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Abstract: This paper presents a comparative study of advanced machine learning algorithms for prime 

number classification across diverse numerical ranges. Seven models Logistic Regression (LR), Decision Tree 

(DT), Random Forest (RF), Support Vector Machine (SVM), k-Nearest Neighbors (KNN), XGBoost (XGB), 

and LightGBM (LGBM) are systematically evaluated in terms of both predictive accuracy and computational 

efficiency across eight distinct prime number intervals. The assessment incorporates key performance metrics 

such as Accuracy, Precision, Recall, F1-Score, ROC-AUC, average training time per epoch, and the average 

number of epochs required for convergence. Findings from the analysis emphasize the inherent trade-offs 

between accuracy and efficiency, providing practical guidance for selecting optimal models in large-scale 

classification scenarios. 

The results reveal noticeable variations in model performance based on both the prime number range and the 

chosen algorithm. Ensemble models like XGBoost and LightGBM consistently achieved higher accuracy in 

larger ranges, whereas Logistic Regression and Decision Trees showed limited scalability. k-Nearest 

Neighbors performed well in smaller ranges but lost efficiency as the dataset size increased. Overall, the study 

underscores the balance between accuracy and computational cost, providing useful guidance for selecting 

suitable machine learning models in prime number classification and broader computational number theory 

tasks. 

 

Index Terms - Prime Number Classification, Machine Learning, Accuracy, Computational Efficiency, 

Convergence Rate, Analysis, Number Theory. 

 

I. INTRODUCTION 

 

Prime numbers have long captivated mathematicians due to their fundamental properties and critical 

applications across multiple domains such as cryptography, number theory, and algorithm design. The 

classification of prime numbers, particularly in large datasets, poses significant computational challenges. In 

recent years, the increasing complexity of such tasks has encouraged researchers to explore the application of 

machine learning (ML) techniques for efficient and accurate classification. This study presents a comparative 

analysis of advanced machine learning techniques tailored for prime number classification, emphasizing both 

accuracy and computational efficiency. 

The problem of prime number identification is inherently non-linear and non-trivial, especially when extended 

to large numerical ranges. Traditionally, prime numbers are identified using deterministic algorithms such as 

the Sieve of Eratosthenes or probabilistic tests like the Miller-Rabin algorithm. While these methods are 

algorithmically efficient for smaller datasets, they tend to become computationally expensive and less scalable 
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for larger domains [10]. This limitation has led to the emergence of data-driven models that learn patterns from 

numerical data and offer generalization across unseen instances [19]. 

Machine learning models such as Logistic Regression (LR), Support Vector Machines (SVM), Decision Trees 

(DT), Random Forests (RF), k-Nearest Neighbors (k-NN), XGBoost, and LightGBM have demonstrated 

potential in various classification problems due to their adaptability and predictive power[14,17]. These 

models, when applied to numerical datasets, can capture implicit mathematical structures and decision 

boundaries that distinguish prime from composite numbers. Moreover, the rise of ensemble learning techniques 

and gradient boosting methods has further improved classification performance, particularly in imbalanced and 

complex datasets [15]. 

Prior studies have shown that ensemble methods like Random Forest and boosting techniques such as XGBoost 

and LightGBM outperform conventional single classifiers in terms of both predictive accuracy and 

computational robustness [11, 18]. Additionally, model efficiency measured in terms of convergence rate, 

epoch time, and computational cost has become a vital metric in real-world applications where resources are 

constrained. Evaluating these models on the basis of computational efficiency alongside traditional 

performance metrics such as accuracy, precision, recall, and F1-score provides a more holistic understanding 

of their practical utility [16]. Despite the growing interest in ML-based number classification, the specific 

challenge of prime number classification across diverse numerical ranges remains underexplored. Most 

existing works focus either on algorithmic generation or deep learning prediction within cryptographic 

contexts, often neglecting the interpretability and computational constraints associated with large-scale 

classification tasks[12]. 

This study addresses this research gap by systematically evaluating and comparing multiple ML classifiers on 

their ability to classify prime numbers within varied ranges, specifically focusing on models’ accuracy, recall 

efficiency, F1-score, convergence speed (epochs), and average epoch time. By doing so, the paper aims to 

identify the most effective techniques for prime number classification, offering insights into their suitability 

for scalable applications and resource-aware computing environments. 

 

II. LITERATURE REVIEW 

 

The discovery and categorization of prime numbers have played a fundamental role in mathematical research 

and practical applications, notably in cryptography, number theory, and algorithm design [3, 10]. Established 

methods for identifying primes—such as the Sieve of Eratosthenes, Fermat’s test, and the Miller–Rabin test 

offer efficient solutions for limited numerical ranges[2,4]. However, their effectiveness diminishes 

significantly as the scale approaches 10⁹ or higher. These classical approaches, whether deterministic or 

probabilistic, are not based on learning mechanisms and do not leverage data-driven models to uncover 

inherent patterns in the distribution of prime numbers. 

In recent years, the use of machine learning (ML) in number theory has grown significantly. Early studies, 

such as Singh, D. P. explored the use of advanced ML-based regression techniques to forecast the distribution 

of prime numbers. By combining traditional number theory with modern predictive methods, the research 

examined models including polynomial regression, support vector regression, and neural networks[26]. The 

findings suggest that machine learning can effectively approximate patterns in prime numbers, potentially 

providing valuable computational tools for advancing theoretical mathematics. 

Advanced ensemble techniques such as XGBoost and LightGBM have shown outstanding effectiveness in 

classification problems with imbalanced data and high-dimensional feature spaces [14,17]. Their parallel 

optimization across multiple decision trees enables rapid convergence—an essential advantage when 

processing large-scale numerical datasets, such as prime number distributions spanning intervals of 10⁷ or 

10⁹.  

In deep learning, Recurrent Neural Networks (RNNs) especially Long Short-Term Memory (LSTM) networks 

have demonstrated potential in identifying sequential trends and long-term relationships within numerical data 

[7]. Although LSTMs were not initially created for numerical classification tasks, their architecture allows 

them to effectively model the non-uniform gaps between prime numbers. Other approaches, such as 

Multilayer Perceptrons (MLPs) and Convolutional Neural Networks (CNNs), have also been investigated for 

analyzing mathematical sequences, but their effectiveness heavily depends on network depth and how input 

data is structured [21]. 

Singh, D. P., and Garg, S. K introduced an innovative neural network framework designed to enhance the 

classification of prime numbers. Their approach prioritizes high recall and rapid training convergence [27]. 

Through a comparative study with traditional classification techniques, the authors highlight notable 

improvements achieved via optimized neural architectures. The research emphasizes the critical role of 
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customized deep learning models in tackling mathematical classification challenges, especially within number 

theory. They also point out that, although convergence speed is vital for deploying models in real-world 

scenarios, it is often overlooked in evaluations.  

This research addresses these gaps by systematically implementing and evaluating a suite of advanced 

machine learning models including Logistic Regression, Decision Trees, Random Forest, Support Vector 

Machines (SVM), XGBoost, LSTM, k-Nearest Neighbors (k-NN), LightGBM, and Multi-Layer Perceptron 

(MLP) across multiple prime number classification intervals. The study emphasizes optimizing accuracy and 

convergence rate to advance both the theoretical and practical applications of machine learning in 

computational number theory. Ultimately, it aims to develop scalable, interpretable, and high-precision 

systems for effective prime number classification. 

 

III. METHODOLOGY 

   

3.1 DATA PREPARATION: This research employs a comprehensive empirical methodology to examine 

prime number classification using various neural network architectures, focusing specifically on maximizing 

recall and achieving faster convergence across seven distinct numerical ranges. The task is framed as a binary 

classification problem, where each number 𝑛 within a specified range is labeled as prime (1) or non-prime 

(0). 

Range1 Range 2 Range 3 Range 4 Range 5 Range 6 Range 7 Range 8 

2-97 2-997 2-9973 2-99991 2-105 2-106 2-107 2-108 

 

Each integer was converted into a fixed-length vector to maintain compatibility with neural network models. 

To standardize input across various architectures, both binary and normalized decimal representations were 

employed. Furthermore, for advanced models like XGBoost and Random Forest, the data was specifically 

tailored by reshaping it into grid formats for XGBoost and graph-based structures for Random Forest[13]. 

3.2 ADVANCED MACHINE LEARNING MODELS: In prime number classification, choosing an 

appropriate machine-learning model is essential for ensuring both high accuracy and computational 

efficiency. This research evaluates and contrasts the performance of the following seven machine learning 

models:  

3.2.1. Decision Tree Classifier (DT): A decision tree recursively partitions the feature space into disjoint 

regions using axis-aligned splits to minimize impurity (e.g., Gini Index or Entropy) [5]. 

Split Criterion: Let D be the dataset, and G(D) be an impurity function (like Gini). For split 𝑠, 

𝐺(𝐷, 𝑠) =
|𝐷𝑙𝑒𝑓𝑡|

|𝐷|
𝐺(𝐷𝑙𝑒𝑓𝑡) +

|𝐷𝑟𝑖𝑔ℎ𝑡|

|𝐷|
𝐺(𝐷𝑟𝑖𝑔ℎ𝑡) 

The goal is to choose 𝑠 that minimizes G(D,s). 

Gini Index: 𝐺𝑖𝑛𝑖(𝐷) = ∑ 𝑝𝑖
2𝐶

𝑖=1 , where pi is the proportion of class 𝑖 in dataset D. 

3.2.2. LightGBM Classifier (LGBM): LightGBM is a gradient boosting framework that uses tree-based 

learning and histogram-based decision rules with leaf-wise growth and gradient-based one-side sampling 

(GOSS)[2]. 

Objective Function (same as GBDT): ℒ(𝜃) = ∑ 𝑙(𝑦𝑖
𝑛
𝑖=1 , 𝐹(𝑥𝑖)) + ∑ Ω(𝑓𝑘)𝐾

𝑘=1  

where 𝑙 is the loss function (e.g., logistic), F(x)=∑fk(x), and Ω(fk) is a regularization term. 

Leaf-wise Splitting: Chooses the leaf with maximum delta loss reduction and splits it. 

3.2.3. Logistic Regression (LR): A linear model that estimates the probability of class membership using the 

logistic sigmoid function [8]. 

Model: 𝑃 (𝑦 =
1

𝑥
) =

1

1+𝑒−(𝛽0+𝛽𝑇𝑥)
 

Loss Function (Log-Likelihood):  ℒ(𝛽) = − ∑ [𝑦𝑖𝑙𝑜𝑔(𝑝𝑖) + (1 − 𝑦𝑖)𝑙𝑜𝑔(1 − 𝑝𝑖)]𝑛
𝑖=1  

3.2.4. Random Forest Classifier (RF): 

An ensemble of decision trees built on bootstrapped data samples with feature randomness to reduce variance 

and avoid overfitting[9]. 

Ensemble Prediction: 𝑦̂ = 𝑚𝑎𝑗𝑜𝑟𝑖𝑡𝑦_𝑣𝑜𝑡𝑒(𝑇1(𝑥), 𝑇2(𝑥), … … . . 𝑇𝐵(𝑥)) 

where Ti is the 𝑖th decision tree in the forest. 

Each tree is built using a random subset of features and data (bagging). 

3.2.5 Support Vector Machine (SVM): 

A model that finds the optimal hyperplane that maximizes the margin between two classes. 

Objective (Linear SVM): min
𝑤,𝑏

1

2
‖𝒘‖2    s.t. 𝑦𝑖(𝒘𝑇𝑥𝑖 + 𝑏) ≥ 1 
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Soft Margin with Slack: min
𝑤,𝑏,𝜉

1

2
‖𝒘‖2 + 𝐶 ∑ 𝜉𝑖

𝑛
𝑖=1     s.t.  𝑦𝑖(𝒘𝑇𝑥𝑖 + 𝑏) ≥ 1 − 𝜉𝑖 

Kernel Trick: Uses 𝐾(𝑥𝑖, 𝑥𝑗)  to project data into higher dimensions[6]. 

3.2.6. XGBoost Classifier (XGB): 

XGBoost is a scalable and regularized version of gradient boosting that uses second-order Taylor 

approximation[14]. 

Objective Function:     ℒ (𝑡) = ∑ [𝑔𝑖𝑓𝑡(𝑥𝑖) +
1

2
ℎ𝑖𝑓𝑡(𝑥𝑖)

2]𝑛
𝑖=1 + Ω(𝑓𝑡) 

Where  𝑔𝑖 =
𝜕ℓ(𝑦𝑖 ,,𝑦̂𝑖

(𝑡−1)
)

𝜕𝑦̂𝑖
     and    ℎ𝑖 =

𝜕2ℓ(𝑦𝑖 ,,𝑦̂𝑖
(𝑡−1)

)

𝜕𝑦̂𝑖
2  

Regularization term:  Ω(f) = γT +
1

2
𝜆 ∑ 𝜔𝑗

2𝑇
𝑗=1  

3.2.7. K-Nearest Neighbors (KNN): 
A non-parametric classifier that assigns the label of the majority of its k nearest neighbors in the feature space. 

Distance Metric (e.g., Euclidean): 𝑑(𝑥, 𝑥𝑖) = √∑ (𝑥𝑗 − 𝑥𝑖𝑗)
2𝑑

𝑗=1  

Prediction Rule: 𝑦̂ = 𝑚𝑜𝑑𝑒{𝑦𝑖|𝑥𝑖 ∈ 𝑁𝑘(𝑥)}, where 𝑁𝑘(𝑥) is the set of 𝑘 nearest neighbors of 𝑥[1]. 
 

IV. CONFUSION MATRIX IN MACHINE LEARNING 

 

It enables a deeper understanding of the model's recall, accuracy, precision, and overall ability to distinguish 

between classes by showing the frequency of predicted outcomes on the test dataset [21,22,23,24,25]. 

4.1 Accuracy:  𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 , 

where TP= True positives, TN= True negatives, FP= False positives and FN= False negatives. 

4.2 Precision: It is calculated as the proportion of true positive predictions to the total positive predictions 

made by the model. 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

4.3 Recall: It is determined by dividing the count of true positives (TP) by the sum of true positives and false 

negatives (FN). 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

4.4 Specificity: Specificity gauges the model's ability to correctly identify negative instances, also referred to 

as the True Negative Rate.   𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑃+𝐹𝑃
 

 

V. Results and Discussion 

  

This study presents a thorough evaluation of seven machine learning models Logistic Regression (LR), 

Decision Tree (DT), Random Forest (RF), Support Vector Machine (SVM), k-Nearest Neighbors (k-NN), 

XGBoost, and LightGBM for classifying prime numbers across eight increasingly large numerical ranges: 2–

97, 2–997, 2–9973, 2–99991, 2–10⁵, 2–10⁶, 2–10⁷, and 2–10⁸. The analysis emphasizes a comparison of these 

models based on their classification accuracy and computational efficiency, with results detailed in Tables 1 

through 8 and the corresponding ROC-AUC values illustrated in the graphs for each range from 2–97 to 2–

10⁸: 
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5.1.Analysis of Best Performing Models Across Different Prime Number Ranges Based on Accuracy: 

Table 10 highlights the top-performing models for prime number classification across various numerical 

ranges based on accuracy. For the smallest range (2–97), XGBoost (XGB) achieved 94.31% accuracy but had 

the longest training time (369.264s). Logistic Regression (LR) performed best for the 2–997 range with 

94.52% accuracy and an F1-score of 79.15. The k-Nearest Neighbors (KNN) model consistently excelled 

from ranges 2–9973 to 2–10⁶, peaking at 96.90% accuracy and a 92.26% F1-score, though training time 

increased with range size. For the 2–10⁷ range, Random Forest (RF) achieved the highest overall accuracy of 

98.50% with a solid F1-score of 85.41. LightGBM (LGBM) performed best for the largest range (2–10⁸), 

balancing high accuracy (96.69%) with the fastest training time (13.200s). The results emphasize KNN’s 

scalability in mid-range data and the strength of RF and LGBM in large-scale classification. 
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5.2.Comparative Analysis of Average Performance of Models Across All Ranges: Table 11 compares the 

average performance of seven machine-learning classifiers across various numerical ranges for prime number 

classification, using metrics such as Accuracy, Precision, Recall, F1-Score, and Training Time. The k-Nearest 

Neighbors (KNN) model leads with the highest average accuracy (87.96%), strong Precision (84.84%), and 

F1-Score (80.47%), while maintaining moderate training time (95.60s). Logistic Regression (LR) follows 

with 86.60% accuracy and the highest Recall (85.98%), making it effective at reducing false negatives. 

LightGBM (LGBM) offers balanced performance with fast training (92.12s), decent Recall (84.84%), and 

accuracy of 83.66%.  

 
Random Forest (RF) and XGBoost (XGB) perform well in Precision but lag in Recall and F1-Score. Support 

Vector Machine (SVM) shows the lowest F1-Score (83.44%) and the longest training time (196.29s), 

indicating inefficiency. Although Decision Tree (DT) has the highest Precision (92.01%), it falls short in 

Accuracy and Recall. Overall, KNN proves to be the most reliable and balanced model across all ranges. 

5.3. Strategic Model Recommendations for Different Range Sizes: The study's recommendations for prime 

classification vary strategically across different numerical ranges. For the smallest range (2–97), XGBoost is 

recommended when prioritizing accuracy, while Random Forest offers better efficiency. Logistic Regression 

provides the best balance for 2–997 classification, and KNN stands out as the superior choice for the 2–9973 

through 2–10⁵ ranges, delivering both top accuracy and efficiency. In the transition to larger ranges (2–10⁶ to 

2–10⁸), LightGBM becomes increasingly favorable, particularly at 2–10⁸ where it provides both the highest 

accuracy and best efficiency. Random Forest remains the accuracy leader at 2–10⁷, though with slightly higher 

computational costs. 

 
5.4. Optimal Model Selection Based on Range and Priority: Optimal prime number classification model 

selection varies by range size. For small to medium ranges (2–97 to 2–10⁶), KNN excels in both accuracy and 

efficiency, while Logistic Regression is preferred for interpretability. In larger ranges (beyond 2–10⁷), 

Random Forest and LightGBM perform best, with LightGBM showing superior efficiency. Overall, KNN 

achieves the highest average accuracy, and LightGBM is ideal for large-scale tasks, offering practical 

guidance for model selection based on range and performance needs. 
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VI. Final Result 

  

Based on the comparative analysis of machine learning models across accuracy and computational efficiency, 

the k-Nearest Neighbors (KNN) model stands out as the most balanced and effective choice for prime number 

classification. 

Table 10 further validates KNN’s superiority, where it performs best in four out of eight numerical ranges (2–

9973, 2–99991, 2–10⁵, and 2–10⁶), achieving high accuracy (90.13% to 96.90%) and robust F1-scores, with 

modest training times. From Table 11, KNN demonstrates the highest average accuracy (87.96%), along with 

strong precision (84.84%), recall (79.47%), and F1-score (80.47%), while maintaining a low total training 

time (95.60 seconds)—indicating excellent computational efficiency. Although Logistic Regression (LR) and 

LightGBM (LGBM) excel in specific ranges, they fall short in overall performance: LR has higher training 

time (159.27 s) and LGBM shows lower average accuracy (83.66%). 

Considering both global performance metrics and range-wise dominance, KNN is selected as the final 

recommended model for prime number classification due to its optimal balance of accuracy and computational 

efficiency. 

 
 

VII. Conclusion 

  

This study offers clear guidance on selecting machine-learning models for prime number classification across 

different numerical ranges. For small to medium ranges (2–97 to 2–10⁶), k-Nearest Neighbors (KNN) is the 

most effective, offering the highest average accuracy (87.96%) and strong computational efficiency. Logistic 

Regression is a solid alternative when interpretability is important, with an average accuracy of 86.60%. For 

larger ranges (2–10⁷ to 2–10⁸), ensemble models excel: Random Forest achieves the highest accuracy 

(98.50%), while LightGBM balances speed and performance best (96.69%). Although XGBoost performs 

well in smaller ranges, its heavy computational load makes LightGBM the better choice for large-scale tasks. 

Overall, the findings present a data-driven approach to model selection based on range size and performance 

needs. 

 

VIII. Future Scope  

 

This study opens several avenues for further research. Advanced deep learning models like CNNs and 

Transformers could reveal deeper prime number patterns. Techniques such as Bayesian optimization may 

improve model performance through more effective hyperparameter tuning. Expanding evaluation beyond 

108 will better assess scalability, especially for cryptographic use. Hybrid models combining KNN with 

ensemble methods and customized distance metrics for KNN could enhance accuracy and generalization. The 

consistent performance of KNN and LightGBM highlights their value as strong baselines for future studies in 

prime number classification. 
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