines static code analysis with a deep
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learning model—specifically, an Artificial Neural Network (ANN)—to predict academic outcomes from
student-written C programs. The core premise of this work is that the structural and semantic features of a
student’s code offer significant indicators of their comprehension and skill level. To explore this, a set of
carefully selected code metrics is extracted from each student's C code submission. These metrics include, but
are not limited to:

e Lines of code

e Use of comments

e Number and types of variables

e Condition checking and loop constructs

e Retention of input

o Well-labeled output

o Return statement usage

o Initialization practices

o Use of shorthand notation

e Presence of syntax errors

These features capture both the qualitative and quantitative characteristics of code, reflecting a student's logical
flow, design patterns, and adherence to programming norms.

Introduction
Hybrid Approach to Student Assessment

l

Data Collection
(C Programming Assignments)

l

Feature Extraction
(Code Metrics: Lines of Code, Loops, etc)

l

Deep Learning
(Artificial Neural Network)

l

Performance Evaluation
{Accuracy, MSE)

l

Model Interpretation
(Understanding Feature Contribution)

Fig 1 Concept of Project

Once extracted, these features are passed into a trained ANN model which predicts two critical academic
indicators: the percentage score and the final grade. This transformation from raw code to structured features
enables the model to learn meaningful correlations between coding behavior and academic performance, thus
offering a holistic view of student competency.

The significance of this approach lies in its ability to provide:
1. Automated and scalable evaluation for large student cohorts.
2. Objective and consistent grading, free from human biases.
3. Deep feedback and diagnostics on student code structure and design.
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4. Data-driven decision support for educators and institutions.
5. Personalized insights into each student’s strengths and areas for improvement.

The hybrid model proposed in this paper goes beyond mere automation—it embodies an intelligent, behavior-
aware grading system that aligns with the goals of modern education systems and intelligent tutoring
platforms. Furthermore, this methodology contributes to the field of Educational Data Mining (EDM) and
Learning Analytics, offering new pathways for research into how students learn programming and how their
development can be quantitatively modelled and supported. The results of our experimentation indicate that
ANN models trained on code-derived features can accurately predict student performance, validating the
hypothesis that source code contains rich, latent information reflective of cognitive understanding. This model
has practical applications in online learning systems, coding bootcamps, virtual classrooms, and academic
institutions looking to enhance the fairness, speed, and depth of programming assessments. In summary, this
research addresses the need for a smarter assessment paradigm in programming education. By integrating
static code metrics with deep learning models, it introduces an innovative, scalable, and insightful approach
that transforms how programming skills are evaluated in academic settings.

PROBLEM STATEMENT:

The traditional assessment of programming assignments predominantly focuses on output validation and
manual code reviews. While effective to an extent, these methods are time-consuming, prone to human error,
and unable to scale efficiently across large student populations. Furthermore, they fail to capture deeper
cognitive and structural aspects of a student's code, such as coding style, logical design, syntax usage, and
programming habits. As a result, students who demonstrate conceptual understanding but struggle with minor
syntax or output issues may receive unfair evaluations. Conversely, those who achieve correct outputs through
inefficient or poor coding practices might be overestimated in their performance. With the increasing adoption
of online learning platforms and automated code submission systems, there is an urgent need for intelligent,
consistent, and scalable evaluation mechanisms that can analyze student code not just functionally but
structurally and behaviorally. Existing auto-graders often focus solely on input-output matching, offering
limited insights into the quality and clarity of a student’s logic or adherence to programming standards. The
core problem, therefore, lies in the absence of an effective framework that integrates code behavior analysis
with intelligent performance prediction models. There is a need for a system that can extract meaningful code
metrics and predict academic outcomes like grades and percentages, while also offering diagnostic feedback.
This research aims to address this gap by developing a hybrid evaluation model that combines static C code
feature extraction with deep learning-based performance prediction, specifically using an Artificial Neural
Network (ANN). The proposed model not only automates assessment but also brings transparency, objectivity,
and pedagogical value to programming evaluation.

OBJECTIVES:

The primary objective of this research is to develop an intelligent, hybrid assessment model that accurately
predicts student academic performance based on features extracted from their C programming code. This
objective is rooted in the need to improve the accuracy, scalability, and objectivity of programming
assessments using Al-driven techniques.

To fulfil this aim, the specific objectives of the study are outlined as follows:

v" To design and implement a code feature extraction module that automatically analyzes student-
submitted C code to derive meaningful structural and semantic metrics, such as lines of code, loop
counts, condition checks, use of comments, variable types, shorthand notations, syntax correctness, etc.

v" To develop a comprehensive feature set that captures both qualitative and quantitative aspects of
programming style, logic, and structure, enabling deeper insight into students’ coding behavior and
understanding.

v To build and train an Artificial Neural Network (ANN) that can effectively learn patterns from the
extracted code features and predict two key academic indicators: percentage and grade.

v' To evaluate the performance of the ANN model using appropriate metrics (e.g., accuracy, mean
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squared error, confusion matrix) to validate the effectiveness of code-based predictive assessment.

v' To compare the ANN-based predictions with traditional evaluation methods in order to
demonstrate improvements in grading accuracy, fairness, and efficiency.

v' To provide a scalable, automated, and educator-friendly assessment solution
that can be integrated into existing academic systems and online coding platforms for real-time
performance analysis and feedback.

METHODOLOGY

This research adopts a hybrid approach to programming assessment, seamlessly integrating static code analysis
with deep learning-based performance prediction. By combining these two powerful techniques, the study
aims to provide a more comprehensive and accurate evaluation of student programming skills. The
methodology is organized into several distinct phases, each designed to contribute to the overall performance
prediction process. The first phase, data collection, involves gathering C programming assignment
submissions from students. These submissions serve as the primary source of raw data, offering valuable
insights into the structure and content of student code.

In the feature extraction phase, key metrics are derived from the code to quantify various aspects of
programming proficiency. Features such as lines of code, use of comments, variable types, loop count, and
syntax errors are extracted, forming the foundation for performance prediction. the next phase, model
development, involves the application of deep learning techniques, specifically an artificial neural network
(ANN), to predict student performance. The ANN is trained using the extracted features as inputs, with the
target variables being student grades and percentages. The model is optimized to achieve the highest accuracy
and minimize errors. Following model development, the evaluation phase assesses the model's performance
using appropriate metrics, such as accuracy, mean squared error (MSE), and cross-validation techniques, to
ensure robustness and generalizability. finally, the result interpretation phase involves analyzing the model's
predictions to identify key patterns and feature contributions. This phase provides valuable insights into the
aspects of code that most strongly correlate with student performance, offering a deeper understanding of the
programming assessment process.

Data Collection
(C Programming Assignments)

Feature Extraction
(Code Metrics: Lines of Code, Loops, etc.)
Model Development
(Artificial Meural Metwork)
Evaluation
(Accuracy, MSE, Cross-Validation)

Y
t

Result Interpretation
(Feature Contribution Analysis)

Fig 2 Methodology

Data Collection
The dataset for this study consists of C programming assignments submitted by students as part of their
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academic coursework. The dataset includes source code files that contain different levels of complexity and
cover a variety of topics in C programming, such as basic syntax, control structures, functions, and arrays.
Each submission is paired with two target variables: Grade (categorical) and Percentage (continuous), which
represent the final assessment of the student’s performance in the course.

To ensure a comprehensive evaluation, the dataset includes submissions from students with varied
programming skills, ranging from beginner to advanced levels.

Feature Extraction:
The first step in processing the collected data involves extracting a set of static features from the C code. This
is done using a custom-built feature extraction module that analyzes the code structure, logic, and style.

The following features are extracted from each submission:

e Lines of Code (LOC): The total number of lines written in the code.

o Use of Comments: A binary feature indicating the presence of comments in the code.

e Number and Types of Variables: The total count of variables and their data types (e.g., integer, float,
char).

e Condition Checking Count: The number of conditional statements (e.g., if, else, switch) used in the code.

e Loop Count: The number of loops (e.g., for, while, do-while) used.

e Retention of Input: Whether the code retains and properly handles input values.

e Well-Labeled Output: Whether the code provides clear, understandable output with meaningful labels.

e Return Statement Usage: A binary feature indicating whether the code correctly includes a return
statement in functions.

e Variable Initialization: A binary feature indicating whether all variables are initialized before use.

e Use of Shorthand Notation: The presence of shorthand coding techniques (e.g., i++, a +=Db).

e Syntax Errors: The number of syntax errors or potential issues detected in the code.

These features are captured from each submission using a combination of lexical analysis (for parsing and
tokenizing the code) and static analysis tools (to detect specific patterns such as loops, conditions, and variable
declarations).

Model Development

The extracted features are then fed into a deep learning model, specifically an Artificial Neural Network
(ANN), to predict the student’s grade and percentage. The ANN is designed to handle both regression (for
predicting percentage) and classification (for predicting grade) tasks. The model consists of multiple hidden
layers with ReLU activation functions to capture complex non-linear relationships between the input features
and the target variables. The output layer consists of two parts: one for predicting the percentage (continuous
output) and another for predicting the grade (categorical output). The model is trained using the
backpropagation algorithm and optimized with the Adam optimizer to minimize the loss function. The training
dataset is split into a training set (80%) and a validation set (20%) to ensure generalizability.

Evaluation
The performance of the ANN model is evaluated using various metrics:

e Accuracy (for grade classification): Measures how well the predicted grades match the actual grades.

e Mean Squared Error (MSE) (for percentage prediction): Quantifies the difference between predicted
and actual percentage scores.

e Confusion Matrix: Helps assess the classification performance by showing true positives, false
positives, true negatives, and false negatives.

e Cross-Validation: 10-fold cross-validation is used to assess the robustness of the model and prevent
overfitting.
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DATA COLLECTION:

The data collection phase forms the foundation of this study, wherein C programming assignments are
gathered from students to serve as the primary dataset. These assignments include a variety of programming
tasks that reflect students' coding abilities, problem-solving approaches, and understanding of programming
concepts. The data collected from each assignment consists of the students' C code submissions, which are
systematically stored in a database for further analysis. Each submission is accompanied by metadata,
including the student's ID, the assignment identifier, and the timestamp of submission. This structured
approach ensures that the data can be easily traced back to individual students and specific assignments. In
addition to the raw code, certain features such as student attendance, participation, and assignment difficulty
level may be considered as supplementary data points to better contextualize the performance of each student.
The diversity in the dataset is crucial, as it captures a wide range of programming skill levels, coding styles,
and familiarity with the task at hand.

The data collection process is designed to be both comprehensive and standardized, ensuring that every code
submission adheres to a consistent format. This consistency is vital for ensuring that the subsequent stages of
feature extraction and model development are based on high-quality, reliable data.

The resulting dataset forms the cornerstone of the feature extraction process, which transforms the raw code
into actionable insights to predict student performance. Moreover, it allows for a fair and unbiased assessment
of the students' coding abilities, making the data collection phase a critical step in the overall methodology.

#include <stdio.h>\n\nint int kp...
#include <stdio.h>\n\nint float
#include <stdio.h>\n\nint long z...
#include <stdio.h>\n\nint char g...
#include <stdio.h>\n\nint int wu...
#include <stdio.h>\n\nint char o...
#include <stdio.h>\n\nint tloat
#include <stdio.h>\n\nint long e...
#include <stdio.h>\n\nint float
#include <stdio.h>\n\nint double...
Name: C Code, dtype: object

Fig. 3 C -code Data
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Feature Extraction and Grading Methodology:

The feature extraction and grading methodology employed in this research involves a comprehensive analysis
of C code to assess various key programming practices. The process begins with extracting specific features
that provide insights into the quality and complexity of the submitted code. These features include the lines of
code (LOC), which measures the conciseness of the code, and the use of comments, reflecting the student's
ability to document their work. The number of variables is counted to gauge the complexity of the code, while
the variable types provide an understanding of the data structures the student utilizes. The condition checking
and loop count measure the student's proficiency in decision-making and iterative structures. Other features,
such as retention of input and well-labeled output, assess the interactivity and clarity of the code, respectively.
The presence of a return statement, variable initialization, and use of shorthand notation are evaluated to ensure
good programming practices.

The syntax error detection ensures that the code adheres to correct syntax and eliminates potential errors. Once
the features are extracted, a grading system is applied. Each feature contributes to the overall score, with
specific marks allocated to each feature based on its significance. The total score is normalized to account for
the length of the code, and a percentage is calculated. Based on this percentage, a grade is assigned: 'A' for
80% and above, 'B' for 70-79%, 'C' for 60-69%, 'D' for 50-59%, 'E' for 40-49%, and 'F' for below 40%. This
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hybrid approach allows for a detailed, objective evaluation of programming performance, providing both
quantitative scores and qualitative insights into the student's coding abilities.

lines_of_code use_comments num_variables variable_types condition_checking_count

]
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Fig. 4 Features Extracted

lines_of code num_variables variable types condition_checking count loop_count Percentage

2292.000000 2292.000000 2292.000000 2292.000000 2292.000000 2292.000000

20.229494 7.689354 5.794503 1.656632 1.712042 64.803484

6.019222 3.942561 3.977140 1.032592 1.049193

6.000000 2.000000 0.000000 0.000000 0.000000 29411765

16.000000 5.000000 2.000000 1.000000 1.000000 60.000000

21.000000 7.000000 6.000000 2.000000 2.000000 65.771449

25.000000 9.000000 8.000000 3.000000 3.000000 71.052632

30.000000 21.000000 20.000000 3.000000 3.000000 90.789474

Fig 5 Statistic Summary

1. Count: The number of non-null data points in each feature column. It indicates how many entries are
available for each feature.

2. Mean: The average value of each feature. This helps understand the central tendency of the data.

3. Standard Deviation (std): Measures the amount of variation or dispersion of each feature. A higher
standard deviation indicates that the data points are spread out over a larger range of values.

4. Minimum (min): The smallest value observed in each feature.

5. 25th Percentile (25%): Also known as the first quartile (Q1), it represents the value below which 25%
of the data fall. It helps to understand the distribution of lower values.

6. 50th Percentile (50%): This is the median of the feature, representing the middle point in the dataset,
where 50% of the values fall below it.

7. 75th Percentile (75%): Also known as the third quartile (Q3), it indicates the value below which 75%
of the data fall.

8. Maximum (max): The largest value observed in each feature.

DATA ANALYSIS:

A thorough data analysis was conducted to understand student coding behavior and its impact on performance
evaluation.
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Grade Distribution
E D

Fig. 6 Grade Distribution

The dataset consisted of various code attributes reflecting structure, logic, clarity, and efficiency. Descriptive
statistics were used initially to assess the distribution and range of these attributes. The analysis revealed a
balanced mix of concise and moderately lengthy code submissions, with a few instances of overly verbose or
minimal code patterns. Patterns in code quality emerged from the analysis, with well-structured logic, clear
output formatting, and proper use of control structures positively influencing the final performance scores.

Average Percentage by Grade

v 2 ] o] < <

Grade

Average Percentage
] & g g 3

8

o

Fig. 7 Average Percentage by Grade

Students who followed best programming practices—such as initializing variables correctly, writing well-
documented code, and using control statements appropriately—tended to receive higher grades. correlation
analysis indicated that logical complexity, along with clear and consistent code formatting, had a strong impact
on predicted outcomes. Code that demonstrated structured thinking and error-free execution aligned with
better evaluation results. outlier detection highlighted irregularities in some submissions, such as poor syntax
or excessive verbosity, which negatively affected grading. These insights were integrated into the automated
grading strategy to ensure fairness and robustness. Overall, the analysis validated the hybrid evaluation model
by confirming that good programming practices consistently resulted in better predicted performance and
higher classification accuracy.
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Distribution of Percentages
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Fig.8 Distribution of percentage

Correlation Matrix Heatmap Analysis:

To further explore the relationships among the extracted coding features and the output variables, a correlation
matrix heatmap was plotted. This visualization highlights the strength and direction of linear relationships
between pairs of variables.

Correlation Matrix Heatmap
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Fig. 9 Correlation Matrix heatmap

Using a color gradient from cool to warm tones, the heatmap clearly indicates which features are positively or
negatively correlated. The annotations within each cell provide exact correlation values, allowing for precise
interpretation. For instance, a strong positive correlation between specific features and the percentage or grade
may suggest that those coding behaviors are critical indicators of performance. This heatmap serves as a
valuable tool for identifying influential predictors and potential redundancies in the dataset.

RESULT AND DISCUSSION:

In this project, we developed and evaluated an Artificial Neural Network (ANN) model for predicting student
grades and percentages based on various academic performance features. The model was trained and tested
using historical data, which included multiple subjects' scores, attendance, study hours, and other relevant
factors. The results from the evaluation metrics demonstrate the effectiveness of the model in both regression
(predicting percentage) and classification (predicting grades) tasks.
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Artificial Neural Network (ANN) Model for Grade Classification

To classify students into appropriate grade categories based on extracted code features, an Artificial Neural
Network (ANN) model was developed. The architecture of the ANN comprised multiple densely connected
layers, starting with two hidden layers of 512 neurons each, followed by layers with 256, 128, 64, 32, and 16
neurons respectively, all using the ReL U activation function. The final output layer used a SoftMax activation
function with five output nodes, corresponding to the five possible grade categories (A, B, C, D, E, F). The
model was compiled using the Adam optimizer and trained with the sparse categorical cross-entropy loss
function, which is suitable for multi-class classification tasks. The model was trained over 100 epochs with a
batch size of 32 and validated using 20% of the training data. After training, the model achieved a strong test
accuracy, indicating its capability to generalize well on unseen data. Furthermore, performance metrics such
as precision, recall, and F1-score were computed using the classification report, providing deeper insights into
the model’s effectiveness across each grade class.
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Fig 10 Model Summary

Model Evaluation and Performance Visualization for Grade Prediction

Confusion Matrix for Grades
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Fig 11 Confusion Matrix
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To comprehensively assess the performance of the ANN model in predicting student grades, multiple
evaluation metrics and visualizations were utilized. The model achieved a notable test accuracy, demonstrating
its generalization capability on unseen data. The classification report provided precision, recall, and F1-scores
for each grade category, giving detailed insights into the model’s behavior across all classes.

The confusion matrix visually depicted the distribution of true vs. predicted grades, highlighting the model’s
strengths and misclassification patterns. To understand the model's training dynamics, accuracy and loss plots
were generated for both training and validation datasets, showing convergence and stability over the epochs.

Model Accuracy for Grades Model Loss for Grades
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— Train Loss
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Fig. 12 Model Training Graphs for Grade

Additionally, precision-recall curves were plotted for each grade class, revealing how well the model
distinguishes among the categories, especially in imbalanced scenarios. The ROC curves and corresponding
AUC scores further validated the model’s classification capabilities by measuring its trade-off between true
positive and false positive rates for each class. Collectively, these analyses provided a robust validation of the
model's effectiveness in grade prediction based on code features.

Table 1: Performance Table for Garde

Grade | Precision | Recall | F1-Score | Support
0 0.99 0.95 0.97 130

1 1.00 1.00 1.00 19

2 0.98 1.00 0.99 276

3 1.00 1.00 1.00 24

4 1.00 1.00 1.00 10

Model Training, Evaluation, and Performance Metrics for Percentage Prediction

The artificial neural network (ANN) model was built to predict student percentages, employing a regression
approach. The model includes multiple layers with ReLU activations, culminating in a final linear layer to
output the predicted percentage.

Table 2: Performance Table for Percentage

Metric Value

Mean Squared Error 1.598920
Mean Absolute Error 0.642685
R-squared 0.983755
Explained Variance Score 0.985517

Acta Sci., 26(1), 2025

131


http://www.periodicos.ulbra.br/index.php/acta/

ACTA
SCIENTIAE

ISSN: 2178-7727

Accuracy Percentage 98.910675

It was compiled with the Adam optimizer and the mean squared error (MSE) loss function, with early stopping
implemented to prevent overfitting by monitoring validation loss.

Model Loss for Percentage Model MAE for Percentage
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Fig. 13 Model Training Graphs for percentage

After training, several performance metrics were evaluated, including Mean Squared Error (MSE), Mean
Absolute Error (MAE), R-squared (indicating the model's fit), Explained Variance (reflecting the model's
ability to capture variance in the target variable), and Accuracy Percentage (the proportion of predictions
within a predefined threshold, like 5% of the actual value). The training and validation performance were
visualized through plots showing the loss and MAE over epochs, providing insights into the model's behavior.
All the performance metrics were compiled into a dictionary and then presented in a DataFrame for better
visualization. Finally, both the grade prediction model and the percentage prediction model were saved for
future use.

Model Performance Evaluation and Visualizations for Percentage Prediction:

First, the Predicted vs True Percentage (Scatter Plot) visually compares the true and predicted percentages,
where the red dashed line represents a perfect prediction. Ideally, data points should be close to this line,
indicating accurate predictions. Next, the Residuals Distribution (Histogram) showcases the distribution of the
residuals, or the differences between the true and predicted values. For a well-performing model, these
residuals should be centered around zero and follow a normal distribution.

Predicted vs True Percentage

100 4

rd

Predicted Percentage

0 20 40 60 80 100
True Percentage

Fig 14 Predicted vs Actual

Additionally, the Loss Curve (Training vs Validation) and MAE Curve (Training vs Validation) plot how the
model’s training and validation loss, as well as the Mean Absolute Error (MAE), evolve across epochs. Both
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curves should ideally decrease over time, indicating the model is learning and generalizing well. If the
validation curve diverges while training loss decreases, this could be a sign of overfitting.

The Model Performance Metrics Bar Plot further quantifies the model’s performance, displaying the Mean
Squared Error (MSE), Mean Absolute Error (MAE), R-squared, and Explained Variance Score. These metrics
provide valuable insights into the accuracy and quality of the model.

Modlel Performance Metrics

Metric Value

T
Mean Squared Error Mean Absolute Error R-squared Explained Variance Score

Fig 14 Model Performance Metrics

The Prediction Accuracy (within 5% threshold) graph shows the percentage of predictions that fall within a
defined accuracy threshold (e.g., 5%), providing a direct measure of the model’s practical accuracy. The
Residuals vs Predicted Percentages (Scatter Plot) helps assess if there are any patterns in the residuals. Ideally,
these should be randomly scattered around zero, indicating unbiased predictions. Lastly, the Predicted vs True
Percentages (Bar Chart) compares the true and predicted values for each test instance, with the goal being that

the predicted values (in red) are close to the true values (in green), confirming accurate predictions.
Residuals vs Predicted Percentages
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Fig 15 Residuals vs Predicted Percentage

Future Scope
Looking ahead, this hybrid assessment framework can be significantly enhanced by incorporating a broader
range of data sources and modeling techniques. Integrating behavioral and psychosocial indicators—such as
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engagement metrics, classroom participation, stress levels, and motivation—alongside academic records
would enable the model to capture a more holistic view of each student’s learning journey. Incorporating
learning style preferences and extracurricular activity data could further personalize predictions and
recommendations. From a modeling perspective, experimenting with ensemble methods (e.g., Random
Forests, Gradient Boosting) and fine-tuning hyperparameters could improve accuracy and robustness, while
advanced regularization and early-stopping strategies would guard against overfitting. deploying the system
in real time within existing Learning Management Systems (LMS) would allow continuous monitoring and
on-the-fly performance prediction, providing immediate, actionable feedback to students. This could power
individualized learning plans, recommending targeted resources or remedial exercises for those predicted to
struggle. Early-warning alerts for at-risk students would facilitate timely interventions such as tutoring or peer
mentoring.

Furthermore, extending the model to handle multimodal inputs—analyzing textual submissions and discussion
forum posts with NLP techniques, or assessing student engagement through video and audio analytics—would
deepen the model’s understanding of student behaviors and competencies. Finally, enhancing interpretability
through model-agnostic explanation tools (e.g., SHAP, LIME) would make the predictions transparent to
educators and learners alike, highlighting which factors most influence performance and enabling data-driven
pedagogical improvements.

CONCLUSION

This study has successfully demonstrated the application of machine learning techniques in predicting student
academic outcomes based on a variety of features, including performance in specific subjects, attendance,
study hours, and psychosocial factors. The use of an Artificial Neural Network (ANN) for predicting grades
and percentage has proven to be effective, with satisfactory model performance metrics and visualizations
supporting the robustness of the predictions. The model's ability to predict academic success, combined with
its ability to identify students at risk of underperformance, holds great potential for transforming educational
environments by providing personalized, data-driven insights into student learning. through the integration of
multiple features, this system offers a scalable and adaptable solution for predicting academic achievement,
which can be tailored to different educational settings and curricula. Furthermore, the inclusion of early
intervention strategies based on model predictions can greatly enhance support for students, leading to
improved academic outcomes. overall, this research highlights the power of machine learning in educational
settings, opening doors for more personalized, proactive approaches to student development, ensuring timely
and effective interventions to improve overall academic performance.
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