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Abstract

We present a configurable deep learning framework for classifying T1-weighted brain MRI scans into cognitively normal (CN),
and Alzheimer’s disease (AD). The pipeline is optimized for high-performance computing (HPC) environments and integrates
explainability methods for visual model interpretation. Key contributions include a flexible, parameter-driven setup that en-
hances reproducibility, a memory-aware dataset chunking strategy for efficient GPU utilization, and built-in Grad-CAM visu-
alizations for visual inspection of results. Using the ADNI dataset, our best binary classification (CN vs. AD) achieved 91.2%
accuracy with a 3D ResNet10 model. The framework’s scalability, reproducibility, and explainability make it a robust tool for
medical imaging research.

CCS Concepts
• Computing methodologies → Computer vision;

1. Introduction

Alzheimer’s disease (AD) is a progressive neurodegenerative dis-
order that leads to memory loss, cognitive decline, and functional
impairment. Early diagnosis is critical for timely intervention and
treatment planning. Structural magnetic resonance imaging (MRI)
has emerged as a key biomarker in AD research, enabling the
detection of brain atrophy patterns associated with disease pro-
gression [DB23]. Deep convolutional neural networks (CNNs)
achieve strong performance in structural MRI classification tasks
for AD, with reported performance reaching up to 93% accuracy
in binary classification [ABL∗23], [RAS∗25]. However, many ap-
proaches lack reproducibility, are not optimized for large-scale
high-performance computing (HPC) environments, and provide
limited interpretability, factors critical for clinical adoption.

We present an efficient and reproducible 3D CNN pipeline for
AD classification, designed for HPC deployment and equipped
with integrated explainability. Our main contributions are:

1. HPC-ready preprocessing and training: memory-aware
chunking to optimize GPU utilization and reduce I/O overhead.

2. Configurable experiments: centralized parameter control en-
abling easy replication and adaptation of experiments.

3. Integrated explainability with Grad-CAM variants and occlu-
sion sensitivity to visualize salient brain regions for clinical in-
terpretation.

We evaluate our approach on the openly available ADNI dataset
at http://adni.loni.usc.edu [JBF∗08], comparing multiple 3D CNN
architectures and analyzing both classification accuracy and visual
explanations.

2. Method

2.1. Data Preprocessing

We used T1-weighted MRI scans from the ADNI dataset. Prepro-
cessing included skull stripping, N4 bias field correction, and affine
registration to the MNI ICBM 152 symmetric template (1 mm
isotropic, 193×229×193 voxels) [GJB∗06]. Foreground extraction
removed non-brain background, followed by intensity normaliza-
tion (99.5th percentile clipping, scaling to [0,1]) and resampling to
1283 voxels. Data were converted to float16 tensors for storage.

2.2. Memory-Aware Data Loading

To reduce training overhead, MRI volumes were preprocessed
once, split into memory-sized chunks, and stored as .pt tensors.
For large datasets, a custom loader partitions the data into N chunks
based on memory limits [AMB19], applying hybrid shuffling both
across and within chunks to balance randomness and disk effi-
ciency. This enabled training on both high-memory (64 GB RAM)
and constrained systems.

2.3. Model Architectures

We evaluated 3D ResNet (10, 18, 34, 50, 101 layers), DenseNet
and EfficientNet variants. ResNet models could optionally use pre-
trained MedicalNet weights. Configurable dropout was supported
either after ReLU activations or before the final fully connected
layer. All training settings (e.g., architecture, optimizer, learning
rate, dropout rate, spatial resolution) were defined in a single ex-
periment configuration file, facilitating reproducibility.
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2.4. Training Setup

Training was conducted on the Devana supercomputer using a
single NVIDIA A100 (40 GB). Models were trained with Adam
or AdamW optimizers, Cross-Entropy or Focal loss, batch size
8, and early stopping based on validation accuracy. Each experi-
ment was repeated three times to assess stability. Our implementa-
tion can be found on https://github.com/MartinR255/
alzheimer-disease-detection.

2.5. Explainability

To enhance model transparency and support clinical interpretabil-
ity, we integrated four post-hoc interpretability techniques: Grad-
CAM, Grad-CAM++, Guided Grad-CAM, and Occlusion Sensitiv-
ity. These methods serve complementary purposes in highlighting
salient brain regions that drive model decisions.

Grad-CAM [SCD∗17] and Grad-CAM++ generate class-
discriminative heatmaps by backpropagating gradients to the fi-
nal convolutional layers, revealing spatial patterns associated with
the predicted class. Guided Grad-CAM further enhances resolution
by combining gradient information with activation maps. Occlu-
sion sensitivity offers a perturbation-based view by systematically
masking input patches and measuring drops in prediction confi-
dence, pinpointing critical regions. Visualizations were produced
for both correctly and incorrectly classified cases to analyze model
attention and identify possible failure points.

3. Results

Models were evaluated on a held-out ADNI test set, with results av-
eraged over three runs. The best overall performance was achieved
by a 3D ResNet-10, reaching 91.20% accuracy and a 90.09%
F1-score for Alzheimer’s vs. control classification. DenseNet121
and ResNet18 showed comparable validation performance (accu-
racy ≈88%, F1-score ≈86%) but slightly lower test scores. While
DenseNet121 approached ResNet10 in accuracy (90.65%), it re-
quired longer training times, and ResNet18 performed marginally
worse in both metrics. These results indicate that lighter architec-
tures, such as ResNet10, can outperform deeper models in both ef-
ficiency and accuracy.

Table 1: Top 3 models by validation and test performance.

Validation Test
Model Acc. (%) F1 (%) Acc. (%) F1 (%)

ResNet10 87.82 85.86 91.20 90.09
DenseNet121 88.30 86.12 90.65 89.29

ResNet18 88.06 86.23 88.46 87.15

The best-performing ResNet10 model used dropout regulariza-
tion (0.3 after ReLU, 0.2 before the fully connected layer), la-
bel smoothing (ϵ = 0.1), and class weights to address imbalance.
Training employed the AdamW optimizer (η = 1e−4, weight de-
cay 1e−4) for 30 epochs, yielding the optimal model at epoch 23.

A breakdown by class (Table 2) shows the network is partic-
ularly confident in identifying cognitively normal (CN) subjects,

with slightly lower recall for Alzheimer’s disease (AD) cases. This
imbalance aligns with the skew in the training data, partially miti-
gated by weighted loss.

Table 2: Per-class performance of ResNet10 on the test set.

Class Acc. (%) Prec. (%) Recall (%) F1 (%)
CN 93.80 93.03 93.80 93.41
AD 86.06 87.50 86.06 86.77

To enhance interpretability, we applied post-hoc methods. Fig-
ure 1 shows the visualizations for an Alzheimer’s disease case.
The Grad-CAM heatmap (left) reveals that predictions are primar-
ily driven by structural brain changes consistent with known AD
pathology, such as cortical atrophy and ventricular enlargement.
Some background activation remains, but it is relatively minor. The
occlusion sensitivity map (right) further confirms these regions as
critical, with red areas indicating where occlusion significantly re-
duced model confidence.

Figure 1: Explainability visualizations for a correctly classified
Alzheimer’s case. Left: Grad-CAM. Right: Occlusion sensitivity
map.

4. Conclusion

Despite using a lightweight ResNet10 architecture, our approach
achieved a competitive test accuracy of 91.20% and balanced F1-
scores. The compact model and memory-efficient data loading en-
abled fast training on large 3D MRI datasets, while integrated ex-
plainability supported clinical interpretability.

The framework offers three key advantages: (1) chunked data
loading reduced training time by 35%; (2) experiments are fully re-
producible via a single configuration file; and (3) Grad-CAM and
occlusion sensitivity consistently highlighted clinically relevant re-
gions, notably the hippocampus and temporal lobes.

These results show that the pipeline is efficient, reproducible,
and clinically meaningful, making it a solid baseline for future
Alzheimer’s MRI research.
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