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Abstract—Deep learning models based on convolutional
neural networks (CNNs) havebeen used to classify Alzheimer’s
disease or infer dementia severity from 3D T1-weighted brain
MRI scans. Here, we examine the value of adding occlusion
sensitivity analysis (OSA) and gradient-weighted class
activation mapping (Grad-CAM) to these models to make the
results more interpretable. Much research in this area focuses
on specific datasets such as the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) or National Alzheimer's
Coordinating Center (NACC), which assess people of North
American, predominantly European ancestry, so we examine
how well models trained on these data generalize to a new
population dataset from India (NIMHANS cohort). We also
evaluate the benefit of using a combined dataset to train the
CNN models. Our experiments show feature localization
consistent with knowledge of AD from other methods. OSA and
Grad-CAM resolve features at different scales to help interpret
diagnostic inferences made by CNNs.
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l. INTRODUCTION

Explainable Al (xAl) is crucial in medical imaging and
healthcare to foster trust, transparency, and efficacy in
clinical settings. With the advent of artificial intelligence in
healthcare, particularly in medical imaging, Al models have
shown great promise in diagnosing and subtyping
neurological conditions. However, the opacity of these
models poses significant challenges for their adoption in
clinical practice. Clinicians need to understand and trust Al -
driven decisions to integrate them effectively into patient
care. XAl bridges this gap by providing insights into how Al
models arrive at their conclusions, enhancing their
interpretability and trustworthiness. Interpretability is not just
a technical requirement but a fundamental necessity to meet
the ethical and legal standardsin healthcare, ensuring that
decisions made by Al can be validated and audited by human
experts [1].

Several techniques have been developed to explain the
inner workings of Al models in neuroimaging. Grad-CAM
(gradient-weighted Class Activation Mapping) [2] uses
gradients of the last, or several, convolutional layers to
localize critical key features for making a decision. This is

particularly useful in neuroimaging [3,4] to identify specific
brain regions contributing to diagnostic classification.
Similarly, saliency maps [5,6] highlight pixels in animage
that most influence the model's prediction, improving
interpretability. Whereas the former highlights regions
specific to a particularclass prediction, the latter gives a more
general view of influential pixels regardless of the specific
class. Occlusion sensitivity analysis (OSA) [7,8], by contrast,
systematically occludes parts of the input image to observe
changesin the model's output, pinpointing crucial regions for
decision-making. These techniques can each improve the
transparency of Al systems, enhancing their value for both
research and clinical settings.

Alzheimer's disease (AD) is the leading age-related
neurodegenerative disorder, accounting for approximately
70% of dementia cases worldwide [9]. Consequently, there is
an urgent need to identify factorsthat contribute to or protect
againstthe onset orprogression of dementia.Schlemperetal.
[10] proposed a novel attention gate (AG) model that leams
to focus on target structures of varying shapes and sizes in
medical images, improving performance on image
classification and segmentation tasks while providing
insights into the model's decision-making process. A recent
study [11] trained a deep CNN, based on the Inception-
ResNet-V2 architecture, on 85,721 brain MRI scans from
50,876 participants. Applying transfer learning and fine-
tuning the modelfor AD classification, achieved an excellent
accuracy of 91.3% in leave-sites-out cross-validation. Here,
we examined the performance of DenseNet architecture [12]
to classify AD vs healthy controls from two different
datasets, and a held-out test dataset. We also used OSA and
guided Grad-CAM to improve the interpretability of these
models. Guided Grad-CAM provides more detailed
visualizations than Grad-CAM, showing specific features
rather than just coarse regions. It combines the strength of
Grad-CAM - class discrimination — with Guided
Backpropagation — fine-grained detailand makes it easier for
humans to understand what the model focuses on.

1. IMAGING DATA AND PREPROCESSING

The primary dataset for our experiments was the widely-
used, publicly available Alzheimer's Disease Neuroimaging
Initiative (ADNI) dataset —a multisite study launched in 2004
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Table 1. Data distribution for experiments.

Dataset Distribution Total N Sex Mean Age * St. Dev. Diagnosts -
Male Female CN Dementia

Training Dataset 3,318 1,731 1,587 75.86 +6.74 1,950 1,368
ADNI Validation Dataset 433 249 184 75.80 £6.94 255 178
Test Dataset 411 218 193 74.15+7.02 228 183
Training Dataset 1,361 536 825 71.15 +10.87 859 502
NACC Validation Dataset 321 109 212 70.47 £10.57 258 63
Test Dataset 665 229 436 69.68 +11.83 602 63
NIMHANS Test Dataset 226 125 101 66.94 £ 7.90 128 98

to improve clinical trials for the prevention and treatment of
AD [13]. We used 4,162 scansfor our analysis. The second
dataset was from the National Alzheimer’s Coordinating
Center (NACC) [14], with a total of 2,347 scans. The third,
held-out dataset comes from an Indian population assessed at
NIMHANS in Bangalore, India [15,16] — a population not
typically well represented in neuroimaging studies. This
cohorthad 226 participants. The datadistribution is shown in
Table 1; we ensured no overlap between the testing and
training data subsets, and the test dataset had only one scan
per subject. 3D T1-weighted (T1w) brain MRI volumeswere
pre-processed using the following steps [17]: nonparametric
intensity normalization (N4 bias field correction), ‘skull
stripping’ for brain extraction, nonlinear registration to a 3D
template — see template details here [18] - with 6 degrees of
freedom and isometric voxel resampling to 2 mm. The pre-
processed images were of size 91x109x91. The T1w images
were scaled using min-max scaling to take valuesbetween 0
and 1. For the DenseNet, the image size was furtherreduced
to 80x80x80.

1. DEEP LEARNING ARCHITECTURE, OSA & GRAD-

CAM

We wused the DenseNet architecture [19], as its
connectivity pattern promotes efficient feature re-use,
incorporating features at multiple scales. The DenseNet
architecture is characterized by multiple dense blocks and
transition layers. Within a dense block, each layer is
connected to all preceding layers, facilitating feature re-use
through concatenation: each layer’s outputis combined with
the feature mapsfromall prior layers. A typical dense block
contains several convolutional blocks, each generating the
same number of output channels. Transition layers are
employed to manage model complexity and reduce the
number of parameters, incorporating convolution and
pooling operations to downsample the feature maps. We
trained three models - one on ADNI, one on NACC, and one
on both datasets combined. Zero-shot classification was also
performed on the NIMHANS data. Model performance was
assessed using test-balanced accuracy and the F1 score.

Occlusion sensitivity analysis (OSA) is a perturbation-
based approach in which input features are altered through
occlusion to observe changes in the output. In our case, a
cube-shaped mask (7x7x7) is applied, setting the covered
voxels to zero. We can monitor the resulting changes in the
model’s predictions by systematically moving this mask
throughout the entire brain volume (without overlap). The
difference in prediction accuracy, measured by the balanced
accuracy with and without occlusion, reveals the relative

importance of each region. In particular, we examine the
change in the classification probability for the class it picked
afterthe final SoftMax layer. By mappingthese changes, we
generate a saliency map highlighting the critical areas the
modelrelies on forits predictions. After generating the OSAs
for 100 test subjects, we created a voxel-wise average map to
understand any patterns that were consistently used across
subjects. In Grad-CAM, the class-discriminative localization
map LE,qq—cam 1S cCOMputed by combining the feature maps
A¥ from a convolutional layer with weights. These weights
ar;, are obtained by global average pooling of the gradients of
the target class ¢ with respect to the feature map A*. The
ReLU activation function isapplied to the linear combination
of these weighted feature maps to ensure only the positive
influences are considered [2].

LGraa-cam = RelU (Z ag Ak)

k

Additionally, Guided Grad-CAM includes element-wise
multiplication of the Grad-CAM heatmap with Guided
Backpropagation to produce high-resolution class-specific
visualizations. In the latter, standard backpropagation is
performed but with only positive gradients, and the negative
gradients are set to zero during backward pass through the
ReLu activations. Thus, Guided Grad-CAM combines the
spatial information from Grad-CAM with the fine details
from Guided Backpropagation, providing a comprehensive
visualization tool for understanding deep neural networks
decisions. We performed the same steps with Guided Grad-
CAM and presented the average group analysis.

V. RESULTS

In our experiments, the model trained on a combination
of ADNI and NACC data showed better performance on the
held-out NIMHANS dataset. The more diverse training data
may have provided a more comprehensive representation of
the underlying data distribution, enabling the model to
generalize better to the holdout dataset; training on a larger
combined dataset may also reduce the risk of the model
overfitting - learning spurious correlations specific to one
dataset. Complementary information present in both datasets
may have enabled the model to improve feature
representation and selection; combining datasets with
differing class distributions may also have balanced the class
distribution in the training set, helping the model to
distinguish classes. The pooled training set contributed to
improved balanced accuracy and F1 Score.
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Figure 1. DenseNet Architecture with OSA Model.
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Figure 2. Comparison of explainable models for controls (CN) and participants with dementia in the NACC test dataset. Thefirst columnshows the original T1w
scan’s middleaxial slice (40), fora random subject in the test set. Thetop row shows a subject with dementia, and the bottom row shows a healthy control participant
The middle column shows the OSA group averages, and the last column shows the corresponding Grad-CAM group averages for 100 participants of the NACC test
dataset. Grad-CAM maps detect features at a finer spatial scale than OSA; the OSA maps appear ‘blocky’ as the occlusion kernels do not over lap. If overlap were
allowed, these maps would still be spatially smooth. By contrast, Grad-CAM maps show in deep blue the ventricles, which show strong group differences between

patients and controls.

The OSA analysis for the NACC dataset was performed by
using all subjects from the test dataset and visualizing
featuresused by the model. The delta probability matrix was
computed for each subject and the group average was
calculated to visualize disease patterns. As the absolute value
of the probability delta was calculated, the change is reflected
as a positive delta in each case. Grad-CAM was similarly
computed for each subject in the test dataset, and the group

average calculated, for comparison with OSA. The Grad-
CAM maps show great spatial detail and better feature
localization than OSA. A lower mask size for OSA may
improve the spatialdetail in the OSA maps. Comparingit to
Figure 3, the pattern is congruent with the AD effect found
using othermethodsto map the atrophy profile,suchas TBM
[20].
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Table 2. Classificationresults for the three models. B.A. indicates balanced
accuracy and F1 indicates F1 Score. The NIMHANS dataset is treated as a
zero-shot test dataset. The left rows are the training datasets, and the top
columnsare thetest datasets respectively (if the same dataset appears as test
data, a subset was used without subject overlap). Bold indicates the best
balance accuracy on NIMHANS test set.

Testing Datasets
NACC ADNI_|NIMHANS
BA | FL [ BA | F1L [BA[ FL
. NACC 079 | o081 | 076 | 076 [0.780.75
£8 ADNI 0.76 | 0.65 [ 0.78 | 0.76 [0.80[0.76
E=Z [ Nacc+ | 076 [076[0.78 | 073 [0.87]0.85
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Figure 3. Atrophy map comparing an AD patient group to healthy

controls, using tensor-based morphometry in the ADNI datast

Although maps of salient features are hard to validate without ground truth

on the location ofthe disease, complementary image analysis methods, such

as TBM, show ventricular expansion and subcortical atrophy. These key

signs of dementia are used by radiologists for diagnosis. (Reproduced from
Hua et al. [20]).
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V. CONCLUSIONS AND FUTURE WORK

Our experiments examined how well models trained on
datasets of mostly North American and European ancestry
generalize to a new dataset from Indian participants. Our
findings suggest that adding more data while training may
improve performance on holdout test sets. We also used
occlusion sensitivity analysis and Grad-CAM to visualize
features used by the deep learning models that were
important for classification. Future work will evaluate more
complex explainable Al models such as attention flow and
attention rollout, which are typically used for vision
transformers. We will also evaluate more advanced imaging
modalities including diffusion-weighted MRI [21], to
identify important features for multimodal diagnostic
classification.
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