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Abstract: Hybrid machine learning techniques offer a powerful solution for addressing complex 

classification problems by integrating the strengths of different algorithms. This study proposes a unique 

hybrid model that combines Random Forest, XGBoost, and Long Short-Term Memory (LSTM) 

networks to exploit their distinct capabilities. Random Forest provides reliable feature selection and 

ensemble-based predictions, while XGBoost enhances model performance through efficient gradient 

boosting. LSTM networks are included to capture sequential patterns and dependencies in temporal 

data, making the framework suitable for both static and dynamic datasets. The hybrid model is tested on 

a variety of benchmark datasets, demonstrating enhanced accuracy, improved generalization, and 

reduced overfitting compared to standalone models and conventional hybrid approaches. Additionally, 

the framework proves to be scalable and adaptable, making it applicable across various domains, such 

as healthcare, finance, and natural language processing. The results emphasize the value of integrating 

multiple machine learning algorithms to overcome individual model limitations and achieve high 

performance in classification tasks. 

 

IndexTerms - Hybrid Machine Learning, Random Forest, XGBoost, Long Short-Term Memory 

(LSTM), Classification Accuracy 

 

I. INTRODUCTION 

Machine learning has revolutionized the way data is analyzed and classified, enabling advancements 

across numerous fields such as healthcare, finance, and natural language processing. However, no single 

algorithm excels universally due to the diversity and complexity of datasets. To overcome the limitations 
of standalone models, hybrid machine learning approaches have gained significant attention in recent 

years. By combining the strengths of multiple algorithms, hybrid techniques aim to enhance predictive 
performance, improve generalization, and effectively handle both static and temporal data. 
 

In the realm of machine learning, single algorithms often struggle to maintain consistent performance 

across varied datasets, especially when those datasets are high-dimensional, unstructured, or contain 

sequential dependencies. Hybrid machine learning approaches have emerged as a compelling solution, 

integrating multiple algorithms to leverage their individual strengths and offset weaknesses.This study 

introduces a hybrid classification framework that combines Random Forest, XGBoost, and Long Short-

Term Memory (LSTM). Each model brings complementary advantages: Random Forest is well-regarded 

for its robustness in feature selection and resistance to overfitting; XGBoost icelebrated for handling 

complex, non-linear feature interactions through gradient boosting; and LSTM, a form of recurrent neural 

network, is effective at capturing temporal patterns in sequential data. 

 

http://www.jetir.org/


© 2025 JETIR April 2025, Volume 12, Issue 4                                                         www.jetir.org (ISSN-2349-5162) 

 

JETIR2504A92 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org k747 
 

The synergy of these models addresses key machine learning challenges, such as handling imbalanced 

and high-dimensional datasets, extracting temporal features, and minimizing overfitting. This paper aims 
to demonstrate that the proposed hybrid approach not only achieves higher classification accuracy but 

also adapts well to diverse domains like healthcare and finance, where both static and sequential data are 
common. 

 

This paper explores the hybrid framework's practical applicability in addition to providing a theoretical 

underpinning. From identifying fraud in financial systems to forecasting disease outbreaks in healthcare, 

the suggested model may be able to tackle problems requiring a high degree of accuracy and flexibility. 

The findings of this study establish a standard for upcoming advancements in the industry and highlight 

the revolutionary potential of hybrid machine learning models in resolving challenging categorization 

issues. 
 

II. RELATED WORK 

 

Li, X., and Zhang, Y. (2023). A Hybrid Method for Classification Employing XGBoost and Random 
Forest. 19(2), 143-158, Journal of Artificial Intelligence Research.In order to increase classification 

accuracy, this research proposes a hybrid model that combines XGBoost and Random Forest. The study 

shows that prediction performance is improved by combining both models. Experiments show that 
overfitting has significantly decreased. The authors demonstrate that Random Forest offers model 

stability, whereas XGBoost aids in capturing feature interactions. The method works especially well with 
high-dimensional datasets. Future research on enhancing the hybrid model for real-time applications is 

recommended in the publication.[1] 

 

Wang, F., and Chen, H. (2022). Increasing Classification Accuracy using Random Forest, XGBoost, and 

LSTM Hybrid Machine Learning Models. 11(3), 89-102, International Journal of Data Science and 

Machine Learning.Chen and Wang look into how to improve classification performance by combining 

Random Forest, XGBoost, and LSTM. Results are improved by the hybrid model, particularly when used 

to time-series data. The authors contend that every model makes a distinct contribution to increased 

accuracy. The study demonstrates the advantages of combining deep learning with ensemble approaches. 

Several datasets are used to assess the robustness of the model. Future research aimed at scaling the hybrid 

model for bigger datasets is what the authors suggest. [2] 

 

Sharma, S., and Kumar, R. (2021). Assessment of Hybrid Classifiers' Performance in Classifying Large-

Scale Data. Review of Machine Learning, 15(5), 221-236. Kumar and Sharma assess how well hybrid 

classifiers perform on challenges involving the classification of vast amounts of data. Their hybrid model, 

which combines XGBoost and Random Forest, yields better results than conventional techniques. On 

noisy datasets, the method exhibits superior accuracy and robustness. They contend that improved 

scalability is offered by hybrid architectures. The significance of ensemble methods in massive data 

environments is emphasized by the authors. Future research will examine further hybrid approaches for 

high-dimensional data.[3] 

Zhang, Q., and Li, J. (2020). Combining LSTM with XGBoost for Effective Predictive Modeling. 8(2), 

102-118, Journal of Computational Intelligence and Applications. For predictive modeling, Li and Zhang 

suggest a hybrid model that combines XGBoost and LSTM. Both static and dynamic features can be 

captured by the model thanks to the integration. The authors show that compared to single models, the 

hybrid model increases predictive accuracy. It has potential uses in sensor data and finance. The study 

highlights how hybrid approaches can be used for challenging prediction tasks. The goal of future 

research is to increase the computational efficiency of the model.[4] 

Rao, K., and Singh, V. (2022). A Comprehensive Examination of XGBoost and Hybrid Random Forest 

Models for Data Classification. 6(1), 51-68; Artificial Intelligence & Machine Learning Journal. Singh 

and Rao examine how Random Forest and XGBoost work together to improve data classification. 

According to their findings, hybrid models perform better on difficult datasets than conventional 

techniques. The advantages of feature selection using ensemble learning are emphasized by the authors. 

Their method increases accuracy while cutting down on computation time. Additionally, they highlight 
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how resilient hybrid models are when dealing with noisy data. The model will be modified for multi-class 

classification tasks in future research.[5] 

III. METHODLOGY 

 

The methodology for the proposed hybrid machine learning framework combines three powerful 

algorithms—Random Forest, XGBoost, and Long Short-Term Memory (LSTM)—to achieve high 

classification performance. Principal Component Analysis (PCA) is incorporated for dimensionality 

reduction, improving computational efficiency and enhancing model performance. 

PCA, Random Forest, XGBoost, and LSTM are all combined in the suggested methodology to provide 
a methodical and modular classification framework. By reducing dimensionality, PCA preserves 
important characteristics while increasing computational effectiveness. Critical features are identified 

via Random Forest, which also minimizes noise and optimizes input for later models. 

While LSTM learns temporal connections for sequential datasets, XGBoost uses fine-tuned 

hyperparameters to capture complicated feature interactions. Using the complimentary strengths of each 

model, ensemble techniques like weighted averaging and stacking combine the outputs from all models. 

Dropout and early halting are two regularization and tuning techniques that guarantee robustness and 

avoid overfitting. High precision, scalability, and adaptability are provided by this hybrid technique for a 

variety of real-world applications. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 3.1: Working of PCA  
 

3.1 Data Preprocessing and Feature Engineering: 

 Cleaning: Missing values are handled using imputation techniques, and categorical 

variables are encoded. 

 Normalization: Feature scaling ensures all variables contribute equally. 

 Dimensionality Reduction: Principal Component Analysis (PCA) is applied to retain 

95% variance while reducing feature space. 

 

 

 

 

 

 

 

 

FIG 3.2: FLOWCHART OF DATA CLASSIFICATION 
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3.2 Classifier Implementation: 

 Random Forest: Used post-PCA to identify significant features. It creates an ensemble of 

decision trees, reducing variance and enhancing generalization. 

 XGBoost: Trained on PCA-transformed features, optimized using hyperparameter tuning. It 

effectively captures complex interactions with its boosting strategy. 

 LSTM: The dataset is reshaped into 3D format for sequential learning. LSTM is constructed 

with stacked layers, dropout regularization, and soft max output. 

3.3  Ensemble Integration: 

The predictions from each classifier are combined using weighted averaging and stacking. Each 

model’s contribution is fine-tuned based on validation performance. 

3.4 Evaluation Metrics: 

 Accuracy 

 Precision 

 Recall 

 F1-score 

 ROC-AUC 

These metrics provide comprehensive insight into each model's performance and guide 

improvements. 

3.5 Model Architecture Design: 

Random Forest, XGBoost, and LSTM are combined in the hybrid framework to optimize 

classification accuracy: 

 Random Forest: Reduces data noise by managing feature selection and spotting important 

trends. 

 XGBoost: Uses hyperparameters that are tuned for maximum efficiency to capture intricate 

feature interactions. 

 LSTM: Analyzes sequential data and discovers dynamic patterns by learning temporal 

dependencies. 

 Ensemble Integration: Utilizes the capabilities of each model by combining its results using 

methods like weighted average and stacking. 

For a wide range of applications, this architecture guarantees resilience, scalability, and flexibility. 

 

 

 

 

 

 
 

FIG 3.3: WORKING OF HYBRID MODEL 

 

IV. RESULTS AND DISCUSSION: 

Across a variety of datasets, the hybrid model that combined Random Forest, XGBoost, and LSTM showed 

excellent classification accuracy. XGBoost recorded complex feature interactions, while Random Forest 

handled feature selection efficiently. By analyzing the data's sequential relationships, LSTM added value. 
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These models' ensemble integration improved performance even more by striking the ideal balance between 

F1-score, recall, and precision. 

Results from criteria including confusion matrices, ROC-AUC, and accuracy consistently outperformed 

separate models, confirming the hybrid approach's synergy. Model interpretability and computational 

efficiency were improved by using PCA for dimensionality reduction or ELA for feature extraction. 

 

4.1 Results and Discussion for Random Forest: 

Due to its ensemble nature, the Random Forest classifier performed well on classification tests, exhibiting 
excellent accuracy and resilience against overfitting. The model's ability to effectively capture important 
patterns and correlations in the data through the use of many decision trees makes it especially appropriate 
for high- dimensional datasets. 

Number of components for 95% variance: 14 

Random Forest Accuracy: 0.97 

   Classification Report :    

       

 

 

    

 

 

 

 

 
     

 

 

 

 

 

Table 1: Classification Report Random Forest 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

      Fig 4.1: Variance by PCA Components 

 

4.2 Results and Discussion for XGBoost: 

XGBoost performed exceptionally well in classification, handling imbalanced datasets and capturing 

intricate feature relationships. It achieved great accuracy by using regularization to avoid overfitting. 

The interpretability of the model was improved using feature importance analysis, which offered 

insightful information about the most important variables. However, it was observed that XGBoost 

required careful hyperparameter tuning due to its higher computational complexity when compared to 

simpler models like Random Forest. Despite this, it was a crucial part of the hybrid architecture due to 

its strong performance on a variety of datasets, which has a lot of promise for raising classification 

accuracy in practical applications. 

XGBoost Accuracy: 0.97 

 precision recall f1-score support 

        0 0.98 0.96 0.97 9912 

        1 0.96 0.98 0.97 9888 

accuracy 
 

  0.97 19800 

macro avg 0.97 0.97 0.97 19800 

weighted 

avg 

0.97 0.97 0.97 19800 
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Classification Report: 

 precision recall f1-score support 

        0 0.98 0.96 0.97 9912 

        1 0.96 0.98 0.97 9888 

accuracy   0.97 19800 

Macroavg 0.97 0.97 0.97 19800 

weighted 

avg 

0.97 0.97 0.97 19800 

 

Table 2: Classification Report XGBoost 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 4.2: Confusion Matrix(XGBoost) 

The confusion matrix shows that the XGBoost model performs well: 

 Correct predictions: 9555 (class 0) and 9662 (class 1). 

 Errors: 357 false positives, 226 false negatives. 

 Accuracy: High, with few misclassifications. XGBoost efficiently distinguishes between the 

two classes. 
 

4.3 Results and Discussion for LSTM: 

Compared to models that do not manage temporal links, LSTM showed excellent performance in 

identifying sequential patterns and dependencies in time-series or ordered data, increasing classification 

accuracy. High efficacy was demonstrated by the model, particularly in datasets having dynamic or 

sequential features. However, because of its intricate architecture, it needed more time and computing 

power for training. Despite this, LSTM was a useful addition to the hybrid framework because of its 

capacity to handle long-term dependencies, which greatly improved the model's overall performance, 

especially in situations where data ordering is crucial. 

LSTM performed better on jobs involving time-series or ordered data because it was very good at 
modeling sequences and temporal dependencies. In situations where historical data has a substantial 
impact on future forecasts, the model's capacity to learn long-term associations enabled it to perform 
better than conventional machine learning techniques. However, compared to models like Random 
Forest and XGBoost, the more sophisticated LSTM model resulted in longer training durations and 
higher resource use. Not withstanding these difficulties, LSTM's addition to the hybrid model offered a 
significant benefit, especially in applications where precise classification depends on knowing the order 
of events or data points. 
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LSTM Accuracy: 0.98 

Classification Report: 

 

  

 

 
 

 

 

 

 

 

 

 

 

Table 3: Classification Report LSTM 
 

 

Fig 4.3: Model Accuracy 
 

An LSTM model's training and validation accuracy across epochs is depicted in the graph: 

 

 Training Accuracy: Constantly improves, demonstrating that the LSTM is successfully picking 

up temporal patterns. 

 Validation Accuracy: Shows that the LSTM generalizes effectively to unknown data, remaining 

marginally higher than training accuracy. 

 In conclusion, there are no indications of overfitting in the well- trained LSTM model. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 4.4: Confusion Matrix (LSTM) 
 

 

 precision recall f1-score support 

        0 0.99 0.98 0.98 9912 

        1 0.98 0.99 0.98 9888 

accuracy   0.98 19800 

macro avg 0.98 0.98 0.98 19800 

weighted 

avg 

0.98 0.98 0.98 19800 
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4.4  Results and Discussion for Ensemble Model: 

Ensemble Model is a hybrid model of three models namely Random Forest, XGBoost, LSTM. The 

hybrid ensemble model displayed superior performance across all datasets. By combining the 

complementary strengths of Random Forest (feature selection), XGBoost (boosting power), and LSTM 

(temporal pattern recognition), the ensemble achieved the highest levels of precision, recall, and F1-

score. 

Enhancements observed: 

 Balanced predictions across all classes 

 Reduced overfitting 

 Enhanced generalization on unseen data 

 

 

 
 

 

 

 

 

 

 

 

 

Fig 4.5: Confusion Matrix(Ensemble Model) 

Classification Accuracy: 0.98 

 

 

   
 

 

 

 

 

 

 

 

Table 4: Classification Report  

 

Hybrid Model Performance: 

 

Compared to individual models, the hybrid machine learning model's performance—which combines 

Random Forest, XGBoost, and LSTM—showed notable gains. By effectively managing feature selection 

and providing dependable forecasts through its ensemble method, Random Forest established a strong 

basis. In classification tasks, the model did well, demonstrating resilience to overfitting and offering 

insightful information about feature relevance. In contrast to more sophisticated models, it had 

shortcomings in capturing intricate feature relationships, even though it performed well on the majority 

of datasets. 

On the other hand, XGBoost's potent gradient boosting mechanism improved performance by effectively 

managing intricate linkages and non-linear relationships between features. It was very successful at 

increasing accuracy on imbalanced datasets and preventing overfitting through regularization. XGBoost's 

feature importance analysis was enlightening and gave a more profound comprehension of the data. One 

 precision recall f1-score support 

         0 0.98 0.98 0.98 10035 

         1 0.98 0.99 0.98 9965 

accuracy   0.98 20000 

macro avg 0.98 0.98 0.98 20000 

weighted 

avg 

0.98 0.98 0.98 20000 
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significant obstacle was the higher computational cost of training, especially when dealing with big 

datasets. Nevertheless, XGBoost's potent predictive power made it a vital part of the hybrid system. 

 

5. CONCLUSION: 

 

When it came to handling challenging classification tasks, the hybrid machine learning model that 
combined Random Forest, XGBoost, and LSTM demonstrated exceptional efficacy. Each model offered 

a distinct set of advantages: LSTM effectively modeled sequential dependencies, especially for time-
series or ordered data; Random Forest effectively managed feature selection and offered interpretability; 

and XGBoost was exceptional at capturing complex feature interactions and improving performance. By 
combining both models, classification accuracy and resilience were increased, providing a complete 

solution that makes use of the best features of both deep learning and conventional machine learning 

methods. 

 

Even though the hybrid system's predictive performance significantly improved, issues including longer 

training times and higher computing complexity were noted. In order to guarantee scalability for real-
time applications, future research could concentrate on improving the models' computational efficiency, 

especially that of the LSTM. All things considered, this strategy holds a lot of potential for applications 
like anomaly detection, picture classification, and other fields that call for managing sizable, intricate 

datasets with both temporal and structural components. 
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