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Abstract— Alzheimer’s disease (AD) is a progressive neurodegenerative disorder characterized by cognitive decline and the 

accumulation of amyloid-beta plaques. Early detection is crucial for timely intervention, and the Aβ42/Aβ40 ratio is a key 

biomarker for identifying amyloid deposition. In this study, we propose a method to predict the Aβ42/Aβ40 ratio using the 

extracted features from MRI images using 3D Convolutional Neural Network (3D CNN). Moreover, Random Forest Regression 

is employed to obtain the relationship between MRI features and the Aβ42/Aβ40 ratio. Our results demonstrate a strong 

correlation (r = 0.72) between the predicted and actual Aβ42/Aβ40 ratios, effectively predicting amyloid accumulation. This 

result also makes the proposed feature extraction model more reliable.  By leveraging MRI and molecular biomarkers such as 

the Aβ42/Aβ40 ratio, the proposed method provides valuable insights into disease progression and early diagnosis. 
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I. Introduction  

Alzheimer’s disease (AD) is a neurodegenerative disorder characterized by the accumulation of amyloid-beta plaques and tau 

tangles in the brain, leading to progressive cognitive decline [1–3]. Early detection of AD is critical for timely intervention and 

treatment, as amyloid-beta (Aβ) deposition typically precedes the onset of clinical symptoms. Among various biomarkers, the 

Aβ42/Aβ40 ratio has emerged as a reliable indicator of amyloid plaque deposition. This ratio is particularly valuable in the 

preclinical stages of AD, where amyloid accumulation occurs without apparent cognitive deficits [4–6]. Magnetic Resonance 

Imaging (MRI), on the other hand, captures structural changes in the brain, such as hippocampal atrophy and cortical thinning, 

which are hallmark features of AD progression [7–9]. MRI-based features of gray matter volume and cortical thickness have 

been widely used to assess neurodegeneration in AD, with particular emphasis on the medial temporal lobe, where the 

hippocampus resides, as a critical region affected in the early stages of the disease. Combining MRI features with the Aβ42/Aβ40 

ratio in a multimodal framework has been shown to improve the predictive power for Alzheimer's diagnosis. Combining these 

biomarkers Aβ42/Aβ40 ratio and MRI-derived structural changes offers a powerful approach for early diagnosis and prediction 

of AD progression [10,11]. 

The Aβ42/Aβ40 ratio is widely recognized as a sensitive biomarker for predicting amyloid plaque deposition, an essential 

pathology in Alzheimer's disease (AD). Multiple studies have demonstrated its superiority over Aβ42 alone, making it a 

cornerstone in AD diagnosis. For example, the study by [12] showed that plasma Aβ42/Aβ40 ratios are significantly associated 

with amyloid positivity on PET imaging, making the ratio a reliable marker for detecting amyloid burden in preclinical AD and 

mild cognitive impairment (MCI) stages. Similarly, [13] found that using the Aβ42/Aβ40 ratio in cerebrospinal fluid (CSF) 

increased the accuracy of predicting amyloid pathology. Their results indicated a stronger correlation between amyloid burden 

and hippocampal atrophy when using the ratio rather than Aβ42 alone.  

Moreover, structural changes in the brain, such as hippocampal atrophy, cortical thinning, and ventricular enlargement, are well-

established MRI features used in diagnosis Alzheimer's disease. Based on this, many papers have used features obtained from 

3D and 2D T1-weighted MRI images with deep learning methods [14–16]. To provide a non-invasive alternative to costly and 

invasive methods like PET scans and cerebrospinal fluid (CSF) tests, which are traditionally used to detect Aβ buildup in the 

brain, [17] predict amyloid-beta (Aβ) positivity (Aβ+) in Alzheimer's disease (AD) patients using 3D convolutional neural 

networks (CNNs) and transfer learning based on 3D T1-weighted brain MRI scans. Other studies, such as [18] focuses on 

predicting amyloid PET positivity using multimodal MRI (T1, T2, and FLAIR scans) combined with a CNN architecture. They 

demonstrate that MRI alone can be a viable alternative to amyloid PET for detecting amyloid buildup. This study highlights the 

potential of MRI and CNNs in non-invasive AD diagnosis. Another study [19] investigated the relationship between white 

matter abnormalities and cortical amyloid deposition in older adults without dementia, considering racial differences. Using 

MRI (to measure white matter hyperintensities and microstructural integrity) and PET imaging (to measure amyloid levels), 
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the researchers found a modest positive association between white matter hyperintensity volume and elevated amyloid. The 

association was stronger in Black participants than in White participants, though the race interaction was not statistically 

significant. No significant association was found between white matter microstructure and amyloid. 

While amyloid PET imaging is a direct method to assess amyloid burden, it is expensive and invasive, limiting accessibility. 

Based on the literature, since Aβ42/Aβ40 ratio is valuable as a non-invasive biomarker, providing earlier detection of amyloid 

buildup before it reaches the levels seen on PET scans, in this study, we aim to predict Aβ42/Aβ40 ratio 1) to provide a more 

accurate reflection of  

TABLE 1: DEMOGRAPHIC INFORMATION OF USAGE SUBJECTS 

Group # Subjects Age (years) % Gender (M/F) 

CN 232 76.5 46/54 

MCI 178 76.45 54/46 

AD 136 75.2 53/47 

 

the utility of the extracted features from our proposed method in clinical practice and interpretability, and 2) to show the 

relationship between these biomarkers to use in Alzheimer’s early detection. It also has broader applicability in clinical settings 

due to its more accessible and less costly measurement. We propose using a 3D convolutional neural network (3D-CNN) to 

extract features from MRI scans of cognitively normal (CN), MCI, and AD subjects. These features are then used in a regression-

based model, Random Forest Regression, to predict the Aβ42/Aβ40 ratio for each subject. By linking the MRI features to the 

amyloid-beta ratio, this approach seeks to offer an integrated diagnostic tool that leverages both structural imaging and molecular 

biomarkers for early Alzheimer’s detection 

The results of this study indicate a strong correlation of 0.72 between the predicted Aβ42/Aβ40 ratio from MRI-based features 

and the actual measured ratio. This high correlation shows that the machine learning model, using 3D CNNs, can accurately 

estimate amyloid-beta levels non-invasively, making it a promising tool for predicting amyloid burden in Alzheimer's disease. 

These findings demonstrate the potential of MRI-based predictions in early Alzheimer’s detection, reducing reliance on invasive 

procedures like PET scans or CSF analysis. 

 

II. Materials and Methods 

III. Data Description 

In this study, T1-weighted MRI data from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) were used to develop and 

test the proposed method. ADNI is a longitudinal study that tracks Alzheimer’s progression using clinical, imaging, genetic, and 

biochemical data. The MRI data, collected across four ADNI phases, were acquired with a 1.5 Tesla scanner using a T1-weighted 

MPRAGE sequence. The dataset includes subjects classified as cognitively normal (CN), mild cognitive impairment (MCI), and 

Alzheimer's disease (AD), and underwent preprocessing such as B1 correction and brain extraction using FreeSurfer. Information 

about the utilized data is presented in Table 1. 

IV. Data Pre-processing 

To optimize computational efficiency and enhance accuracy, a subset of 32 MRI image slices containing the entire brain are 

selected from the middle. This selection is made due to the lack of meaningful information and the absence of brain tissue in 

other slices. The chosen images are subsequently resized to dimensions of 64 64 32  . Also, data augmentation is 

subsequently employed to augment the dataset. Flipping and rotation have been selected as augmentation techniques for the brain 

image, as each pixel contains valuable information. Thus, the images undergo both vertical and horizontal flipping. To rotate the  

 

Table 2: The details of the proposed 3DCNN model 
Layer Output Shape Param # 

Conv3D 62, 62, 30, 32 896 

LeakyReLU 62, 62, 30, 32 0 

MaxPooling3D 31,31, 15, 32 0 

BatchNormalization 31,31, 15, 32 128 

Dropout 31,31, 15, 32 0 

Conv3D 29, 29, 13, 32 27680 

LeakyReLU 29, 29, 13, 32 0 

MaxPooling3D 14, 14, 6, 32 0 

BatchNormalization 14, 14, 6, 32 128 

Dropout 14, 14, 6, 32 0 

Conv3D 12, 12, 4, 64 55360 

LeakyReLU 12, 12, 4, 64 0 

MaxPooling3D 6, 6, 2, 64 0 

BatchNormalization 6, 6, 2, 64 256 

Dropout 6, 6, 2, 64 0 

Flatten 4608 0 

Dense 10 46090 

LeakyReLU 10 0 

BatchNormalization 10 40 

Dropout 10 0 

Dense 3 33 
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images, a vector of rotation angles (-10, -5, 5, and 10) is defined. Each time, one of these angles is randomly chosen. At the end, 

all of the data are normalized to (0,1). 

The proposed 3D CNN is trained using both original and created images. Test sets are used to assess the model's ability to 

generalize. 

V. Feature Extraction Model 

In this paper, a 3D CNN model is used for feature extraction. The proposed 3D CNN model consists of three blocks, in each 

block, 3D convolutions apply to extract spatial features from volumetric 3D medical scans. Each Conv3D layer is followed by 

LeakyReLU for non-linearity, MaxPooling3D to reduce spatial dimensions and control overfitting, and Batch-Normalization for 

stabilizing training. Dropout layers further prevent overfitting. After extracting features, the model flattens the data and passes 

it through two Dense layers for classification, with the final layer outputting three units, corresponding to three class labels.  

VI. Aβ42/Aβ40 ratio prediction 

Aβ42/Aβ40 ratio prediction using Random Forest Regression involves training the model on MRI-derived features to 

predict the ratio of amyloid-beta peptides. Random Forest is an ensemble learning method that combines multiple decision 

trees, where each tree is trained on random subsets of the data. By averaging the predictions of these trees, the model captures 

complex relationships  

 

 
Figure 1: The scatter plot of Real and Predicted Aβ42/Aβ40 ratio 

 

between MRI features and the amyloid ratio. This method benefits from non-linear data modeling and reduces  overfitting, 

making it a powerful approach for estimating amyloid burden non-invasively. 

Since we do not have Aβ42/Aβ40 ratio for all of the subjects, part of the datast is used in this section. We use 405 images 

and do not separate CN, MCI, and AD subjects.  

 

VII. results 

VIII. 3D Feature Extraction 

Based on Table1, the dataset includes 546 subjects and about 2000 images, however, after data augmentation data are increased 

to 4074 images. The 3D CNN model begins with a Conv3D layer that applies 32 filters with a kernel size of 3×3×3 to the input, 

followed by LeakyReLU activation for non-linearity. This output is passed through MaxPooling3D to reduce the spatial 

dimensions, and BatchNormalization to stabilize the learning process. A Dropout layer is added to prevent overfitting. The next 

Conv3D layer, with 32 filters, follows the same pattern of activation, pooling, and regularization. Another Conv3D layer with 

64 filters further extracts spatial features, before applying the same operations. 

Once the convolutions are completed, the output is flattened into a 1D vector. This flattened vector is fed into a Dense layer with 

ten units, again followed by LeakyReLU, Batch-Normalization, and Dropout to maintain regularization. The final Dense layer 

consists of 3 units, corresponding to the number of classes for the output. The model is optimized using the Adam optimizer, and 

Cross Entropy loss is applied for classification tasks. 

The model is trained using the Adam optimizer (learning rate: 0.001) with Cross Entropy loss, and it converges after 100 epochs. 

This architecture is implemented using the Keras library in Python, running on a Tesla T4 GTX GPU. 

We applied normalization techniques that scaled the MRI intensity values to a standardized range of 0 to 1. This step is essential 

to enhance the model's performance and ensure that it learns from data that is uniformly represented. To facilitate the training of 

our 3DCNN model, all images were resized to dimensions 64 64 32  ,which ensures that the input data maintains consistency 

in shape. We split our data including 546 subjects into Train/Validation and test data. Twenty percent of the whole data are 

selected as test data and twenty percent of remaining data are randomly selected as validation. The results obtained from our 

proposed method for feature extraction on test data are demonstrated in Table 3 
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Table 3: The results obtained from our proposed method for feature extraction on test data 

Class Precision Recall 
F1-

Score 

Average 

Accuracy 

CN 0.92 0.81 0.86 

0.83 MCI 0.82 0.75 0.78 

AD 0.70 0.89 0.78 

 

IX. Aβ42/Aβ40 ratio prediction 

We calculate Pearson Correlation Coefficient between actual Aβ42/Aβ40 ratio and the Aβ42/Aβ40 ration obtained from MRI 

images features using Random Forest model. The correlation between the Aβ42/Aβ40 ratio and our model's predicted values 

yielded a significant value of 0.72, demonstrating a strong positive relationship between the extracted MRI features and this key 

Alzheimer's biomarker. The Aβ42/Aβ40 ratio is critical in early Alzheimer's disease detection, as a lower ratio often signifies 

amyloid plaque accumulation in the brain. This strong correlation suggests that our model is capturing relevant brain features 

that closely predict this biomarker, which is indicative of early pathological changes associated with Alzheimer's disease. 

Additionally, the scatter plot of predicted versus real values is in Figure 1. Figure 1 shows a close alignment, further supporting 

the model's ability to predict amyloid-beta ratios with high precision. These results demonstrate that the proposed model can be 

a valuable tool for early detection by leveraging MRI data to assess disease progression through clinically relevant biomarkers 

such as the Aβ42/Aβ40 ratio. 

 

X. Conclusion and Future Works 

This study introduces a method that combines MRI-based features and machine learning to predict the Aβ42/Aβ40 ratio, a key 

biomarker for Alzheimer's disease. Using 3D CNN for feature extraction and Random Forest Regression for prediction, we 

achieved a high correlation (r = 0.72) between the predicted and real Aβ42/Aβ40 ratios. This method provides a non-invasive 

alternative to costly and invasive procedures like PET scans, offering promise for early Alzheimer's detection. Future research 

will focus on expanding the dataset and incorporating other imaging modalities, such as fMRI and DTI, to enhance model 

accuracy. Additionally, we plan to explore multi-class classification for predicting different stages of Alzheimer's progression 

and integrate more biomarkers like tau proteins for a more comprehensive analysis. 
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