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ABSTRACT 

Machine learning has become one of the most influential technologies in artificial intelligence, enabling predictive 

modeling and decision-making across diverse application domains. Among various machine learning approaches, neural 

networks have achieved remarkable success in computer vision, speech recognition, and natural language processing due to 

their capability to learn complex representations from large-scale datasets. However, neural networks are not universally 

superior for every problem. Traditional machine learning algorithms, including Decision Trees, Random Forests, Support 

Vector Machines, Logistic Regression, Naïve Bayes, and k-Nearest Neighbors, continue to demonstrate significant 

advantages in many practical applications, particularly when dealing with structured datasets, limited training samples, and 

computational constraints. This review paper examines the practical advantages of traditional machine learning techniques 

over neural network models by... 

Keywords: Machine Learning, Neural Network, Traditional Machine Learning, Artificial Intelligence, Explainable AI, 

Classification, Prediction. 

1. INTRODUCTION

Artificial Intelligence (AI) has experienced rapid growth over the past two decades, driven by advances in computational 

capabilities, data availability, and algorithmic innovation. Machine learning (ML), a major branch of AI, enables computer 

systems to learn patterns from data and improve their performance without being explicitly programmed. Today, machine 

learning techniques are extensively employed in healthcare, finance, manufacturing, education, transportation, 

cybersecurity, and numerous other sectors. 

Among the various machine learning paradigms, neural networks have gained widespread attention due to their exceptional 

performance in solving complex tasks such as image classification, speech recognition, and natural language understanding. 

The success of deep learning architectures, particularly Convolutional Neural Networks (CNNs), Recurrent Neural 

Networks (RNNs), and Transformer-based models, has significantly expanded the application of neural networks across 

multiple disciplines. 

Despite these advancements, neural networks are not the optimal solution for every machine learning problem. Traditional 

machine learning algorithms—including Decision Trees, Support Vector Machines (SVM), Random Forests, Logistic 

Regression, Naïve Bayes, and k-Nearest Neighbors (k-NN)—continue to play a crucial role in solving structured data 

problems where computational efficiency, model transparency, and limited training data are important considerations. 

Numerous comparative studies have demonstrated that traditional machine learning algorithms can achieve performance 

comparable to, and in some cases exceeding, that of neural networks under specific conditions. For the purpose of this 

paper, the term Machine Learning refers to traditional machine learning algorithms, while Neural Network refers to 

artificial neural network-based models. This distinction is made to facilitate a focused comparison, acknowledging that 

neural networks are themselves a subset of machine learning. 

2. LITERATURE REVIEW

2.1 Overview 

The comparative performance of traditional machine learning (ML) algorithms and neural network (NN) models has been 

extensively investigated across domains such as healthcare, finance, manufacturing, cybersecurity, education, and 
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bioinformatics. While neural networks have achieved state-of-the-art performance on many unstructured data problems, 

numerous studies report that traditional machine learning techniques remain competitive—and in some cases superior—for 

structured datasets, particularly when training data are limited or model interpretability is a priority. 

 

Earlier machine learning research focused primarily on algorithms such as Decision Trees, Logistic Regression, Support 

Vector Machines (SVM), Naïve Bayes, and Random Forests. These algorithms rely on statistical learning principles and 

generally require manually engineered features. In contrast, neural networks automatically learn hierarchical feature 

representations from data through multiple hidden layers. This capability has contributed to their success in image 

recognition, speech processing, and natural language understanding. 

 

However, the effectiveness of neural networks depends heavily on several factors, including dataset size, computational 

resources, architecture design, and hyperparameter optimization. Traditional machine learning algorithms generally involve 

fewer parameters, shorter training times, and lower computational costs, making them practical for many real-world 

applications. 

 

2.2 Evolution of Traditional Machine Learning 

Traditional machine learning algorithms have served as the foundation of predictive analytics for more than three decades. 

Decision Trees, Logistic Regression, k-Nearest Neighbors (k-NN), Naïve Bayes, and Support Vector Machines remain 

among the most widely used supervised learning methods. 

 

Mitchell (1997) described machine learning as the study of computer algorithms that improve automatically through 

experience. Subsequent developments introduced ensemble learning methods such as Random Forests (Breiman, 2001) and 

Gradient Boosting, which significantly improved predictive performance while maintaining relatively high interpretability. 

Unlike neural networks, traditional machine learning algorithms typically require feature engineering. Although this 

introduces additional preprocessing effort, well-designed features often enable these algorithms to achieve competitive 

performance with substantially lower computational requirements. 

 

2.3 Growth of Neural Networks 

Artificial Neural Networks (ANNs) were inspired by the biological structure of the human brain. Their practical 

development accelerated with improvements in computational hardware and optimization techniques. 

The introduction of deep learning architectures such as Convolutional Neural Networks (CNNs), Recurrent Neural 

Networks (RNNs), Long Short-Term Memory (LSTM) networks, and Transformer models substantially expanded the 

capability of neural networks for processing complex data. 

 

LeCun, Bengio, and Hinton (2015) demonstrated that deep neural networks outperform conventional machine learning 

algorithms in image classification and speech recognition when trained on sufficiently large datasets. Goodfellow et al. 

(2016) further explained that deep learning automatically extracts hierarchical features without requiring manual feature 

engineering. 

 

Despite these advances, several researchers emphasize that neural networks are not universally superior. Their performance 

is strongly influenced by the availability of large labeled datasets, computational infrastructure, and extensive 

hyperparameter tuning. 

 

2.4 Comparative Studies 

Numerous comparative studies have evaluated traditional machine learning algorithms against neural networks across 

different application domains. 

 

Jordan and Mitchell (2015) reported that algorithm selection should depend on problem characteristics rather than adopting 

deep learning by default. They noted that structured datasets frequently produce comparable results using traditional 

machine learning models while requiring significantly fewer computational resources. 

 

In healthcare applications, Logistic Regression and Random Forest frequently demonstrate predictive accuracy comparable 

to neural networks for structured electronic health records. Since clinical datasets often contain limited observations and 

require model transparency, interpretable algorithms remain widely adopted. 

 

Similarly, in financial risk analysis, credit scoring, and fraud detection, Decision Trees, Random Forests, and Gradient 

Boosting models continue to be preferred because regulatory frameworks require explainable decision-making. 
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2.5 Dataset Size and Learning Performance 

Dataset size is one of the most influential factors affecting algorithm performance. 

Traditional machine learning algorithms generally maintain stable predictive performance when trained on relatively small 

datasets. Support Vector Machines, Random Forests, and Logistic Regression often achieve high accuracy with a few 

thousand training samples. 

 

Neural networks, however, require substantially larger datasets to avoid overfitting and effectively learn generalized feature 

representations. Without sufficient training data, neural networks frequently memorize the training set rather than learning 

meaningful patterns. 

 

This limitation has been consistently reported in studies involving medical diagnosis, industrial quality monitoring, and 

scientific data analysis, where acquiring large labeled datasets is expensive or impractical. 

 

2.6 Computational Requirements 

Computational efficiency represents another major difference between traditional machine learning algorithms and neural 

networks. 

 

Most traditional machine learning algorithms can be trained using standard CPU-based systems with modest memory 

requirements. Training time is generally measured in seconds or minutes depending on dataset size. 

 

Neural networks often require GPUs or specialized hardware accelerators to reduce training time. Deep architectures 

containing millions of parameters demand extensive computational resources during both training and inference. 

This computational overhead increases hardware costs, energy consumption, and deployment complexity. 

 

2.7 Interpretability and Explainability 

Model interpretability has become an increasingly important consideration in artificial intelligence. 

Decision Trees provide explicit decision rules. 

Logistic Regression estimates the contribution of each independent variable through model coefficients. 

Random Forest feature importance measures allow researchers to identify influential variables. 

These characteristics make traditional machine learning suitable for applications requiring transparent decision-making. 

Neural networks, by comparison, are commonly described as "black-box" models because the relationship between input 

variables and predictions is distributed across numerous hidden layers. 

Recent developments in Explainable Artificial Intelligence (XAI), including SHAP and LIME, improve neural network 

interpretability but add additional computational complexity and do not provide the same level of inherent transparency 

offered by simpler machine learning models. 

 

2.8 Hyperparameter Optimization 

Traditional machine learning algorithms generally involve fewer hyperparameters. 

Typical optimization includes: 

Tree depth 

Number of trees 

Regularization coefficient 

Kernel parameters 

Neural networks require optimization of considerably more parameters, including: 

Number of hidden layers 

Number of neurons 

Learning rate 

Batch size 

Activation function 

Optimizer selection 

Dropout rate 

Weight initialization 

The increased search space substantially raises training complexity. 

 

2.9 Resource-Constrained Applications 

Several studies highlight the effectiveness of traditional machine learning algorithms for edge computing and embedded 

systems. 
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Industrial IoT devices, wearable healthcare systems, mobile applications, and autonomous sensors often possess limited 

memory, processing power, and battery capacity. 

 

Under these constraints, lightweight machine learning algorithms frequently provide practical deployment advantages over 

deep neural networks. 

 

2.10 Research Gap 

Existing literature demonstrates that neural networks dominate applications involving unstructured data such as images, 

speech, and natural language. However, relatively fewer review studies specifically examine the situations in which 

traditional machine learning algorithms provide measurable advantages over neural network models. 

 

Many published comparisons emphasize predictive accuracy while giving less attention to computational efficiency, 

deployment cost, interpretability, energy consumption, and implementation complexity. These practical considerations are 

increasingly important for organizations deploying machine learning solutions in environments with limited computational 

infrastructure or strict regulatory requirements. 

 

Therefore, this review synthesizes evidence from previous studies to identify the principal circumstances under which 

traditional machine learning techniques remain preferable to neural network-based approaches. 

Table 1. Summary of Representative Studies 

 

3. RESEARCH METHODOLOGY 

 

3.1 Overview 

This study adopts a Systematic Literature Review (SLR) approach to examine the advantages of traditional machine 

learning algorithms over neural network models. A systematic review provides a structured and reproducible method for 

identifying, evaluating, and synthesizing published research. Unlike empirical studies that rely on experimental datasets, 

this review integrates findings from existing peer-reviewed literature to identify recurring trends and evidence related to 

computational efficiency, data requirements, interpretability, and practical deployment. 

 

The review methodology was designed to ensure that the selected studies were relevant, recent, and directly associated with 

the comparison between traditional machine learning and neural network approaches. 

 

3.2 Research Objectives 

The methodology was developed to address the following research objectives: 

To identify the practical advantages of traditional machine learning algorithms over neural network models. 

To examine the influence of dataset size, computational resources, and model complexity on algorithm selection. 

To summarize evidence reported in previous studies regarding training efficiency, interpretability, and deployment 

considerations. 

To identify application domains where traditional machine learning continues to provide effective solutions. 

 

3.3 Research Questions 

The review is guided by the following research questions: 

RQ1: Under what conditions do traditional machine learning algorithms perform more effectively than neural networks? 

RQ2: What computational advantages do traditional machine learning algorithms offer? 

RQ3: How does dataset size influence the selection between traditional machine learning and neural network models? 

RQ4: What role does model interpretability play in selecting an appropriate learning algorithm? 

RQ5: Which application domains continue to benefit from traditional machine learning techniques? 

 

3.4 Literature Search Strategy 

Relevant literature was identified using major scientific databases to ensure broad coverage of peer-reviewed publications. 

The primary sources included: 

IEEE Xplore Digital Library 

ACM Digital Library 

SpringerLink 

ScienceDirect (Elsevier) 

Google Scholar 

MDPI 

Wiley Online Library 
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The search focused on publications discussing comparisons between traditional machine learning algorithms and neural 

network models. 

The following search terms were used individually and in combination: 

"Machine Learning vs Neural Network" 

"Traditional Machine Learning" 

"Neural Network Comparison" 

"Decision Tree vs Neural Network" 

"Random Forest vs Deep Learning" 

"Support Vector Machine Comparison" 

"Machine Learning Advantages" 

"Deep Learning Limitations" 

"Explainable Artificial Intelligence" 

"Interpretable Machine Learning" 

Boolean operators such as AND, OR, and NOT were applied to refine search results. 

 

3.5 Inclusion Criteria 

Studies were included in the review if they satisfied the following conditions: 

Published in peer-reviewed journals or conference proceedings. 

Written in English. 

Focused on machine learning, neural networks, or comparative performance analysis. 

Published between 2015 and 2025, while seminal foundational works were included where necessary. 

Reported measurable observations regarding algorithm performance, computational efficiency, interpretability, or 

deployment. 

 

3.6 Exclusion Criteria 

The following publications were excluded: 

Non-peer-reviewed articles. 

Editorials and opinion papers without technical analysis. 

Duplicate publications. 

Studies lacking sufficient methodological details. 

Research unrelated to supervised machine learning. 

Articles focusing exclusively on neural network architecture optimization without comparison to traditional machine 

learning methods. 

 

3.7 Study Selection Process 

The literature selection process consisted of four sequential stages. 

Stage 1: Identification 

A broad search across selected databases identified publications relevant to the research objectives. 

Stage 2: Screening 

Titles and abstracts were examined to remove unrelated or duplicate studies. 

Stage 3: Eligibility 

The full text of each remaining article was evaluated according to the predefined inclusion and exclusion criteria. 

Stage 4: Final Selection 

Studies satisfying all eligibility requirements were included for qualitative synthesis. 

This structured approach minimizes selection bias and improves the reproducibility of the review. 

 

3.8 Data Extraction 

Information extracted from each selected study included: 

Author(s) 

Publication year 

Application domain 

Machine learning algorithms evaluated 

Neural network architecture 

Dataset characteristics 

Performance metrics 

Computational requirements 

Key findings 

Reported limitations 
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The extracted information was organized into comparative tables to facilitate cross-study analysis. 

 

3.9 Quality Assessment 

Each selected study was assessed using the following quality indicators: 

Studies meeting the majority of these criteria were considered sufficiently rigorous for inclusion. 

 

3.10 Data Synthesis 

A qualitative synthesis approach was adopted to consolidate findings from the selected studies. Rather than performing a 

statistical meta-analysis, the review identifies recurring themes and patterns related to: 

Dataset dependency 

Training efficiency 

Computational complexity 

Model interpretability 

Resource utilization 

Deployment feasibility 

Generalization capability 

The synthesized findings provide a comprehensive understanding of the circumstances under which traditional machine 

learning algorithms offer practical advantages over neural network models. 

 

3.11 Performance Evaluation Parameters 

The comparison presented in this paper is based on commonly reported evaluation criteria in the reviewed literature. 

These parameters form the basis for the comparative analysis in the subsequent section. 

 

3.12 Methodological Limitations 

The methodology adopted in this review has several limitations. First, the analysis relies exclusively on findings reported in 

previously published studies and does not include new experimental evaluations. Second, differences in datasets, evaluation 

metrics, and implementation settings across studies may influence reported performance outcomes. Third, rapidly evolving 

neural network architectures may alter comparative results over time. Nevertheless, the systematic review approach 

provides a comprehensive synthesis of current evidence regarding the practical advantages of traditional machine learning 

techniques. 

 

3.13 Summary 

This section described the systematic methodology adopted to identify, evaluate, and synthesize relevant literature 

comparing traditional machine learning algorithms and neural network models. The structured search strategy, predefined 

inclusion and exclusion criteria, quality assessment, and qualitative synthesis ensure that the subsequent analysis is based 

on reliable and reproducible evidence. The next section examines the specific advantages of traditional machine learning 

over neural networks by discussing the findings reported across the reviewed studies. 

 

4. ADVANTAGES OF MACHINE LEARNING OVER NEURAL NETWORK 

 

4.1 Overview 

Traditional machine learning algorithms remain an important component of artificial intelligence despite the rapid 

advancement of neural network models. Although neural networks have demonstrated superior performance in applications 

involving large-scale unstructured data, existing research indicates that traditional machine learning techniques continue to 

offer several practical advantages in terms of computational efficiency, training requirements, interpretability, deployment, 

and resource utilization. These advantages become particularly significant when working with structured datasets, limited 

computational infrastructure, or applications requiring transparent decision-making. 

The following subsections discuss the major advantages identified from the reviewed literature. 

 

4.2 Lower Data Requirements 

One of the most frequently reported advantages of traditional machine learning algorithms is their ability to achieve 

satisfactory predictive performance using relatively small datasets. Algorithms such as Support Vector Machines (SVM), 

Random Forests, Logistic Regression, and Decision Trees are capable of learning meaningful decision boundaries from a 

limited number of training instances. 

 

Neural networks generally require substantially larger datasets because they contain a large number of trainable parameters. 

When insufficient data are available, neural networks are more susceptible to overfitting, where the model memorizes 

training examples instead of learning generalized patterns. 
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In domains such as healthcare, engineering diagnostics, educational analytics, and financial risk assessment, collecting 

large volumes of labeled data is often expensive, time-consuming, or impractical. Under such conditions, traditional 

machine learning algorithms frequently provide comparable or superior predictive performance while requiring 

considerably fewer observations. 

 

4.3 Faster Training Time 

Training efficiency represents another important advantage of traditional machine learning methods. Most conventional 

algorithms involve fewer parameters and simpler optimization procedures, allowing models to converge rapidly during 

training. 

 

Decision Trees, Logistic Regression, Naïve Bayes, and Support Vector Machines can often be trained within seconds or 

minutes on standard computing hardware. Neural networks, particularly deep architectures containing multiple hidden 

layers, generally require iterative optimization over numerous epochs. Training duration increases significantly as network 

depth, dataset size, and parameter count grow. 

 

Reduced training time allows researchers and practitioners to perform rapid experimentation, parameter adjustment, and 

model validation, making traditional machine learning particularly suitable for applications requiring quick model 

development. 

 

4.4 Lower Computational Requirements 

Traditional machine learning algorithms generally demand fewer computational resources than neural networks. Most 

algorithms can be trained efficiently using conventional central processing units (CPUs) without requiring specialized 

hardware accelerators. 

 

Deep neural networks often depend on Graphics Processing Units (GPUs) or Tensor Processing Units (TPUs) to reduce 

training time. The computational requirements increase further for very deep architectures involving millions of parameters. 

Organizations with limited computational infrastructure, including educational institutions, small industries, and research 

laboratories, may therefore find traditional machine learning approaches more practical due to their lower hardware 

requirements and reduced operational costs. 

 

4.5 Better Model Interpretability 

Interpretability is a critical requirement in many real-world applications where model predictions directly influence human 

decision-making. Traditional machine learning algorithms generally provide greater transparency than neural network 

models. 

 

Decision Trees generate explicit decision rules that can be easily understood by domain experts. Logistic Regression 

estimates coefficients that quantify the influence of individual variables on prediction outcomes. Random Forest models 

provide feature importance measures that identify the relative contribution of each predictor. 

Neural networks, by contrast, distribute learned representations across multiple hidden layers, making it difficult to explain 

how individual predictions are generated. Although Explainable Artificial Intelligence (XAI) techniques such as SHAP and 

LIME have improved neural network interpretability, these methods provide post hoc explanations rather than inherent 

transparency. 

 

Applications involving healthcare diagnosis, financial lending, insurance underwriting, legal decision support, and 

government services frequently require interpretable models for regulatory compliance and stakeholder confidence. 

 

4.6 Simpler Hyperparameter Optimization 

The performance of machine learning models depends on appropriate parameter selection. Traditional machine learning 

algorithms generally involve a relatively small number of hyperparameters. 

For example, Logistic Regression primarily requires optimization of the regularization parameter, while Decision Trees 

involve parameters such as maximum tree depth and minimum sample size. Random Forest models additionally require the 

number of trees and feature selection strategy. 

 

Neural networks require optimization of a considerably larger parameter space, including learning rate, batch size, 

optimizer selection, activation functions, network architecture, hidden layers, dropout rate, weight initialization, and 

regularization techniques. 
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The increased complexity of neural network optimization often requires extensive experimentation, increasing development 

time and computational cost. 

 

4.7 Lower Memory Consumption 

Memory utilization is an important consideration when deploying predictive models on devices with limited hardware 

resources. 

 

Traditional machine learning models generally require comparatively small storage capacity because they contain 

significantly fewer parameters than deep neural networks. 

 

Neural network architectures frequently occupy hundreds of megabytes or even gigabytes depending on network depth and 

parameter count. Such requirements may limit deployment on embedded systems, wearable devices, industrial sensors, and 

mobile applications. 

 

Consequently, lightweight traditional machine learning models remain attractive for resource-constrained computing 

environments. 

 

4.8 Easier Deployment 

Model deployment involves integrating trained models into production environments where they perform real-time 

predictions. 

 

Traditional machine learning algorithms generally produce compact models that are straightforward to implement using 

standard software libraries. Their modest computational requirements simplify deployment across desktop applications, 

web services, embedded controllers, and Internet of Things (IoT) devices. 

 

Neural network deployment often requires additional optimization techniques, specialized inference frameworks, model 

compression, or hardware acceleration to achieve acceptable response times. 

 

This difference contributes to lower deployment complexity for traditional machine learning methods. 

 

4.9 Lower Energy Consumption 

Energy efficiency has become an increasingly important consideration as artificial intelligence systems are deployed on a 

larger scale. 

 

Training deep neural networks involves extensive matrix operations over millions of parameters, resulting in substantial 

electricity consumption. Large-scale neural network training frequently requires multiple GPUs operating continuously for 

extended periods. 

 

Traditional machine learning algorithms generally require significantly fewer computational operations and shorter training 

durations, resulting in lower energy consumption. 

 

Reduced energy requirements contribute not only to lower operational costs but also to improved environmental 

sustainability. 

 

4.10 Reduced Risk of Overfitting on Small Datasets 

Overfitting occurs when a predictive model captures noise within the training data rather than learning generalized patterns. 

Traditional machine learning algorithms often demonstrate better generalization when datasets are relatively small. Their 

comparatively simpler model structures reduce the likelihood of memorizing training observations. 

 

Neural networks possess high representational capacity due to their large number of trainable parameters. Without 

sufficient training data or appropriate regularization techniques, deep neural networks are more prone to overfitting. 

This characteristic explains why traditional machine learning algorithms remain widely adopted in many scientific and 

industrial applications where data availability is limited. 

 

4.11 Lower Implementation Complexity 

Traditional machine learning algorithms generally involve well-established mathematical formulations and mature software 

implementations. 
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Libraries such as Scikit-learn provide standardized interfaces for model training, evaluation, hyperparameter tuning, and 

deployment. The implementation process typically involves fewer design decisions than neural network development. 

 

Developing neural network solutions often requires selecting network architecture, designing hidden layers, determining 

optimization strategies, implementing regularization techniques, and monitoring convergence behavior. 

 

The comparatively lower implementation complexity of traditional machine learning reduces development effort and 

facilitates faster project completion. 

 

4.12 Suitability for Structured Data 

Traditional machine learning algorithms consistently demonstrate strong performance on structured or tabular datasets. 

Applications including customer relationship management, banking transactions, medical records, industrial sensor 

measurements, educational databases, and insurance claims primarily consist of numerical and categorical variables 

organized in tabular form. 

 

Numerous comparative studies have reported that Random Forest, Gradient Boosting, Support Vector Machines, and 

Logistic Regression frequently achieve performance comparable to neural networks on such datasets while requiring 

substantially lower computational resources. 

 

Therefore, the selection of neural networks should not be based solely on their popularity but rather on the characteristics of 

the available data. 

 

4.13 Summary 

The reviewed literature indicates that traditional machine learning algorithms continue to provide important practical 

advantages despite the rapid advancement of neural network technologies. Their effectiveness with limited datasets, lower 

computational requirements, shorter training time, inherent interpretability, and ease of deployment make them particularly 

suitable for many structured-data applications. These advantages should not be interpreted as evidence that traditional 

machine learning universally outperforms neural networks. Rather, they highlight that the selection of an appropriate 

learning method should depend on the characteristics of the problem, the available data, computational resources, and 

application requirements. 

 

Next Section: 5. Comparative Analysis and Discussion, which will synthesize the findings across dimensions such as 

accuracy, scalability, computational complexity, interpretability, deployment, and application suitability, followed by 

discussion and future research directions. 

 

5. COMPARATIVE ANALYSIS AND DISCUSSION 

 

5.1 Overview 

The choice between traditional machine learning algorithms and neural network models should be based on the 

characteristics of the problem rather than the assumption that one approach is universally superior. The literature reviewed 

in this study indicates that both approaches have distinct strengths and limitations. Traditional machine learning algorithms 

provide advantages in terms of computational efficiency, interpretability, and deployment, whereas neural networks 

demonstrate superior capability in learning complex representations from large-scale unstructured data. 

 

This section presents a comparative analysis of both approaches based on commonly reported evaluation parameters and 

discusses the practical implications of these findings. 

 

5.2 Comparative Analysis 

5.2.1 Data Requirements 

Dataset size significantly influences algorithm performance. 

Traditional machine learning algorithms are generally capable of producing reliable predictive models using relatively 

small datasets. Since these algorithms involve fewer trainable parameters, they require fewer observations to estimate 

model parameters effectively. 

 

Neural networks, in contrast, contain a substantially larger number of parameters and therefore require large quantities of 

labeled data to avoid overfitting and achieve stable generalization. The reviewed studies consistently indicate that the 

performance advantage of neural networks becomes more evident as dataset size increases. 
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5.2.2 Computational Complexity 

Traditional machine learning algorithms exhibit lower computational complexity during both training and inference. 

Algorithms such as Logistic Regression, Decision Trees, and Support Vector Machines can be executed efficiently on 

standard computing platforms without specialized hardware. 

 

Neural networks involve repeated matrix operations across multiple hidden layers, increasing computational requirements 

considerably. Consequently, training deep neural networks often depends on GPU acceleration, particularly for large 

datasets. 

 

Lower computational complexity enables traditional machine learning models to be implemented more easily in 

organizations with limited computational infrastructure. 

 

5.2.3 Training Efficiency 

Training efficiency represents another important distinction. 

Traditional machine learning algorithms generally converge rapidly because of simpler optimization procedures and fewer 

model parameters. This characteristic enables faster experimentation during model development. 

Neural network training typically requires multiple optimization epochs before convergence. Additional time is often 

required for architecture selection and hyperparameter optimization. 

 

For applications requiring frequent model updates or rapid deployment, traditional machine learning algorithms provide a 

practical advantage. 

 

5.2.4 Model Interpretability 

Interpretability remains one of the strongest advantages of traditional machine learning. 

Decision Trees provide explicit classification rules. 

Logistic Regression estimates variable coefficients that quantify predictor influence. 

Random Forests provide measures of feature importance. 

These characteristics facilitate model validation by domain experts. 

Neural networks distribute learned information across numerous hidden units, making prediction mechanisms difficult to 

interpret directly. Although explainable AI techniques have improved post hoc interpretation, they do not completely 

eliminate the inherent complexity of deep neural network models. 

 

5.2.5 Resource Utilization 

Memory consumption and hardware utilization are important considerations for practical deployment. 

Traditional machine learning algorithms generally require smaller memory footprints and lower processing power. 

Deep neural networks frequently require substantially larger storage capacity due to millions of learned parameters. 

This difference becomes particularly important for embedded systems, mobile devices, Internet of Things (IoT) 

applications, and edge computing environments. 

 

5.2.6 Deployment Complexity 

Traditional machine learning models are comparatively easier to deploy in production environments. 

Model serialization, integration, and maintenance generally require fewer computational resources and software 

dependencies. 

 

Neural network deployment often involves additional optimization procedures including model quantization, pruning, 

hardware-specific optimization, and specialized inference engines. 

These additional requirements increase deployment complexity and maintenance effort. 

 

5.2.7 Application Suitability 

The reviewed literature demonstrates that application characteristics strongly influence algorithm selection. 

Traditional machine learning algorithms are particularly effective for: 

Medical diagnosis using structured clinical records 

Credit scoring 

Fraud detection 

Customer churn prediction 

Educational performance prediction 

Industrial quality monitoring 

Predictive maintenance 
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Neural networks demonstrate superior performance for: 

Image recognition 

Object detection 

Speech recognition 

Machine translation 

Natural language processing 

Autonomous driving 

Video analysis 

These findings suggest that algorithm selection should primarily depend on data characteristics rather than technological 

trends. 

 

5.3 Comparative Performance Summary 

5.4 Discussion 

The findings synthesized in this review demonstrate that traditional machine learning algorithms continue to provide 

substantial practical value despite the widespread adoption of neural networks. While deep learning has achieved 

remarkable success in processing images, speech, and natural language, these achievements should not be generalized to all 

machine learning problems. 

 

For structured datasets, traditional machine learning algorithms often provide competitive predictive performance while 

requiring fewer computational resources and less training data. Their lower implementation complexity and inherent 

interpretability make them suitable for applications where transparency, regulatory compliance, and operational efficiency 

are essential. 

 

Neural networks remain advantageous for problems involving complex, high-dimensional, and unstructured data. However, 

their increased computational demands, dependence on large labeled datasets, and limited interpretability may reduce their 

suitability for resource-constrained or highly regulated environments. 

 

The reviewed literature therefore supports the view that the selection of a learning algorithm should be based on the 

characteristics of the application, available data, computational resources, and explainability requirements rather than the 

assumption that neural networks are universally superior. 

 

5.5 Practical Implications 

The findings of this review have several practical implications for researchers and practitioners: 

Traditional machine learning algorithms should be considered as the first choice for structured datasets with limited 

observations. 

 

Organizations with limited computational resources may achieve effective predictive performance without investing in 

specialized deep learning infrastructure. 

 

Applications requiring transparent and explainable predictions can benefit from interpretable machine learning models. 

Neural networks should be selected primarily when sufficient training data and computational resources are available, and 

the problem involves complex unstructured data. 

 

Algorithm selection should be guided by empirical evaluation rather than model popularity. 

 

5.6 Summary 

The comparative analysis confirms that traditional machine learning algorithms retain significant practical advantages in 

several application domains. Their lower computational complexity, faster training, improved interpretability, and ease of 

deployment continue to make them effective solutions for many real-world problems. At the same time, neural networks 

remain the preferred choice for applications involving large-scale unstructured data and complex feature learning. 

Consequently, neither approach should be regarded as universally superior; instead, the selection of an appropriate model 

should reflect the specific characteristics and requirements of the target application. 

 

6. FUTURE RESEARCH DIRECTIONS 

 

6.1 Overview 

The rapid evolution of artificial intelligence continues to reshape the development of predictive models across scientific and 

industrial domains. Although neural networks have become increasingly prominent in recent years, traditional machine 
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learning algorithms remain relevant because of their computational efficiency, interpretability, and suitability for structured 

datasets. Future research should therefore focus on identifying scenarios where traditional machine learning and neural 

networks can complement rather than replace one another. 

 

The following research directions are derived from the literature reviewed in this study. 

 

6.2 Hybrid Learning Approaches 

One promising research direction is the development of hybrid models that integrate traditional machine learning 

algorithms with neural networks. Hybrid approaches seek to combine the strengths of both paradigms by using neural 

networks for feature extraction and traditional machine learning algorithms for final classification or regression. 

 

Several studies have demonstrated that combining convolutional neural networks with Support Vector Machines or 

Random Forest classifiers can improve predictive performance while maintaining relatively lower model complexity. 

Further investigation is required to determine the optimal integration strategies across different application domains. 

 

6.3 Explainable Artificial Intelligence 

As artificial intelligence systems become increasingly involved in healthcare, finance, law, and public administration, 

model transparency has become an essential requirement. 

 

Future research should focus on improving the explainability of neural network models while preserving predictive 

accuracy. At the same time, additional work is needed to enhance the interpretability of traditional machine learning 

algorithms through standardized visualization techniques and decision-support tools. 

 

Developing evaluation frameworks that measure both prediction accuracy and explanation quality may provide a more 

comprehensive assessment of artificial intelligence systems. 

 

6.4 Automated Model Selection 

Selecting an appropriate learning algorithm remains a challenging task for practitioners. 

Future research may explore automated systems capable of recommending suitable machine learning or neural network 

models based on dataset characteristics such as sample size, feature dimensionality, missing values, computational 

resources, and application requirements. 

Such intelligent recommendation systems could reduce development time while improving model selection decisions. 

 

6.5 Lightweight Learning Models for Edge Computing 

The rapid expansion of Internet of Things (IoT), wearable devices, and smart sensors has increased the demand for 

lightweight predictive models capable of operating on resource-constrained hardware. 

 

Future studies should investigate methods for improving the efficiency of traditional machine learning algorithms while 

reducing the computational requirements of neural networks through model compression, pruning, and quantization 

techniques. 

 

Research in this area will support the deployment of artificial intelligence applications in environments with limited 

processing power and memory. 

 

6.6 Learning from Limited Data 

Many practical applications involve relatively small datasets where collecting additional labeled observations is expensive 

or impractical. 

 

Future research should investigate methods that improve the performance of both traditional machine learning and neural 

network models under limited-data conditions. Techniques such as transfer learning, data augmentation, semi-supervised 

learning, and few-shot learning may help address this challenge. 

 

Comparative evaluations across different domains would provide a better understanding of the conditions under which each 

learning paradigm performs most effectively. 

 

6.7 Energy-Efficient Artificial Intelligence 

The increasing computational demands of deep learning have raised concerns regarding energy consumption and 

environmental sustainability. 
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Future studies should evaluate artificial intelligence models not only in terms of predictive accuracy but also according to 

energy efficiency, carbon footprint, and computational cost. 

 

The development of standardized evaluation metrics for sustainable artificial intelligence could support environmentally 

responsible model selection. 

 

6.8 Domain-Specific Comparative Studies 

Although numerous studies compare traditional machine learning and neural networks, many application domains remain 

insufficiently explored. 

Future comparative research should examine performance across areas such as: 

Healthcare diagnostics 

Educational data mining 

Cybersecurity 

Smart agriculture 

Industrial automation 

Financial technology 

Environmental monitoring 

Domain-specific evaluations may provide more precise recommendations for algorithm selection. 

 

6.9 Standardized Benchmarking Frameworks 

Existing comparative studies often employ different datasets, evaluation metrics, and experimental configurations, making 

direct comparison difficult. 

 

Future research should develop standardized benchmarking frameworks that evaluate traditional machine learning 

algorithms and neural networks under identical experimental conditions. 

 

Such benchmarks would improve reproducibility and facilitate objective comparison across different learning methods. 

 

 CONCLUSION 

 

Machine learning continues to play a central role in the advancement of artificial intelligence by providing effective 

solutions for prediction, classification, regression, and decision-support problems. Although neural networks have achieved 

remarkable success in applications involving large-scale unstructured data, the findings synthesized in this review 

demonstrate that traditional machine learning algorithms continue to offer significant practical advantages across numerous 

real-world scenarios. 

 

The literature reviewed indicates that traditional machine learning techniques generally require smaller training datasets, 

shorter training time, lower computational resources, and simpler implementation procedures than neural network models. 

Their inherent interpretability further supports their application in domains where transparent decision-making and 

regulatory compliance are essential. In addition, reduced memory requirements and easier deployment make traditional 

machine learning algorithms well suited for embedded systems, mobile devices, and edge computing environments. 

 

The comparative analysis also demonstrates that neural networks remain preferable for applications involving image 

recognition, speech processing, natural language understanding, and other forms of complex unstructured data. 

Consequently, the selection of an appropriate learning method should depend on the characteristics of the dataset, 

computational infrastructure, and application requirements rather than assuming that one approach is universally superior. 

Overall, the evidence presented in this review suggests that traditional machine learning algorithms remain an important 

component of modern artificial intelligence. Their balance of predictive capability, computational efficiency, and 

interpretability ensures their continued relevance in both academic research and practical applications. Future developments 

are expected to emphasize hybrid learning frameworks that combine the strengths of traditional machine learning and 

neural networks to address increasingly complex real-world problems. 
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