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Introduction 

Early detection of Alzheimer’s disease is a critical 
challenge in clinical neuroscience, as timely 
diagnosis can significantly improve patient 
management, allow for early therapeutic intervention, 
and provide opportunities for clinical trial enrollment. 
Structural magnetic resonance imaging (MRI) offers 
a non-invasive means to detect subtle anatomical 
changes in the brain that precede overt clinical 
symptoms. Machine learning models, with their 
ability to identify complex, multivariate patterns in 
high-dimensional data, have emerged as powerful 
tools for analyzing structural MRI features in the 
context of Alzheimer’s disease. These models can 
detect early neurodegenerative changes—such as 
hippocampal atrophy, cortical thinning, and 
ventricular enlargement—that may not be apparent to 
the human eye but are detectable through advanced 
computational analysis. By leveraging large-scale 
imaging datasets, machine learning enables the 
development of predictive models capable of 
distinguishing between healthy aging, mild cognitive 
impairment, and early Alzheimer’s disease [1]. 

Feature extraction is a crucial step in building 
effective machine learning models for Alzheimer’s 
detection using structural MRI. Commonly used 

features include regional brain volumes, cortical 
thickness measurements, surface area metrics, and 
shape descriptors of specific brain structures. 
Automated neuroimaging analysis tools, such as 
FreeSurfer and FSL, facilitate the extraction of these 
features from MRI scans, ensuring standardized and 
reproducible measurements. Machine learning 
algorithms can then utilize these features to uncover 
patterns associated with early pathological changes. 
Importantly, dimensionality reduction techniques 
such as principal component analysis (PCA) or t-
distributed stochastic neighbor embedding (t-SNE) 
can be employed to reduce noise and improve model 
generalization by focusing on the most informative 
features. This preprocessing stage is vital for 
ensuring that the model captures disease-relevant 
signals rather than spurious variations due to 
demographic differences or imaging artifacts [2]. 

Various machine learning algorithms have been 
applied to structural MRI-based Alzheimer’s 
detection, ranging from traditional classifiers like 
support vector machines (SVM) and random forests 
to more advanced deep learning architectures such as 
convolutional neural networks (CNNs). SVMs, for 
example, are particularly effective for high-
dimensional datasets, making them suitable for MRI-
derived feature spaces. Random forests offer 
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interpretability by ranking the importance of different 
features, which can help identify the most 
discriminative brain regions for early diagnosis. Deep 
learning methods, on the other hand, can learn 
hierarchical representations directly from raw MRI 
data, eliminating the need for handcrafted feature 
extraction. CNNs, in particular, have shown strong 
performance in differentiating between healthy 
controls, mild cognitive impairment, and Alzheimer’s 
patients, though they require large datasets to avoid 
overfitting. Hybrid approaches combining traditional 
feature-based methods with deep learning have also 
been explored to capitalize on the strengths of both 
paradigms [3]. 

Cross-validation and external validation are critical 
for assessing the robustness and generalizability of 
machine learning models for Alzheimer’s disease 
detection. Many studies employ k-fold cross-
validation to ensure that the model performs 
consistently across different subsets of the data. 
External validation on independent datasets, such as 
those from the Alzheimer’s Disease Neuroimaging 
Initiative (ADNI), is essential for confirming that the 
model’s predictive performance holds in real-world 
scenarios. Model evaluation metrics typically include 
accuracy, sensitivity, specificity, and the area under 
the receiver operating characteristic curve (AUC-
ROC). High sensitivity is particularly important in 
early detection settings, as false negatives could 
delay necessary intervention. By combining MRI 
features with other biomarkers, such as cerebrospinal 
fluid measures or genetic information, models can 
achieve even greater predictive accuracy, reflecting 
the multifactorial nature of Alzheimer’s disease [4]. 

Despite promising results, the application of machine 
learning models for early Alzheimer’s detection 
using structural MRI faces several challenges. One 
major limitation is the variability in MRI acquisition 
protocols and scanner hardware across research sites, 
which can introduce unwanted variability into the 
feature space. Harmonization techniques and domain 
adaptation methods are being developed to address 
this issue. Another challenge is the limited 

availability of labeled datasets for training deep 
learning models, as manual clinical labeling is time-
consuming and resource-intensive. Data 
augmentation and transfer learning from related 
imaging tasks can help mitigate this problem. 
Interpretability is also a concern, particularly for deep 
learning models, as clinicians require transparent 
decision-making processes to trust and adopt these 
tools in practice. Explainable AI methods, such as 
saliency maps and feature attribution techniques, are 
increasingly being used to make these models more 
transparent and clinically acceptable [5]. 

Conclusion 

Machine learning models leveraging structural MRI 
features offer significant promise for the early 
detection of Alzheimer’s disease, providing a non-
invasive, objective, and potentially scalable approach 
to diagnosis. By capturing subtle neuroanatomical 
changes invisible to conventional clinical assessment, 
these models can improve early identification, 
facilitate timely intervention, and aid in monitoring 
disease progression. Advances in feature extraction, 
algorithm development, and multimodal data 
integration are driving improvements in predictive 
accuracy and clinical utility. While challenges related 
to data variability, model interpretability, and 
generalizability remain, ongoing research in 
neuroinformatics and computational neuroscience is 
steadily addressing these issues. As these 
technologies mature, machine learning-based analysis 
of structural MRI is poised to become an integral 
component of Alzheimer’s disease diagnostics in 
both research and clinical settings. 

References 

1. Kennedy DP, Adolphs R. The social brain in 
psychiatric and neurological disorders.. 
Trends Cogn Sci. 2012;16(11):559-72. 

2. Baillet S. Magnetoencephalography for 
brain electrophysiology and imaging. Nat 
Neurosci. 2017;20(3):327-39. 

3. Gautam R, Sharma M. Prevalence and 
diagnosis of neurological disorders using 

https://www.sciencedirect.com/science/article/pii/S1364661312002227
https://www.sciencedirect.com/science/article/pii/S1364661312002227
https://www.nature.com/articles/nn.4504
https://www.nature.com/articles/nn.4504
https://link.springer.com/article/10.1007/s10916-019-1519-7
https://link.springer.com/article/10.1007/s10916-019-1519-7


 

Citation: Suresh A. Machine learning models for early detection of alzheimer’s disease using structural MRI 
features. J NeuroInform Neuroimaging. 2025;10(1):180.  

 
 

different deep learning techniques: A meta-
analysis. . J Med Syst. 2020;44(2):49 

4. Shoeibi A, Khodatars M, Ghassemi N, et 
al. Epileptic seizures detection using deep 
learning techniques: A review. Int J Environ 
Res Public Health. 2021;18(11):5780. 

5. Raghavendra U, Acharya UR, Adeli H. . 
Artificial intelligence techniques for 
automated diagnosis of neurological 
disorders. Eur Neurol. 2020;82(1-3):41-64.

 

https://link.springer.com/article/10.1007/s10916-019-1519-7
https://link.springer.com/article/10.1007/s10916-019-1519-7
https://www.mdpi.com/1660-4601/18/11/5780
https://www.mdpi.com/1660-4601/18/11/5780
https://karger.com/ene/article-abstract/82/1-3/41/134547
https://karger.com/ene/article-abstract/82/1-3/41/134547
https://karger.com/ene/article-abstract/82/1-3/41/134547
https://karger.com/ene/article-abstract/82/1-3/41/134547

