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Abstract:

Introduction: Accurate grade classification in education is essential for early intervention and performance
assessment. This study presents a comparative analysis of Random Forest and Neural Networks in classifying student
grades using a dataset of 2,392 high school students. The aim is to evaluate both models’ predictive performance and
interpretability in an educational data mining context. Methods: The dataset, containing academic and demographic
features, was pre-processed by handling missing values, encoding categorical variables, and scaling numerical features.
Grades were categorized into five classes: A, B, C, D, and F. Both models were implemented using Python and
evaluated with metrics including accuracy, precision, recall, and F1-score. Hyperparameter tuning was performed via
Grid Search with cross-validation to optimize performance. Results: The Random Forest model achieved a baseline
accuracy of 70.2%, outperforming Neural Networks at 69.1%. After tuning, Random Forest improved to 71.45%
accuracy, while Neural Networks reached 70.49%. Both models demonstrated strong precision and recall in identifying
failing students (class F), with F1-scores of 0.90 and 0.89, respectively. However, classification of mid-range grades
(Ato D) remained challenging due to class overlap. Feature importance analysis highlighted interpretability advantages
in the Random Forest model. Conclusions: Both models are effective for grade classification, with Random Forest
offering slightly better accuracy and interpretability. Neural Networks, while slightly less accurate, capture nonlinear
relationships effectively post-tuning. The results suggest that model selection should be guided by context-specific
needs, balancing performance with transparency. Future work may include ensemble techniques and expanded feature
sets to improve classification robustness.

Keywords: Data Pre-processing, Educational Data Mining, Grade Classification, Hyperparameter Tuning, Model
Evaluation, Neural Networks, Random Forest.
Dataset link: https://www.kaggle.com/datasets/rabieelkharoua/students-performance-dataset

1. Introduction

In recent years, classification tasks have become central to a myriad of machine learning applications, ranging
from defect detection in integrated circuit packaging to disease diagnosis and ecological mapping. Both neural
networks and random forest algorithms have demonstrated distinct strengths in addressing complex classification
problems. Neural networks—with architectures such as CNNs, ResNet, deep stacked CapsNet, and vision
transformers—have been successfully applied in various domains. For example, [1] employed a CNN on an
ESP32-CAM for integrated circuit defect classification, achieving an accuracy of 86.1%, while [2] combined
ResNet and advanced image processing techniques to detect weeds in vegetables with accuracies exceeding 95%.
Furthermore, studies by [3] and [4] have pushed the envelope in fabric defect classification and retinal disease
diagnosis, achieving accuracies of 99.8% and up to 98.1%, respectively, with additional contributions from [5] in
radar classification using WiSARD neural networks.

Despite these significant advances, a notable research gap remains in the literature: there is a scarcity of
comprehensive comparative studies that evaluate the performance of neural network classifiers against random
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forest classifiers across diverse applications. While many studies have focused on specific domains—such as
integrated circuit defect classification, agricultural weed detection, or medical diagnosis—the majority have not
explored a systematic comparison that addresses predictive performance, computational efficiency, and model
interpretability. This gap leaves practitioners without clear guidance on choosing between the high accuracy often
provided by neural networks and the robustness and transparency characteristic of random forest methods.

Over the past five years, the state of the art in neural network classification has flourished, as evidenced by
the recent work of [1]-[5]. In parallel, random forest classifiers have proven their efficacy in various settings,
from diagnosing cataract eye disease with an accuracy of 92% and an F1-score of 92.4% [6], mapping forest types
along ecological gradients in Pakistan [7], to enhancements in algorithm performance via hierarchical clustering
approaches [8] and precise plant functional type classification using spectral libraries [9]. These advancements
underline both the potential and the limitations inherent in each approach, emphasizing the need for a unified
evaluation framework.

The core problem addressed by this study is the absence of a comprehensive comparative analysis between
neural network-based classifiers and random forest classifiers. Practitioners in fields such as healthcare,
agriculture, and manufacturing require robust, evidence-based guidelines to determine the most suitable
classification method under specific conditions. The lack of such an integrated comparison often results in the
selection of suboptimal models, which may lead to inefficient resource utilization and inadequate interpretability
of results.

This research aims to bridge the existing gap by conducting a systematic comparative analysis between neural
network and random forest classification methods. The study will evaluate and compare predictive performance
using metrics such as accuracy, precision, recall, and F1-score, while also examining training time, computational
resource requirements, and scalability across diverse benchmark datasets. Additionally, the research will explore
model interpretability through analyses of feature importance and decision-making processes, ultimately
providing practical guidelines and a decision-making framework to assist practitioners in selecting the most
appropriate classification technique for their specific application needs.

2. Method:
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Figure 1. Research Design

Figure 1 illustrates the research design employed in this study, beginning with data collection from relevant
sources. Following this, data pre-processing is carried out, which involves handling missing values, encoding
categorical variables, and scaling numerical features to ensure the data is suitable for modeling. The dataset is
then split into training and testing subsets, after which two main approaches—Random Forest and Neural
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Networks—are implemented independently. An initial evaluation of each model’s performance is conducted
before proceeding to hyperparameter tuning, where key parameters are optimized to enhance predictive accuracy.
The tuned models undergo a final evaluation, and their results are compared to identify differences in performance
and interpretability, culminating in conclusions and recommendations regarding the most appropriate
classification approach for the dataset in question.

Data Collection

In this phase, the dataset is acquired from a comprehensive source containing information on 2,392 high school students.
The dataset includes details such as student demographics, study habits, parental involvement, extracurricular activities, and
academic performance. The target variable, GradeClass, is derived from the students' GPA and segmented into categories
(A, B, C, D, F) based on predefined thresholds. This rich dataset serves as the foundation for both predictive modeling and
comparative analysis of classification algorithms.

Data Pre-processing

The pre-processing stage involves several steps to ensure the data is clean and suitable for modeling. Initially, the dataset
is examined for missing values and outliers. Missing data are handled using imputation techniques or by removing affected
records, depending on the context. Categorical variables such as Gender, Ethnicity, ParentalEducation, and ParentalSupport
are transformed using encoding methods (e.g., one-hot encoding or label encoding).

A critical part of pre-processing is data scaling. Scaling is especially important for algorithms like neural networks that
are sensitive to the range of input features. The most common technique used is standardization, which transforms each
numerical feature to have a mean of zero and a standard deviation of one [10]-{13]. This process is mathematically
represented as:

X— U

Xscaled = o )

Where x is the original pixel value, u is the mean, and o is the standard deviation. This transformation ensures that all
features contribute equally to the model’s learning process, improves the convergence rate during training, and helps avoid
issues caused by differing feature scales. It is important to compute these scaling parameters from the training set and apply
them consistently to both the training and testing sets to prevent data leakage.

Finally, the dataset is split into training and testing subsets (commonly using a 70:30 ratio) to facilitate unbiased evaluation
of the models.

Implementation Algorithm

Two classification algorithms are implemented in this study: Random Forest and Neural Networks. For the
Random Forest classifier, an ensemble of decision trees is constructed [14]-[17]. Each tree T; n the ensemble
makes its own prediction h;(x) for an input x and the final prediction ¥ is obtained via majority voting:

¥ = model{h,(x), h,(x), ..., Ay (x)} 2)

This approach leverages the diversity of multiple decision trees to improve robustness and generalization. For
the Neural Network classifier, a multi-layer perceptron (MLP) is employed [18]-[22]. The forward propagation
in the network is defined by:

Sl — yilgl-11 4 pli
[ [1 3)
al = f(z'")
Where,
wt and b¥ are the weight matrix and bias vector at layer [,
al'=1 is the activation from previous layer,

f () is the activation function (such us ReLU or sigmoid) user at layer L.

The network is trained by minimizing a loss function (typically cross-entropy loss for classification tasks)
using

Hyperparameter Tuning
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An essential part of the methodology is optimizing model hyperparameters through Grid Search combined
with cross-validation [23], [24]. For the Random Forest model, hyperparameters such as the number of trees
(Mestimator), Maximum tree depth (max _depth) nd the minimum number of samples required to split a node
(min _sample_split) are tuned. Similarly, for the Neural Network, hyperparameters including the number of
hidden layers, the number of neurons per layer, learning rate, and regularization parameters are adjusted [25].

This tuning process can be mathematically described as finding the optimal set of hyperparameters 6* that
minimizes the cross-validation loss:

6* = argmin CV_Loss(0) 4)

Data Analysis Method

After training, both models are evaluated using standard performance metrics. The evaluation metrics include
accuracy, precision, recall, and F1-score. Additionally, confusion matrices are constructed for both models to
analyze the distribution of true positives, true negatives, false positives, and false negatives. This analysis provides
insights into the types of errors made by each model.

Furthermore, statistical tests may be applied to determine whether the differences in performance metrics are
statistically significant. The comprehensive analysis includes not only quantitative performance but also an
examination of computational efficiency (e.g., training time and resource usage) and model interpretability.
Feature importance analyses, particularly for the Random Forest model, are conducted to understand the influence
of each feature on the classification outcomes.

3. Results and Discussion
Results

The experimental evaluation revealed that both the Random Forest and Neural Networks models achieved
comparable performance on the grade classification task. Initially, the Random Forest model reached an overall
accuracy of approximately 70.2%, while the Neural Networks model attained around 69.1%. Detailed
classification metrics indicate that both models perform exceptionally well in identifying the failing grade (class
F), with high precision and recall values, whereas the performance for mid-range grades (A, B, C, and D) was
more moderate. For instance, Table 1 shows the classification report for the Random Forest model, where class
F achieved a precision of 0.85 and a recall of 0.95, resulting in an F1-score of 0.90. Similarly, Table 2 presents
the classification report for the Neural Networks model, which, while slightly lower overall, still demonstrates
strong performance for class F.

Table 1. Classification Report of the Random Forest

Precision Recall F1-score Support

A 0.38 0.09 0.15 33

B 0.52 0.53 0.52 80

C 05 0.55 0.53 121

D 0.55 0.43 0.48 127

F 0.85 0.95 0.9 357
Accuracy 0.7 718
Macro avg 0.56 0.51 0.51 718
Weighted avg 0.68 0.7 0.68 718

Table 2. Classification Report of the Neural Networks

Precision Recall F1-score Support
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A 0.39 0.21 0.27 33

B 0.51 0.53 0.52 80

C 0.5 0.49 0.5 121

D 0.5 0.43 0.46 127

F 0.85 0.94 0.89 357
Accuracy 0.69 718
Macro avg 0.55 0.52 0.53 718
Weighted avg 0.67 0.69 0.68 718

In addition to the classification reports, confusion matrices (referenced in Figures 2 and 3) further illustrate
the distribution of misclassifications across the grade categories. The majority of the errors occur between adjacent
classes, suggesting that the subtle differences in GPA thresholds pose challenges in distinguishing mid-range
grades.

Random Forest Confusion Matrix

]l 3 16 6 a a
A 300
250
B 3 42 27 2 6
T 200
=}
el 1 20 67 25 8
L
2 150
g
N 1 2 30 54 40 100
50
E 0 1 a 14 EEL]
T T : T 0
* @ ¢ N <

Predicted Label

Figure 2. Confusion Matrix of Random forest

Neural Networks Confusion Matrix
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Figure 3. Confusion Matrix of Neural Networks

A visual comparison in Figure 4 confirms that the baseline accuracies for the two models are very similar,
with Random Forest at about 70.2% and Neural Networks at 69.1%. To further enhance model performance,
hyperparameter tuning was conducted using Grid Search combined with cross-validation.
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Figure 4. Comparison of Validation Accuracy

As shown in Table 3, the Random Forest model’s accuracy improved from 0.7019 to 0.7145, while the
Neural Networks model’s accuracy increased from 0.6908 to 0.7049 after tuning, with the optimal parameters
identified for each model.

Table 3. Comparison of Accuracies Before and After Hyperparameter Tuning

Model Before After
Random Forest 0.7019 0.7145
Neural Networks 0.6908 0.7049

Discussion

The results indicate that both Random Forest and Neural Networks are effective for the grade classification
task, with each model exhibiting distinct strengths and limitations. The Random Forest model not only achieved
aslightly higher baseline accuracy but also demonstrated strong performance in classifying failing students, which
is critical for early intervention strategies in educational settings. Its inherent interpretability through feature
importance analysis adds to its appeal, especially when decision-makers require clear insights into the factors
driving classification outcomes.

On the other hand, the Neural Networks model, though initially trailing in performance, showed competitive
results following hyperparameter tuning. Its ability to model complex, nonlinear relationships is evident from the
improvement in accuracy after fine-tuning key parameters such as network architecture, learning rate, and
regularization strength. The observed performance improvements in both models—evidenced by the increase in
accuracy after hyperparameter tuning—underscore the importance of optimizing model parameters to extract the
best performance from the data.

The analysis also reveals that both models tend to struggle with distinguishing between adjacent grade classes
(A, B, C, and D), likely due to the subtle differences in GPA thresholds. However, the robust identification of
class F across both models suggests that they are particularly adept at flagging students who are at risk. This
observation has significant practical implications, as it supports the use of these models in targeted intervention
programs.

In summary, while the Random Forest model offers the benefits of interpretability and slightly higher
accuracy, the Neural Networks model provides a viable alternative when complex pattern recognition is required.
The choice between these models may ultimately depend on specific operational needs, including the balance
between accuracy, interpretability, and computational resources. Future work could explore ensemble approaches
or integrate additional feature engineering techniques to further enhance the classification performance across all
grade categories.

4. Conclusion

This study conducted a comprehensive comparative analysis of Random Forest and Neural Networks for grade
classification using a dataset of 2,392 high school students. The investigation involved meticulous data collection
and pre-processing, including scaling for numerical features and encoding for categorical variables, to ensure that
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the models could learn effectively from the diverse input data. Both models were implemented and evaluated
using standard performance metrics, with particular emphasis on their ability to correctly classify student grades,
especially in identifying at-risk individuals.

The experimental results demonstrated that both classifiers achieve comparable accuracy, with the Random
Forest model attaining a slightly higher baseline accuracy and improved performance following hyperparameter
tuning. The Neural Networks model, while initially trailing, showed significant improvement after fine-tuning
key parameters, reflecting its potential to capture complex, nonlinear relationships within the data. Despite their
strengths, both models exhibited challenges in differentiating between adjacent grade categories, underscoring the
need for further refinement in feature engineering and model optimization.

Overall, the findings suggest that the choice between Random Forest and Neural Networks should be guided
by specific operational requirements. Random Forest is preferable in scenarios where model interpretability and
ease of deployment are critical, whereas Neural Networks may be more advantageous when the data contains
intricate patterns that require advanced nonlinear modeling. Future research could explore hybrid or ensemble
methods, as well as additional strategies for feature selection and dimensionality reduction, to further enhance
classification performance and support more nuanced decision-making in educational settings.
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