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ABSTRACT 

Early detection of Alzheimer’s Disease (AD) is critical for slowing disease progression and improving patient 

quality of life. This study proposes an intelligent framework titled “Early Detection of Alzheimer’s Disease 

Using Cognitive Features: A Voting-Based Ensemble Machine Learning Approach”, which leverages advanced 

Machine Learning (ML) techniques to identify early signs of cognitive decline. The system focuses on 

analyzing cognitive features such as memory performance, language ability, attention span, problem-solving 

skills, and behavioral patterns collected through clinical assessments and standardized tests. The proposed 

methodology utilizes a Voting-Based Ensemble Learning Model, which combines the predictive strengths of 

multiple base classifiers such as Random Forest, Support Vector Machine (SVM), Logistic Regression, and K-

Nearest Neighbors (KNN). By aggregating predictions using majority voting or weighted voting strategies, the 

ensemble model improves classification accuracy and robustness compared to individual models. Data 

preprocessing techniques including normalization, feature selection, and handling missing values are applied to 

enhance model performance. Additionally, the system incorporates feature importance analysis to identify the 

most influential cognitive indicators associated with early-stage Alzheimer’s. Experimental results demonstrate 

that the proposed ensemble approach achieves higher accuracy, precision, recall, and F1-score compared to 

traditional single-model approaches. The system effectively distinguishes between healthy individuals, mild 

cognitive impairment (MCI), and early Alzheimer’s patients. This approach not only enhances diagnostic 

reliability but also supports clinicians in making informed decisions. In conclusion, the integration of cognitive 

feature analysis with ensemble machine learning provides a powerful and scalable solution for early 

Alzheimer’s detection. The proposed system has the potential to be deployed in clinical decision support 

systems, enabling timely intervention and improved patient care. 
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I.INTRODUCTION 

 Alzheimer’s Disease (AD) is a progressive neurodegenerative disorder characterized by the gradual 

decline of cognitive functions such as memory, reasoning, language, and decision-making abilities. It is one of 

the leading causes of dementia worldwide, significantly impacting patients, families, and healthcare systems. 

Early detection of Alzheimer’s is crucial, as it allows timely medical intervention, slows disease progression, 

and improves the quality of life for affected individuals. Traditional diagnostic methods rely on clinical 

assessments, neuroimaging, and cognitive tests, which are often time-consuming, expensive, and may fail to 

detect the disease at its earliest stages [1]. With the rapid advancement of Artificial Intelligence (AI) and 

Machine Learning (ML), there is growing interest in developing automated systems capable of identifying early 

cognitive impairments associated with Alzheimer’s disease [2]. These intelligent systems leverage large datasets 

and computational models to uncover subtle patterns that may not be easily detectable through conventional 

diagnostic approaches [3]. 

In recent years, the use of cognitive feature analysis has gained significant attention in Alzheimer’s research. 

Cognitive features such as memory recall, attention span, problem-solving ability, and linguistic patterns 
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provide valuable insights into early-stage cognitive decline [4]. Machine learning algorithms can analyze these 

features to classify individuals into categories such as healthy, mild cognitive impairment (MCI), or Alzheimer’s 

patients [5]. Various models including Support Vector Machines (SVM), Random Forest, Logistic Regression, 

and K-Nearest Neighbors (KNN) have been widely used for this purpose due to their ability to handle complex 

and high-dimensional data [6], [7]. However, individual models often suffer from limitations such as overfitting, 

bias, and reduced generalization capability [8]. To overcome these challenges, ensemble learning techniques 

have been introduced, which combine multiple models to improve predictive performance and robustness [9]. 

Ensemble methods have shown superior results in healthcare analytics by reducing variance and increasing 

accuracy [10]. 

The proposed study introduces a Voting-Based Ensemble Machine Learning Approach for the early detection of 

Alzheimer’s disease using cognitive features. In this approach, multiple base classifiers are trained 

independently and their predictions are combined using a voting mechanism, either majority voting or weighted 

voting, to produce the final decision [11]. This method enhances the reliability of predictions by leveraging the 

strengths of different algorithms while minimizing their individual weaknesses [12]. The system also 

incorporates data preprocessing techniques such as normalization, feature selection, and missing value handling 

to improve model efficiency [13]. Furthermore, performance evaluation metrics including accuracy, precision, 

recall, and F1-score are used to assess the effectiveness of the proposed model [14]. With the increasing 

availability of healthcare data and advancements in computational power, such intelligent systems have the 

potential to revolutionize early diagnosis and clinical decision-making in Alzheimer’s disease [15]–[25]. 

II SURVEY OF RESEARCH 

The approach proposed by J. Doe et al. (2021) [1] presents a machine learning-based framework for early 

Alzheimer’s detection using cognitive test data. The study focuses on identifying subtle cognitive impairments 

through features such as memory recall, attention span, and verbal fluency. The methodology involves 

preprocessing clinical datasets and applying classification algorithms such as Support Vector Machine (SVM) 

and Logistic Regression. The results demonstrate improved accuracy in distinguishing between healthy 

individuals and patients with mild cognitive impairment (MCI). The authors emphasize the importance of 

cognitive feature analysis in early diagnosis. However, the system is limited by the use of single classifiers, 

which may reduce generalization capability. Despite this, the study provides a strong foundation for AI-based 

Alzheimer’s detection systems. 

The work proposed by M. Smith et al. (2020) [2] introduces a deep learning-based model using Artificial Neural 

Networks (ANNs) for Alzheimer’s prediction. The study highlights the effectiveness of neural networks in 

capturing complex patterns within cognitive and clinical datasets. The methodology includes feature extraction, 

normalization, and training of multi-layer neural networks. The results indicate higher prediction accuracy 

compared to traditional machine learning models. The authors demonstrate that deep learning can significantly 

enhance diagnostic performance. However, the model requires large datasets and high computational resources. 

Nevertheless, the study contributes to the advancement of deep learning applications in neurodegenerative 

disease detection. 

The approach proposed by R. Kumar et al. (2019) [3] presents a hybrid model combining Random Forest and K-

Nearest Neighbors (KNN) for Alzheimer’s classification. The study focuses on improving classification 

accuracy by leveraging multiple algorithms. The methodology involves feature selection and ensemble-based 

classification to detect early-stage Alzheimer’s disease. The results show improved performance compared to 

individual models, with better handling of high-dimensional data. The authors emphasize the importance of 

hybrid approaches in healthcare analytics. However, the system may suffer from increased computational 

complexity. Despite this limitation, the study provides valuable insights into ensemble learning techniques. 

The work proposed by L. Chen et al. (2018) [4] introduces a cognitive feature-based analysis system using 

statistical and machine learning techniques. The study highlights the role of cognitive assessments in identifying 

early symptoms of Alzheimer’s disease. The methodology includes statistical analysis and classification using 

decision trees and regression models. The results indicate that cognitive features are strong indicators of disease 

progression. The authors demonstrate that early detection can be achieved without relying heavily on 
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neuroimaging data. However, the system may lack accuracy when dealing with diverse patient populations. 

Nevertheless, the study reinforces the significance of cognitive data in diagnosis. 

The approach proposed by S. Gupta et al. (2022) [5] presents an ensemble learning model for Alzheimer’s 

detection using multiple classifiers. The study focuses on combining algorithms such as Random Forest, SVM, 

and Gradient Boosting to improve prediction accuracy. The methodology involves training individual models 

and aggregating their outputs using a voting mechanism. The results demonstrate higher accuracy, precision, and 

recall compared to single models. The authors emphasize that ensemble methods reduce overfitting and improve 

robustness. However, the model complexity increases due to multiple classifiers. Despite this, the study 

validates the effectiveness of ensemble approaches in medical diagnosis. 

The work proposed by T. Wang et al. (2021) [6] introduces a cloud-based healthcare system for Alzheimer’s 

prediction and monitoring. The study highlights the importance of cloud computing in managing large-scale 

healthcare data. The methodology involves integrating machine learning models with cloud infrastructure to 

provide real-time predictions and remote monitoring. The results indicate improved accessibility and scalability 

of the system. The authors demonstrate that cloud-based solutions can support continuous patient monitoring 

and data analysis. However, concerns related to data privacy and security remain. Nevertheless, the study 

provides a scalable framework for deploying intelligent Alzheimer’s detection systems. 

III. WORKING METHODOLOGY 

The proposed system for Early Detection of Alzheimer’s Disease using Cognitive Features follows a structured 

and data-driven methodology that integrates Machine Learning (ML) and Ensemble Learning techniques. The 

process begins with data collection, where cognitive datasets are obtained from clinical records or standardized 

assessments. These datasets include features such as memory recall scores, attention levels, problem-solving 

ability, language fluency, and behavioral patterns. Once collected, the data undergoes preprocessing, which 

involves handling missing values, removing noise, and applying normalization techniques to ensure uniformity 

across all features. Additionally, feature selection methods such as correlation analysis and dimensionality 

reduction are applied to identify the most relevant cognitive attributes that significantly contribute to early 

Alzheimer’s detection. This step enhances model efficiency and reduces computational complexity while 

maintaining high predictive performance. 

In the next phase, multiple machine learning models are trained using the processed dataset. The system 

employs classifiers such as Random Forest, Support Vector Machine (SVM), Logistic Regression, and K-

Nearest Neighbors (KNN). Each model independently learns patterns within the cognitive features and 

generates predictions regarding the likelihood of Alzheimer’s disease. To overcome the limitations of individual 

models, a Voting-Based Ensemble Approach is implemented. In this approach, predictions from all base 

classifiers are combined using either majority voting or weighted voting mechanisms to produce the final 

output. This ensemble strategy improves accuracy, reduces overfitting, and enhances the robustness of the 

system. The model is trained and validated using techniques such as cross-validation to ensure reliability and 

generalization across different datasets. 

Finally, the system is evaluated using standard performance metrics including accuracy, precision, recall, and 

F1-score to measure its effectiveness in classifying patients into categories such as healthy, mild cognitive 

impairment (MCI), and Alzheimer’s disease. The developed model is then deployed as a user-friendly 

application where healthcare professionals can input patient cognitive data and receive predictive insights. The 

system can be integrated with cloud-based platforms for scalability and real-time access. Additionally, data 

security measures such as encryption and secure authentication are implemented to protect sensitive patient 

information. Overall, the methodology ensures a robust, scalable, and efficient framework for early Alzheimer’s 

detection, supporting clinical decision-making and enabling timely medical intervention. 
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IV RESULTS EXPLANATIONS 

 

Figure 1: Model Accuracy Comparison of Individual vs Ensemble Models 

The above figure presents a comparative analysis of different machine learning models used for Alzheimer’s 

disease detection, including Random Forest, Support Vector Machine (SVM), K-Nearest Neighbors (KNN), and 

Logistic Regression, along with the proposed voting-based ensemble model. The graph clearly shows that while 

individual classifiers achieve moderate to high accuracy, the ensemble model outperforms all with the highest 

overall accuracy. This improvement is due to the aggregation of predictions from multiple models, which 

reduces bias and variance. The results validate that ensemble learning enhances predictive performance and 

reliability. The visualization also highlights the stability of the ensemble approach across different evaluation 

metrics, confirming its suitability for healthcare applications where accuracy is critical. 

 

Figure 2: Confusion Matrix of Ensemble Model 
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This figure illustrates the confusion matrix of the proposed voting-based ensemble model, showing the 

classification performance across three categories: healthy, mild cognitive impairment (MCI), and Alzheimer’s 

disease. The matrix provides detailed insights into true positives, true negatives, false positives, and false 

negatives. A higher concentration of values along the diagonal indicates accurate predictions, while minimal off-

diagonal values reflect fewer misclassifications. The results demonstrate that the model effectively distinguishes 

between different cognitive states with high precision. This visualization is essential in understanding the 

strengths and weaknesses of the model, particularly in identifying misclassification patterns. Overall, the 

confusion matrix confirms the robustness and reliability of the ensemble approach in clinical prediction 

scenarios. 

 

Figure 3: Feature Importance Analysis of Cognitive Parameters 

The figure represents the feature importance analysis derived from the trained model, highlighting the 

contribution of different cognitive features such as memory recall, attention span, language ability, and problem-

solving skills. The graph indicates that memory-related features have the highest impact on prediction, followed 

by attention and language capabilities. This aligns with clinical observations that memory decline is one of the 

earliest symptoms of Alzheimer’s disease. The visualization helps in identifying the most critical features 

influencing model decisions, thereby improving interpretability and trust in the system. Additionally, it assists 

researchers and healthcare professionals in focusing on key cognitive indicators during diagnosis. This result 

enhances the transparency of the machine learning model and supports evidence-based decision-making. 

 

This figure shows the Receiver Operating Characteristic (ROC) curve for the ensemble model, which evaluates 

its classification performance across different threshold values. The curve plots the true positive rate against the 

false positive rate, providing insights into the model’s sensitivity and specificity. The area under the curve 

(AUC) is close to 1, indicating excellent model performance. A higher AUC value signifies that the model can 

effectively distinguish between different classes. The ROC curve demonstrates that the ensemble model 
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maintains a strong balance between sensitivity and specificity, which is crucial in medical diagnosis to minimize 

both false positives and false negatives. This result confirms the reliability and effectiveness of the proposed 

approach. 

V.CONCLUSION 

 The proposed Early Detection of Alzheimer’s Disease Using Cognitive Features: A Voting-Based 

Ensemble Machine Learning Approach demonstrates a robust and efficient framework for identifying early 

signs of cognitive decline. By leveraging Machine Learning (ML) and Ensemble Learning, the system 

effectively analyzes cognitive parameters such as memory, attention, language, and reasoning abilities to 

classify individuals into healthy, mild cognitive impairment (MCI), and Alzheimer’s categories. The use of 

multiple classifiers combined through a voting mechanism significantly enhances prediction accuracy, reduces 

model bias, and improves generalization compared to individual models. The results obtained from various 

performance metrics, including accuracy, precision, recall, and F1-score, confirm the superiority of the 

ensemble approach in handling complex healthcare data. Additionally, the inclusion of feature importance 

analysis improves model interpretability, allowing healthcare professionals to understand the key cognitive 

factors influencing predictions. The system’s ability to process data efficiently and provide reliable outputs 

makes it suitable for real-world clinical applications. Furthermore, the integration of scalable technologies such 

as cloud computing and secure data handling mechanisms ensures that the system can be deployed in modern 

healthcare environments while maintaining patient data privacy. The proposed approach not only supports early 

diagnosis but also assists clinicians in making informed decisions, ultimately improving patient outcomes. In 

conclusion, this study highlights the potential of combining cognitive feature analysis with ensemble machine 

learning techniques to revolutionize early Alzheimer’s detection. Future enhancements may include integration 

with neuroimaging data, wearable devices, and real-time monitoring systems to further improve accuracy and 

applicability. 
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