
International Journal of Innovations & Research Analysis (IJIRA) 56 
ISSN :2583-0295,  Impact Factor: 7.662, Volume 05, No. 01(II), January- March,  2025, pp 56-64 

 
 

NeuroDetect:  
A COMPARATIVE STUDY OF AI MODELS FOR ALZHEIMER'S DETECTION 

 

 Yastika Joshi 

⁠ Sarika Madavi** 

Monika Saini*** 
 

 
 

ABSTRACT 
 

Alzheimer’s Disease (AD) is a progressive neurodegenerative disorder that affects cognitive 
functions, leading to memory loss and impairment [8]. Early detection is crucial for effective intervention, yet 
traditional diagnostic methods remain limited [12]. This research presents a comparative analysis of multiple 
machine learning approaches for automated classification of AD stages. Utilizing MRI images from the 
OASIS dataset, the study evaluates Convolutional Neural Networks (CNNs), Convolutional Recurrent 
Neural Networks (CRNNs), Naive Bayes, K-Means clustering, Transfer Learning with DenseNet, and 
ResNet [1][5][6]. Experimental results demonstrate varying performance across models, highlighting their 
strengths and weaknesses [2][3]. This comparative analysis provides insights into the suitability of different 
architectures for real-time Alzheimer’s diagnosis [4][7]. 
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Introduction 

 Alzheimer’s Disease (AD) is among the leading causes of dementia worldwide [8]. 
Characterized by gradual cognitive decline, AD poses significant challenges for both healthcare 
professionals and caregivers [12]. Traditional diagnostic techniques, including clinical assessments and 
neuroimaging, often result in delayed detection [10]. Recent advancements in artificial intelligence (AI) 
and machine learning (ML) offer promising alternatives for improving diagnostic accuracy and efficiency 
[2][6]. This paper presents a comparative analysis of different deep learning models for AD classification 
[3][5]. Machine learning and deep learning approaches not only enhance early detection but also offer 
potential for personalized treatment strategies, leveraging patient-specific data to predict disease 
progression [4][7]. Furthermore, the integration of large-scale neuroimaging data with clinical and genetic 
information is paving the way for more comprehensive, multimodal frameworks that can revolutionize AD 
diagnosis and intervention [9][14]. 

Literature Review  

 Recent studies have shown the efficacy of ML models in detecting AD [2][8]. Machine learning 
approaches, such as Naive Bayes and K-Means clustering, have been explored for classification tasks 
[1][9]. Deep learning architectures, particularly CNNs and ResNet, have demonstrated enhanced 
accuracy in neuroimaging analysis [3][5][6]. Multimodal learning, integrating MRI with other biomarkers, 
further improves prediction reliability [4][14]. However, challenges such as data scarcity, model 
interpretability, and computational complexity hinder widespread adoption in clinical settings [7][12]. This 
study aims to compare the performance of different deep learning architectures in AD classification [2][6].  
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Methodology  

Dataset Selection 

 The dataset utilized is the Open Access Series of Imaging Studies (OASIS) MRI dataset, an 
open-source dataset created by the Washington University Alzheimer’s Disease Research Center [1]. It 
encompasses 9488 brain MRI images categorized into four classes based on Alzheimer's progression 
[1]. The primary goal of this dataset is to offer a valuable resource for analyzing and identifying early 
indicators of Alzheimer's disease [1][5]. To enhance accessibility, the original .img and .hdr files 
underwent conversion to Nifti format (.nii) through FSL (FMRIB Software Library) [5]. For neural network 
training, 2D images served as input. Brain images were sliced along the z-axis into 256 pieces, with 
slices ranging from 100 to 160 selected from each patient [5][6]. This methodology resulted in a 
comprehensive dataset conducive to analysis. 

Patient classification relied on provided metadata and Clinical Dementia Rating (CDR) values, 
yielding four classes: demented, very mild demented, mild demented, and non-demented [1][10]. These 
classes facilitate the examination of various stages of Alzheimer's disease progression. The Open 
Access Series of Imaging Studies (OASIS) dataset is utilized, containing MRI scans labeled according to 
Clinical Dementia Rating (CDR) [1][6]. The dataset includes images categorized into four AD stages: 
non-demented, very mild, mild, and moderate [1]. 

Data Preprocessing 

To ensure model robustness, several preprocessing steps are applied: 

• Image Normalization: Standardizing pixel intensity values. 

• Skull Stripping: Removing non-brain tissue from MRI scans. 

• Data Augmentation: Applying random rotations, flips, and contrast adjustments to enhance 
generalizability. 

• Dataset Splitting: 80% training, 10% validation, and 10% testing using stratified sampling. 

Model Evaluation 

The following architectures are compared in this study: 

• CNN (Custom): Strong baseline model and selected due to its higher accuracy and balanced 
performance. 

• ResNet: High accuracy and balanced performance but lower recall in early stages of detection. 

• CRNN: Effective for time-series data, though less precise. 

• Naive Bayes: Struggles with image-based classification. 

• K-Means: Lacks precision in distinguishing dementia stages. 

• Transfer Learning (DenseNet): Performs well but slightly lower than ResNet. 

Results and Analysis 

The results present the performance of various models based on key metrics: accuracy, 
precision, recall, and F1 score. The CNN (Custom) model achieved the highest accuracy (92%) with well-
balanced results across all metrics, making it the most reliable model for this task [3][5]. ResNet, while 
still performing well with an accuracy of 89%, had a slightly lower recall (85%), suggesting it missed 
some true positives [6][7]. CRNN, suitable for time-series data, showed an accuracy of 86%, but its 
precision was lower (84%), indicating it made more false positive predictions [2][9]. 

The Naive Bayes model, with an accuracy of 75%, was the least effective, particularly for image-
based classification, as it struggled with precision (72%) and recall (71%) [1][8]. K-Means, a clustering 
model, showed moderate results with an accuracy of 78%, but its precision (76%) and recall (73%) were 
not high enough for distinguishing dementia stages effectively [10]. Lastly, Transfer Learning (DenseNet) 
performed strongly with an accuracy of 87%, slightly behind ResNet, offering a good balance between 
precision (85%) and recall (83%) [4][7]. 

The results highlight that deep learning models generally outperform traditional machine 
learning models in terms of accuracy and balance [3][6]. While some models demonstrate strong overall 
performance, others struggle with precision and recall, particularly in complex tasks [5][9]. Overall, deep 
learning techniques offer a clear advantage for tasks involving intricate data patterns [2][4]. 
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Performance comparison of machine learning and deep learning models based on accuracy, 
precision, recall, and F1 score. 

Model 
Accuracy 

(%) 
Precision 

(%) 
Recall 

(%) 
F1 Score 

(%) 
Notes 

CNN (Custom) 92 91.5 89 90.5 
Selected model due to high 
accuracy and balance 

ResNet 89 87 85 86 
Good overall, but lower recall in 
early stages 

CRNN 86 84 82 83 
Effective with time-series data, 
but less precise 

Naive Bayes 75 72 71 71.5 
Not ideal for image-based 
classification 

K-Means 78 76 73 74.5 
Lacks precision in distinguishing 
dementia stages 

Transfer Learning 
(DenseNet) 

87 85 83 84 
Strong performance, slightly 
lower than ResNet 

 

 

Fig. 1: Performance Comparison of Models 

 

Fig. 2: Accuracy Distribution of Models 



Yastika Joshi, Sarika Madavi & Monika Saini:  NeuroDetect: A Comparative Study of AI Models..... 59 

 

Fig. 3: Model Performance Based on Accuracy 

 

Fig. 4: Comparison of Confusion Matrix of Best Performing Models 
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Fig. 5: Model Predictions vs Ground Truth: Brain MRI Scans Classified by the CNN (Custom) Model for 
Dementia Detection, Displaying True and Predicted Labels for Different Dementia Stages 

Discussion 

 This research demonstrates the comparative performance of various machine learning (ML) and 
deep learning (DL) techniques in the context of Alzheimer's Disease (AD) detection using MRI images. 
The findings reveal that deep learning models, particularly the custom CNN and ResNet, exhibit superior 
performance compared to traditional ML models such as Naive Bayes and K-Means, across critical 
metrics like accuracy, precision, recall, and F1 score [3][5]. Among these, the CNN (Custom) model 
stands out as the most reliable, achieving the highest accuracy and well-balanced results, making it the 
preferred choice for AD classification [3]. 

While ResNet also performs well, its slightly lower recall in the early stages of AD detection 
suggests that it may miss some true positive cases, highlighting a limitation in its ability to detect early-
stage Alzheimer's [6]. The CRNN model, although effective for time-series data, showed a lower 
precision, indicating an increased number of false positive predictions [2]. In contrast, Naive Bayes and 
K-Means, although useful in simpler classification tasks, were found inadequate for image-based AD 
detection, as they struggled with both precision and recall [1][10]. 

Transfer Learning using DenseNet demonstrated solid performance, though marginally lower 
than ResNet, providing a good balance between precision and recall [4][7]. These findings emphasize the 
advantages of deep learning models in handling complex image-based tasks such as AD detection, 
especially when compared to traditional machine learning models [3][6]. However, the study also 
identifies challenges, particularly in model recall, which suggests further refinement and optimization are 
necessary for real-world clinical implementation. Overall, this research contributes valuable insights for 
the development of AI-based tools aimed at the early detection and diagnosis of Alzheimer's Disease 
[2][4]. 
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Limitations 

 While this study provides valuable insights into the performance of various machine learning 
and deep learning models for Alzheimer's Disease detection, there are several limitations that must be 
acknowledged. First, the dataset used in this research, the OASIS MRI dataset, is limited in size, 
containing a relatively small number of samples compared to what would be required for more 
generalizable and robust model performance. A larger, more diverse dataset could improve the models' 
ability to generalize across different populations and reduce the risk of overfitting [5][6]. 

Second, the preprocessing steps applied, such as skull stripping and data augmentation, 
although essential for enhancing model performance, may not fully address the complexity of real-world 
data variations. Variations in MRI scanning protocols, image quality, and patient demographics (age, 
gender, etc.) could impact the generalization of the models to a broader clinical setting [3][8]. 

Additionally, while deep learning models like CNN and ResNet performed well, they also require 
substantial computational resources for training, which may not be feasible in resource-constrained 
clinical environments. The need for extensive computational power and long training times can limit the 
practical applicability of these models in real-time diagnosis without specialized hardware [7][10]. 

Finally, the interpretability of deep learning models remains a challenge. While these models 
show high accuracy, they operate as "black boxes," making it difficult for clinicians to understand how 
decisions are made. This lack of interpretability can hinder their adoption in clinical settings where model 
transparency and trust are essential for decision-making. Further research is needed to improve the 
interpretability and explainability of these models to ensure their acceptance and safe deployment in 
clinical practice [4][9]. 

Future Directions and Advancements 

The future of Alzheimer's Disease (AD) detection using machine learning (ML) and deep 
learning (DL) is poised for significant advancements. Below are key areas where these advancements 
can be made: 

• Larger and More Diverse Datasets 

To improve the generalization and robustness of machine learning models, future research must 
focus on expanding the datasets used for AD detection. Current datasets, such as OASIS, are limited in 
size and diversity. By incorporating more data from diverse populations, including varying ages, genders, 
ethnicities, and clinical conditions, the models can become more representative of real-world scenarios. 
Furthermore, datasets should include multiple imaging modalities, such as functional MRI (fMRI), 
positron emission tomography (PET), and genetic data, allowing models to learn more comprehensive 
features for detecting AD. Integrating multimodal data will help the models capture a wider array of 
information, improving diagnostic accuracy and reliability, especially in the early stages of the disease 
[5][7]. 

• Enhanced Model Performance and Recall Optimization 

One of the key limitations identified in current models is the difficulty in detecting early-stage 
Alzheimer's cases, especially in the context of recall. Inaccurate recall may lead to false negatives, where 
early symptoms are missed. Future advancements can focus on improving recall without sacrificing 
precision by using specialized techniques such as: 

▪ Attention Mechanisms: By incorporating attention mechanisms, deep learning models can 
focus more on relevant areas in the images, such as brain regions affected by AD, thus 
enhancing early-stage detection [6]. 

▪ Ensemble Methods: Combining multiple models or algorithms can improve overall 
performance. For example, ensembling deep learning models like CNNs and ResNet with 
traditional ML models (e.g., decision trees or SVMs) could compensate for weaknesses in 
individual models, improving recall [4]. 

▪ Fine-tuning Pre-trained Models: Transfer learning, which uses pre-trained models on 
larger, more general datasets and then fine-tunes them for AD classification, could be 
expanded to increase recall, especially in detecting early-stage AD. Pre-trained models on 
large-scale neuroimaging datasets or related diseases can provide a strong foundation for 
further fine-tuning on specific AD datasets [8]. 
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• Multimodal Integration 

Combining different types of data (multimodal learning) holds the potential to further improve AD 
detection. Researchers should explore methods to integrate not only imaging data (MRI, PET) but also 
genetic, clinical, and biomarker information. This approach will allow the model to understand the disease 
holistically, factoring in not just structural changes in the brain but also genetic predispositions and 
molecular markers of AD. For instance: 

▪ Genetic Data: Including genetic markers such as the APOE ε4 allele could aid in predicting 
AD risk or progression [9]. 

▪ Clinical and Cognitive Data: Incorporating information from clinical assessments, 
cognitive testing (e.g., Mini-Mental State Examination), and patient history would help build 
a more comprehensive profile of each patient [10]. 

▪ Biomarker Data: Incorporating biomarkers from blood tests, cerebrospinal fluid (CSF) 
samples, or other diagnostic markers could provide more specific insights into disease 
mechanisms, improving predictive accuracy [7]. 

• Improved Computational Efficiency 

 Current deep learning models require substantial computational resources for training, which 
can limit their accessibility in clinical settings, particularly for hospitals with constrained budgets or 
computational infrastructure. To address this, advancements can focus on: 

▪ Lightweight Models: Developing smaller, more efficient deep learning models (e.g., 
MobileNets or EfficientNet) can reduce computational resource requirements without 
sacrificing performance [5]. These models can be deployed on less powerful hardware, 
making them accessible for broader use, including in mobile or wearable devices. 

▪ Model Quantization and Pruning: Quantization techniques, which reduce the precision of 
model weights, and pruning, which removes unnecessary neurons or layers from a network, 
can significantly reduce the size of models while maintaining their predictive power [6]. 

▪ Edge Computing: Instead of relying on centralized cloud-based servers for computations, 
edge computing techniques can allow models to run directly on devices such as MRI 
machines or wearable devices. This reduces latency and reliance on internet connections, 

enabling faster, real-time predictions [10]. 

• Explainable AI (XAI) and Interpretability 

One of the major challenges for deploying AI models in clinical settings is their "black-box" 
nature, where the decision-making process of deep learning models is not easily understood. To increase 
trust and adoption, research into Explainable AI (XAI) must focus on providing transparent and 

interpretable models. This could include: 

▪ Model Interpretability: Techniques like saliency maps or Layer-wise Relevance 
Propagation (LRP) can help clinicians visualize which parts of an image contributed to the 
model’s decision, particularly which brain regions are being identified as affected by AD. 
This level of transparency is crucial for clinical professionals to trust and validate the 
model’s predictions [8]. 

▪ Post-hoc Interpretability Tools: Developing tools that offer explanations after a model has 
made a prediction could also enhance trust. These tools can offer insights into the 
reasoning behind the model’s output, potentially guiding clinicians in decision-making and 
ensuring better patient care [9]. 

• Real-Time Monitoring and Personalized Treatment 

Future advancements in AI for Alzheimer's detection should extend beyond initial diagnosis to 
include real-time monitoring and personalized treatment plans. Continuous monitoring of disease 
progression using wearable devices or home-based sensors could provide valuable data for tracking 
changes in the patient’s condition over time. This could be integrated with AI-based models to: 

▪ Track Disease Progression: Using data from wearable sensors, smartphones, or smart 
home devices, AI models could monitor cognitive decline or behavior changes in real time, 
offering early warnings and alerts to caregivers or healthcare providers [10]. 
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▪ Personalized Treatment Plans: By continuously updating the patient's profile based on 
the latest data, AI models could help design personalized treatment plans that adapt as the 
disease progresses. Machine learning could also assist in determining which therapies are 

most effective for individual patients, leading to more targeted interventions [8]. 

• Collaboration with Clinical and Domain Experts 

The integration of AI into clinical practice will require closer collaboration between AI 
researchers, clinicians, and domain experts in neurology and geriatrics. Cross-disciplinary collaboration 
is necessary to ensure that the developed models are aligned with clinical needs and regulatory 
standards, ensuring safe and effective deployment in real-world settings [7]. 

Conclusion 

 This study demonstrated the effectiveness of various machine learning and deep learning 
models for the classification of Alzheimer's disease stages using MRI imaging. The results indicate that 
deep learning models, particularly CNN (Custom) and Transfer Learning (DenseNet), outperformed 
traditional machine learning models in terms of accuracy, precision, and recall [4][5]. While models like 
ResNet and CRNN showed promising results, they had limitations in early-stage detection and precision 
[6][7]. The findings emphasize the potential of AI techniques in enhancing early Alzheimer's diagnosis, 
although challenges such as interpretability and computational cost remain [8][9]. Future research can 
explore multimodal approaches, integrating genetic and clinical data, to further improve diagnostic 
accuracy and clinical applicability [10]. 
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