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Abstract

This paper presents a deep learning framework for automated Parkinson’s disease (PD)
detection from T1-weighted MRI scans using the NTUA dataset. The proposed pipeline
combines advanced preprocessing, robustness evaluation, and explainable Al techniques
to improve both diagnostic performance and clinical interpretability. Contrast Limited
Adaptive Histogram Equalization (CLAHE) was applied to enhance anatomical details,
while SMOTE was applied to the deep feature vectors extracted from the training MRI
images to address class imbalance. Several state-of-the-art convolutional neural networks
were evaluated through six patient-wise train—test splits to assess robustness and general-
ization across subjects. In addition, a targeted experiment using only axial MRI slices from
50 subjects was conducted to reduce irrelevant anatomical information and emphasize
brain regions potentially associated with PD. Among the evaluated models, performance
varied substantially across subject-wise splits, highlighting a strong dependency on pa-
tient selection. While peak configurations reached high individual metrics, the aggregate
subject-wise analysis demonstrated a more conservative baseline. To improve transparency,
Grad-CAM visualizations were generated, showing that the models primarily focused
on central brain structures relevant to Parkinsonian neurodegeneration, with minimal
attention extending to non-diagnostic regions. The results demonstrate that combining
adaptive preprocessing, patient-wise evaluation, and explainable deep learning holds
promise for MRI-based Parkinson’s disease detection under a preliminary, dataset-specific
evaluation, though substantial performance variability remains across different subject
selections, rather than demonstrating immediate clinical readiness.

Keywords: Parkinson’s disease; MRI; deep learning; Grad-CAM

1. Introduction
1.1. Parkinson’s Disease and Early Diagnosis

Parkinson’s disease affects approximately 2-3% of the population, particularly elderly
individuals, and represents the second most common neurodegenerative disorder after
Alzheimer’s disease. It is primarily characterized by motor impairments such as bradyki-
nesia (slowness of movement), resting tremor, muscular rigidity, and postural instability,
which progressively reduce patients’ mobility and quality of life [1]. In addition to these
motor manifestations, Parkinson’s disease is frequently associated with a wide spectrum of
non-motor symptoms, including cognitive decline, autonomic dysfunction, sleep distur-
bances, depression, anxiety, and sensory abnormalities. These symptoms often appear in
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the early stages of the disease and may significantly impact daily functioning even before
clear motor deficits become clinically evident.

The progressive nature of Parkinson’s disease and the absence of definitive laboratory
biomarkers make early diagnosis particularly challenging. Current clinical assessment
methods rely heavily on neurological examination and symptom observation, which can
lead to delayed or subjective diagnosis, especially during the prodromal stages of the
disease. Consequently, there is an increasing interest in the development of computer-
aided diagnostic systems capable of supporting clinicians through objective and data-
driven analysis.

Recent advances in medical imaging and artificial intelligence have opened new per-
spectives for the automated detection of neurodegenerative disorders. In particular, deep
learning methods applied to magnetic resonance imaging (MRI) data have demonstrated
promising capabilities in identifying subtle structural brain alterations associated with
Parkinson’s disease. These approaches have the potential to improve diagnostic accuracy,
enable earlier intervention, and support more personalized treatment strategies, ultimately
contributing to better patient management and long-term clinical outcomes.

1.2. Deep Learning for Parkinson’s Disease Identification

Machine learning has become an effective method for detecting this disease from
the early stages using several types of data collected from patients associated with vari-
ous symptoms. These are divided into voice analysis, sensor data, medical images and
biometric data.

In terms of changes occurring in the brain, Parkinson’s disease is characterized by the
degeneration of dopaminergic neurons, thus the reduction in dopamine in the striatum,
hippocampal atrophy associated with memory impairment, and atrophy of the prefrontal
cortex, affecting executive functions [2].

The main challenges in using machine learning are the small size of the collected
datasets, which leads to overfitting, and the choice of imaging methods, since techniques
such as PET (Positron Emission Tomography) and SPECT (Single-Photon Emission Com-
puted Tomography) are invasive for the patient, who is subjected to a level of radiation.
For these reasons, structural magnetic resonance imaging is used in the diagnosis of the dis-
ease because it highlights the contrast between different types of tissue, making it possible
to detect structural changes in the substantia nigra [3].

1.3. Contributions

This paper presents a clinically oriented deep learning framework for automated
Parkinson’s disease (PD) detection from T1-weighted MRI scans, integrating advanced
preprocessing, explainability, and robustness evaluation strategies. Using the NTUA neu-
roimaging dataset, we investigate the effectiveness of multiple state-of-the-art convolutional
neural network architectures for PD classification and introduce a comprehensive evalua-
tion pipeline designed to improve both predictive performance and clinical interpretability.

To enhance discriminative anatomical features, Contrast Limited Adaptive Histogram
Equalization (CLAHE) was employed for adaptive contrast enhancement, while Synthetic
Minority Oversampling Technique (SMOTE) was applied to the deep feature vectors
extracted from the training partition in order to balance the minority class. Beyond standard
classification experiments, we propose a targeted axial-slice analysis strategy that isolates
brain regions potentially associated with Parkinson’s disease and reduces the influence of
anatomically irrelevant information. This focused representation enabled more efficient
learning from only 50 subjects while preserving strong diagnostic performance.
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Extensive comparative experiments were conducted using six patient-wise train-test
configurations to assess model robustness, inter-subject variability, and generalization capa-
bility—an aspect often overlooked in previous studies. Among the evaluated architectures,
ResNet50 achieved the highest overall classification accuracy of 95%, whereas DenseNet121
demonstrated superior clinical sensitivity by attaining a 99% recall for the Parkinson’s
disease class, highlighting its potential suitability for screening-oriented applications where
minimizing false negatives is critical.

To further improve transparency and trustworthiness of the proposed framework,
Grad-CAM explainability analysis was incorporated, revealing that the networks consis-
tently focused on central brain structures associated with Parkinsonian neurodegeneration.
These visualizations provide qualitative insights

into the anatomical regions influencing the decision-making process and support the
interpretability of deep learning predictions in neuroimaging applications.

The obtained results demonstrate that combining adaptive preprocessing, patient-wise
robustness analysis, and explainable Al techniques can substantially improve MRI-based
Parkinson’s disease detection. Also, a separate experiment based on multiple subject-wise
data splits was conducted to assess the robustness of the models and the influence of patient
selection on the reported performance. The proposed framework establishes a foundation
for more reliable and clinically interpretable computer-aided diagnostic systems, while
future work will focus on validation across larger multi-center datasets to further strengthen
model generalization and translational applicability.

2. Related Work on MRI-Based Parkinson’s Disease Identification

Over the years, multiple deep learning approaches have been proposed for the au-
tomatic detection of Parkinson’s disease from structural MRI data. Recent literature un-
derscores the need for robust neuroimaging preprocessing. The review [4] by Noor et al.
shows that structural MRIs are prone to noise and intensity variations, and the authors
support contrast enhancement tools like CLAHE. Additionally, the study addresses how
imbalanced datasets degrade deep learning performance, suggesting oversampling to
mitigate class bias. In the section dedicated to Parkinson’s disease detection, the authors
validate CNN backbones like ResNet for neurodegenerative disease classification. Another
study [5], evaluated the performance of three CNN architectures (InceptionV3, VGG16,
and VGG19) for Parkinson’s disease detection from MRI slices and utilized the Parkinson’s
Progression Markers Initiative (PPMI) dataset. The comparative analysis demonstrated
that VGG19 achieved the highest diagnostic accuracy at 91.5%, outperforming InceptionV3
(89.5%) and VGG16 (88.5%). Similarly, the study [6] utilized a pretrained AlexNet architec-
ture to classify Parkinson’s disease from MRI scans. The authors expanded their dataset
up to 4200 images using GAN-based augmentation and adopted a 60/20/20 data split for
training, validation, and testing. Their transfer learning approach achieved an average
accuracy of 89.23%.

NTUA Parkinson’s Dataset was created in the absence of standardized datasets by the
NTUA team [7]. The images from the MRI Axial T1 sequence and Dat Scans were used in
the study. The proposed model consists of an end-to-end architecture with ResNet50 (CNN),
for extracting important features from the images, and RNN (LSTM/GRU)), for obtaining
predictions. The maximum accuracy, 98%, was obtained by combining the two types of
images, MRI and Dat Scans with a recall of 96% and precision of 100%.

The paper [8] proposed an architecture based on ResNet50 with Channel-Specific
Attention Module (CSAM) and used the NTUA and PPMI (Parkinson’s Progression Markers
Initiative) datasets. The training dataset contains 80% of the initial one and the testing 20%.
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The preprocessing methods consist of resizing and normalization and the CSAM module
was added at the architectural level.

The CSAM module is inserted between the convolutional and batch normalization
layers, to identify important areas in the image. The Channel attention part analyzes the
channels extracted (edges, textures, shapes) from the image by the previous layers, assigns
values according to relevance and builds a feature map. In the second stage, the module
combines the information from the channels and identifies important areas.

The proposed model achieved an accuracy of 99.16%, comparable to the best result
reported in [8], where ResNet50 combined with a CSAM attention module also reached
99.16%. In contrast, DenseNet121 and MobileNetV3 achieved lower accuracies of 90.7%
and 96.53%, respectively, while the optimized MobileNetV3 obtained 98.36%.

The article [9] defined a convolutional neural network PDCNet that includes: 3 con-
volutional layers, pooling layers, dropout with different rates, 2 dense layers and a soft-
max layer for the output. The authors applied Grad-CAM to be able to interpret the
model predictions. The performance comparison of the PDCNet architecture for different
dropout rates is presented in Table 1.

Table 1. Performance comparison of the PDCNet architecture on the NTUA dataset for different
dropout rates [9].

Dropout Recall (%) Specificity (%) Accuracy (%)
0.1 95.42 97.03 96.23
0.2 96.85 98.27 97.56
0.3 97.69 98.85 98.27
0.4 97.21 98.49 97.85

On the other hand, a different approach is the work of Chakraborty et al. in the
study [10]. They trained a specialized 3D CNN using MRI scans from 406 subjects in
the PPMI database. Their model hit an accuracy of 95.29% and a recall of 94.21%. Their
visual explanation maps confirmed that the model attended to the exact biological markers
of Parkinson’s disease, specifically neuron loss in the substantia nigra. However, they
suggested focusing future efforts on specific subcortical regions, which makes a strong case
for investigating efficient 2D models that evaluate slices at the patient level.

3. Materials and Methods
3.1. Dataset

The study uses T1-weighted MRI scans from the standardized NTUA Parkinson’s
dataset, proposed by the NTUA team [7]. It contains 43,087 MRI images and 920 DaT Scans
images obtained from 78 subjects (55 patients diagnosed with Parkinson’s and 23 healthy
subjects). For each subject, multiple sections obtained through MRI examinations and DaT
Scans are available.

Before the experiments, all MRI images were manually inspected to ensure that only
images of adequate quality containing the anatomical regions relevant to Parkinson’s dis-
ease analysis were included. MRI slices presenting severe motion artifacts, strong intensity
corruption, incomplete brain coverage, or anatomical sections without visible midbrain
structures were excluded. In addition, slices containing predominantly superior or inferior
brain regions that did not include the substantia nigra were discarded. After applying
these quality criteria, 67 subjects remained in the dataset. For the subject-wise robustness
experiment, only axial slices covering the midbrain region were retained for each subject,
resulting in a subset of 50 subjects. The midbrain region was selected because it includes
the substantia nigra, which is strongly associated with Parkinson’s disease pathology.
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The preprocessing stage consisted of dividing the dataset according to the MRI tech-
nique used to keep only T1 sequence images. MRI scans were standardized using MONAI
(version 1.5.2) through foreground cropping, intensity normalization, and resizing to a
fixed resolution of 224 x 224 pixels.

The train/test split was performed at the subject level using a fixed random seed
of 42, with approximately 90% of the subjects assigned to the training partition and 10%
to the independent testing partition. To prevent data leakage, all MRI slices belonging to
the same subject were assigned exclusively to a single partition. The validation partition
was subsequently generated from the training partition by randomly selecting 20% of
the training subjects using a fixed random seed of 4. After this stage, as depicted in
Table 2, the training partition contains 50 subjects (7159 slices), the validation partition
includes 11 subjects (1343 slices), and the independent testing partition consists of 6 subjects
(810 slices).

Table 2. Distribution of subjects and MRI slices across the training, validation, and testing partitions.

Partition Class Label No. of Subjects No. of Slices (Images)
Training PD Patients 35 5190

Non-PD Patients 15 1969
Validation PD Patients 8 902

Non-PD Patients 3 441
Testing PD Patients 4 355

Non-PD Patients 2 455
Total - 67 9312

Training images were augmented using ImageDataGenerator with rotation_range = 20 de-
grees, width_shift_range = 0.2, height_shift_range = 0.2, shear_range = 0.2, zoom_range =
0.2, horizontal_flip = True, and fill_mode = 'nearest’. No augmentation was applied to
the validation or test partitions. All images were resized to 224 x 224 pixels using bilinear
interpolation, with a batch size of 32 and a fixed generator seed of 42. Training data were
shuffled, whereas validation and test data were not shuffled.

3.2. Image Enhancement

To increase the contrast of the image, the Contrast Limited Adaptive Histogram
Equalization (CLAHE) technique was used, which divides the received image into sections
and applies histogram equalization to each portion [11].

The parameters were varied to see which case obtains the best results. The first
parameter, clipLimit, indicates the limit of contrast changes and tileGridSize sets the
number of image divisions. The process consists of applying CLAHE to the grayscale and
normalized image. The clipLimit parameter was evaluated within the range [0.01, 1.0],
while tileGridSize values of {16,32} were tested. The resulting image was assigned a
score based on sharpness and noise. The best-performing configuration was obtained with
clipLimit = 0.1 and tileGridSize = 16.

3.3. Data Balancing

The Parkinson’s medical imaging dataset is obtained from a small sample of people,
most of whom suffer from the disease. Thus, the deep learning models are affected by
data imbalance and overfitting may occur. In this study, the balancing of the dataset was
performed using the Synthetic Minority Oversampling Technique (SMOTE). The tech-
nique was applied exclusively to the training partition after the validation and testing
sets had been separated. A fixed random seed of 42 was used for the procedure to ensure
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Data input

reproducibility. The MRI images were first processed by the pretrained convolutional neu-
ral network to extract deep feature vectors. These feature vectors were standardized using
StandardScaler, after which SMOTE generated synthetic feature vectors for the minority
class by interpolating between neighboring samples in the feature space [12]. The balanced
feature vectors were subsequently used to train the classifier, while preserving the original
classification architecture.

3.4. Models

The proposed comparison uses four convolutional neural network architectures that
have achieved positive results in the field of medical imaging and are available for transfer
learning: DenseNet121 [13], ResNet50 [14], ResNet101 [14], and VGG16 [15]. A framework
of the proposed system is shown in Figure 1.

Training data ’ (SMOTE)

l

Deep Learning Models

[ Data Balancing ’

Preprocessing
Enhancement &
Normalization

Subject-wise split

Validation data

(ResNet50
v ResNet101
ﬁ DenseNet121
Testing data VGG16)

Performance
Evaluation

Figure 1. Framework of the proposed system.

All CNN backbones were initialized with ImageNet-pretrained weights and adapted
to the binary MRI classification task. The final fully connected layer of each network was
replaced with a dense layer containing a Softmax activation to enable binary classification.

The first convolutional layers mainly capture generic image features relevant to any
type of MRI image, such as edges, textures, and intensity patterns. Therefore, only the
deeper layers were fine-tuned to learn Parkinson’s disease-specific features while reducing
the risk of overfitting on a relatively small dataset. For DenseNet121, the last 100 layers
were unfrozen, whereas for ResNet50 and ResNet101, the first 140 and 250 layers were
frozen, respectively. For VGG16, only the first 5 layers were kept frozen during training.

The selected fine-tuning strategies were determined experimentally. For DenseNet121,
preliminary experiments showed that training all layers increased the risk of overfitting,
whereas unfreezing only the last 30 layers limited the model’s ability to adapt. Unfreezing
the last 100 layers provided a good compromise between preserving the representations
learned from ImageNet and adapting the network to Parkinson’s disease MRI classification.

VGG16 has a simplified architecture compared to the other models. For this reason,
two dense layers containing 512 and 128 neurons were added in order not to lose any of
the features obtained and the dropout rates of 0.2 and 0.3 were used.

In the case of ResNet50, the last layers have considerable dimensions and in order not
to drastically reduce the information retained, two dense layers with 256 and 128 neurons
were added, but the dropout was increased to 0.4 and 0.3 compared to VGGI16.

The architecture of DenseNet121 allowed the addition of a single dense layer with
128 neurons and a dropout of 0.5 at the end. The motivation is the increased complexity of
the model and the avoidance of overfitting in the case of a limited dataset.
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For the experiments involving SMOTE, the pretrained CNN architectures were used
exclusively to extract deep feature vectors from the MRI images, while the classifier archi-
tecture remained unchanged.

Training was performed using the Adam optimizer with a learning rate of 1 x 105,
a batch size of 32 and for 12 epochs.

4. Results
4.1. Evaluation

The performance of the models was measured using the metrics accuracy, precision,
recall, and Fl-score, defined as follows:

Accuracy = TP+ TN (1)
Y= TP TN+ FP+EN
.. TP
Precision = m )
TP
Recall = TP EN 3)
Precision - Recall
Fl-score =2 Precision + Recall (4)
e TN
Specificity = TN T EP 5)
Balanced Accuracy = Recall + Specificity ©6)

2
where TP represents true positives, TN true negatives, FP false positives, and FN false negatives.

Additionally, ROC-AUC was computed to measure the overall ability of the models
to distinguish between Parkinson’s disease and healthy subjects independently of a fixed
decision threshold.

In the medical field, reducing the percentage of false negative cases is essential.
The lack of a correct diagnosis in the case of the existence of the disease will delay the
necessary treatment, which will lead to aggravation of symptoms and permanent damage.

DenseNet121, ResNet50, ResNet101, and VGG16 were trained and tested on three
variations of the initial dataset: the unchanged set, the set obtained with CLAHE and the
set balanced with SMOTE (Synthetic Minority Oversampling Technique).

Table 3 shows a comparison of the accuracy obtained for each model depending on
the dataset and the techniques used.

It is evident that ResNet50 achieved the highest individual accuracy of 95.31% un-
der the CLAHE strategy. After applying SMOTE to the extracted deep feature vectors,
ResNet101 obtained the highest accuracy (94.81%), followed by VGG16 (91.11%), whereas
DenseNet121 and ResNet50 both reached 89.63%. The ROC-AUC results obtained by the
different architectures are presented in Table 4.

On the unbalanced dataset, the models have very poor accuracy, around 50%. Initially,
DenseNet121 achieved better performance on the majority class in this experiment, which
may be related to its dense connectivity structure, where the current layer receives as
input the output of all previous layers. The performance of ResNet50 and ResNet101,
which use skip connections and favor fast learning of dominant features, and VGG16,
a simpler architecture, increases more drastically due to preprocessing techniques, while
DenseNet121 shows signs of overfitting. The low balanced accuracy values depicted in
Table 5 show that the models failed to generalize across both classes. A notable difference
is observed in the ability to correctly identify healthy subjects. According to Table 6, VGG16
achieved a specificity of 99.56% and ResNet101 achieved 99.12%. The bias toward the
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majority class is accentuated by the recall Tables 7-10, where, for example, DenseNet121
achieved a PD recall of 96% while correctly classifying only 20% of healthy subjects.

Table 3. Accuracy obtained by different architectures under different preprocessing strategies.

Method DenseNet121 (%) ResNet50 (%) VGG16 (%) ResNet101 (%)
Unbalanced 53.33 51.23 57.04 59.14
Unbalanced + CLAHE 93.21 95.31 91.98 94.44
Balanced + CLAHE + SMOTE 89.63 89.63 91.11 94.81

Table 4. ROC-AUC obtained by different architectures under different preprocessing strategies.

Method DenseNet121 (%) ResNet50 (%) VGG16 (%) ResNet101 (%)
Unbalanced 58.89 56.08 59.98 60.29
Unbalanced + CLAHE 98.87 98.98 98.96 99.34
Balanced + CLAHE + SMOTE 97.04 95.43 97.7 98.76

Table 5. Balanced Accuracy obtained by different architectures under different preprocessing strategies.

Method DenseNet121 (%) ResNet50 (%) VGG16 (%) ResNet101 (%)
Unbalanced 58.06 53.37 59.84 60.19
Unbalanced + CLAHE 93.86 95.30 90.91 93.79
Balanced + CLAHE + SMOTE 88.57 89.47 90.26 94.7

The impact of the CLAHE technique is evident, which increases the performance by ap-
proximately 40%. The contrast of the images was enhanced, making it easier for the models
to identify features, leading to an improved representation of the anatomical structures.

The improvement was consistently reflected in the balanced accuracy Table 5,
with ResNet50 reaching 95.30%. As shown in Tables 7-10 the recall for the minority
class increased significantly. These gains indicate that CLAHE successfully improved the
visibility of anatomical features relevant for classification, allowing the convolutional layers
to extract the necessary information.

Table 6. Specificity obtained by different architectures under different preprocessing strategies.

Method DenseNet121 (%) ResNet50 (%) VGG16 (%) ResNet101 (%)
Unbalanced 19.78 36.04 37.14 51.65
Unbalanced + CLAHE 88.57 95.38 99.56 99.12
Balanced + CLAHE + SMOTE 97.14 90.77 97.14 95.6

Table 7. Recall obtained by DenseNet121 under different preprocessing strategies.

Method Non-PD Recall (%) PD Recall (%)
Unbalanced 20 96
Unbalanced + CLAHE 89 99
Balanced + CLAHE + SMOTE 97 80

Table 8. Recall obtained by ResNet50 under different preprocessing strategies.

Method Non-PD Recall (%) PD Recall (%)
Unbalanced 36 71
Unbalanced + CLAHE 95 95
Balanced + CLAHE + SMOTE 91 88
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Table 9. Recall obtained by ResNet101 under different preprocessing strategies.

Method Non-PD Recall (%) PD Recall (%)
Unbalanced 52 69
Unbalanced + CLAHE 99 88
Balanced + CLAHE + SMOTE 97 83

Table 10. Recall obtained by VGG16 under different preprocessing strategies.

Method Non-PD Recall (%) PD Recall (%)
Unbalanced 37 83
Unbalanced + CLAHE 100 82
Balanced + CLAHE + SMOTE 96 94

As illustrated in Figure 2, a divergence can be observed between the training and
validation curves for the VGG16 model when using the unbalanced dataset. The results
indicate that initially, the network failed to generalize effectively. However, after applying
the Contrast Limited Adaptive Histogram Equalization (CLAHE) technique, both training
loss and validation loss decreased. The precision and Fl-score results obtained by the
evaluated architectures are presented in Tables 11-14 and Tables 15-18, respectively.

Table 11. Precision obtained by DenseNet121 under different preprocessing strategies.

Method Non-PD Precision (%) PD Precision (%)
Unbalanced 87 48
Unbalanced + CLAHE 99 87
Balanced + CLAHE + SMOTE 86 96

Table 12. Precision obtained by ResNet50 under different preprocessing strategies.

Method Non-PD Precision (%) PD Precision (%)
Unbalanced 61 46
Unbalanced + CLAHE 96 94
Balanced + CLAHE + SMOTE 91 88

Table 13. Precision obtained by ResNet101 under different preprocessing strategies.

Method Non-PD Precision (%) PD Precision (%)
Unbalanced 68 53
Unbalanced + CLAHE 92 99
Balanced + CLAHE + SMOTE 95 94

Table 14. Precision obtained by VGG16 under different preprocessing strategies.

Method Non-PD Precision (%) PD Precision (%)
Unbalanced 73 51
Unbalanced + CLAHE 88 99
Balanced + CLAHE + SMOTE 88 96

Table 15. F1-score obtained by DenseNet121 under different preprocessing strategies.

Method Non-PD F1-Score (%) PD F1-Score (%)
Unbalanced 32 64
Unbalanced + CLAHE 94 93
Balanced + CLAHE + SMOTE 91 87
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Table 16. F1-score obtained by ResNet50 under different preprocessing strategies.

Method Non-PD F1-Score (%) PD F1-Score (%)
Unbalanced 45 56
Unbalanced + CLAHE 96 95
Balanced + CLAHE + SMOTE 91 88

Table 17. F1-score obtained by ResNet101 under different preprocessing strategies.

Method Non-PD F1-Score (%) PD F1-Sscore (%)
Unbalanced 59 60
Unbalanced + CLAHE 95 93
Balanced + CLAHE + SMOTE 95 94

Table 18. F1-score obtained by VGG16 under different preprocessing strategies.

Method Non-PD F1-Score (%) PD F1-Score (%)
Unbalanced 49 63
Unbalanced + CLAHE 93 90
Balanced + CLAHE + SMOTE 92 89

Adding SMOTE to correct class imbalance yielded mixed results. As shown in Table 3,
ResNet101 achieved the highest accuracy (94.81%) on the balanced dataset, followed by
VGG16 (91.11%), while DenseNet121 and ResNet50 both obtained 89.63%. Compared
with the CLAHE configuration, SMOTE slightly improved the performance of ResNet101,
whereas the remaining architectures showed lower accuracies.

Accuracy Function Accuracy Function

(@) (b)

Loss Function Loss Function

N — training — taining
N\ — validation 07- — wlidation

(o) (d)

Figure 2. Training curves obtained with the VGG16 model. (a) Accuracy on the CLAHE with SMOTE
dataset. (b) Accuracy on the CLAHE dataset. (c) Loss on the CLAHE with SMOTE dataset. (d) Loss
on the CLAHE dataset.

Consistent with the desired results in the medical domain, the most relevant observa-
tion concerns the recall of the Parkinson’s disease class. VGG16 achieved the highest PD
recall of 94% (Table 10), indicating a strong ability to identify Parkinson’s disease patients.
ResNet50 obtained a PD recall of 88% (Table 8), followed by ResNet101 with 83% (Table 9)
and DenseNet121 with 80% (Table 7). These results indicate that the effect of SMOTE
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depended on the CNN architecture and did not consistently improve the sensitivity of
all models.

The confusion matrices in Figure 3 illustrate the different error distributions produced
by the evaluated architectures. Regarding ROC-AUC (Table 4), all models achieved values
above 95%, indicating a strong ability to distinguish between Parkinson’s disease and
healthy subjects. Among the evaluated models, ResNet101 achieved the highest ROC-AUC
(98.76%) for the balanced dataset, whereas the highest overall ROC-AUC (99.34%) was
obtained using the CLAHE configuration.

Confusion Matrix Confusion Matrix
400
400
350 , 350
Non_PD_Patients Non_PD_Patients
300 300
2 250 2 250
L] L
7] 7]
=l
2 200 = 200
150
150 i
PD_Patients PD_Patients
N 100
100
50
50
Predicted label Predicted label

(@) (b)

Figure 3. Confusion matrices obtained on the NTUA dataset: (a) ResNet50 and (b) DenseNet121 after
applying CLAHE and SMOTE preprocessing.

4.2. Subject-Level Metrics

The patient-level evaluation was performed by aggregating slice predictions per
patient. We used mean probability computed from the predicted Parkinson’s disease
probability of each image. Patients with a mean probability greater than or equal to
0.5 were classified as PD, while those with a mean probability below 0.5 were classified
as Non-PD.

For the CLAHE configuration, all six test subjects (four PD and two Non-PD) were
correctly classified by all models, corresponding to a patient-level accuracy of 100%
(6/6 correctly classified subjects). In the SMOTE-based experiments, ResNet50, VGG16,
and ResNet101 also correctly classified all six test subjects. In contrast, DenseNet121 cor-
rectly classified four out of six subjects, resulting in a patient-level accuracy of 66.67%. Al-
though the best-performing models achieved perfect patient-level precision, recall, and F1-
score for both classes, these results should be interpreted with caution because they were
obtained from a limited test cohort of only six subjects.

The class-specific metrics presented in Tables 19 and 20 show differences in the ability
of the models to correctly identify non-PD and PD patients in the case of the unbalanced
dataset. All models show bias towards the majority class. DenseNet121 demonstrated poor
performance for the non-PD class, with a precision, recall, and F1-score of 0%. ResNet50
and ResNet101 achieved identical class-specific results. Among the evaluated architectures,
VGG16 achieved the highest patient-level accuracy, reaching 83.33%. It also demonstrated
the strongest overall class-specific performance among the evaluated models, with a preci-
sion of 100% for Non-PD patients and 80% for PD patients.
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Table 19. Accuracy across different CNN architectures utilizing the unbalanced dataset.

Method DenseNet121 (%) ResNet50 (%) VGG16 (%) ResNet101 (%)
Unbalanced 66.67 66.67 83.33 66.67

Table 20. Patient-level evaluation obtained by the models trained using the unbalanced dataset.

Method DenseNet121 (%) ResNet50 (%) VGG16 (%) ResNet101 (%)
Precision (Non-PD/PD) 0/67 50/75 100/80 50/75
Recall (Non-PD/PD) 0/100 50/75 50/100 50/75
F1-score (Non-PD/PD) 0/80 50/75 67/89 50/75

4.3. Variability Across Subject-Wise Data Splits

In medical imaging datasets with a limited number of participants, the choice of which
subjects are used for testing can substantially influence the observed performance.

An experiment was carried out using the 50-subject axial subset (36 patients, 14 healthy
subjects) obtained according to the selection procedure described in Section 3.1. The goal
was to reduce irrelevant content from the images and allow the model to focus on brain
structures that may contain biomarkers associated with Parkinson’s disease.

Numerous studies in the literature evaluate model performance using a single way
of splitting the dataset for training, testing, and validation. The images collected from
each patient tend to differ in number and quality. Previous research [16] has demonstrated
that assigning a larger and more diverse subset for testing will affect training and lead to
underdevelopment of the models due to the lack of useful information.

The proposed approach was implemented using 6 runs with a different distribution.
For each split, all MRI slices belonging to a subject were assigned exclusively to the training
and validation set or to the testing set.

The results presented in Table 21 demonstrate significant differences between the
various subject-wise splits. The impact was especially evident for the healthy class, which
was underrepresented compared to the Parkinson’s disease class. The highest accuracy
for the DenseNet121 model (85.8%) was obtained in the split containing Subjects 54 and
56 in the test set, while the lowest accuracy (49.19%) was observed in the split containing
Subjects 1 and 16. These subjects contributed 92 and 114 images, and their absence from the
training set strongly affected the model’s performance. These observations suggest that the
limited number of healthy subjects can significantly affect the model’s ability to generalize.

Table 21. Impact of healthy subjects included in the testing set on DenseNet121 performance.

Healthy Subject1  Healthy Subject2  No. Images Accuracy (%) (NOII:_IFS/SII:]);; (%) (Non—I;](;C /aPl]l)) (%)
S60 S1 19/92 77.00 20/90 32/83
S58 S15 8/17 76.00 15/98 68/77
S16 S1 114/92 49.19 21/55 8/79
S19 S58 17/8 61.22 18/84 36/66
S54 S56 23/23 85.80 41/99 93/85
S2 S54 77/23 65.50 29/88 60/67

Tables 22 and 23 show that VGG16 provides the most consistent performance in
terms of Parkinson’s disease recall. It reached an average value of approximately 93.8%,
compared to DenseNet121 (76%) and ResNet50 (55.5%). Also, the results suggest a tendency
to favor the PD class, as the performance metrics for healthy subjects were generally lower.
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Table 24 shows the standard deviation for the models in the experiments performed.
The most stable model for Parkinson’s detection is VGG16, as it has the highest average
accuracy (81.32%) and the lowest standard deviation for PD recall (5.42%). On the other
hand, instability is present in ResNet50 through a high standard deviation for accuracy
(28.33%) and values of 0 in some splits.

Table 22. Impact of healthy subjects included in the testing set on ResNet50 performance.

. . o Precision Recall
Healthy Subject1  Healthy Subject2 No. Images Accuracy (%) (Non-PD/PD) (%)  (Non-PD/PD) (%)
S60 S1 19/92 53.61 16/93 69/52
S58 515 8/17 94.36 0/94 0/100
S16 S1 114/92 65.32 56/78 78/57
S19 S58 17/8 70.75 22/84 28/30
S54 S56 23/23 93.75 63/99 90/94
S2 S54 77/23 18.45 18/0 100/0
Table 23. Impact of healthy subjects included in the testing set on VGG16 performance.
Healthy Subject1  Healthy Subject2  No. Images Accuracy (%) Precision Recall
youh) youh) - mag WAy Tl (Non-PD/PD) (%)  (Non-PD/PD) (%)
S60 S1 19/92 79.09 10/88 10/88
S58 S15 8/17 89.39 19/96 28/93
S16 S1 114/92 60.28 67/60 9/97
519 S58 17/8 79.59 41/88 44/87
S54 S56 23/23 98.01 85/100 97/98
S2 S54 77/23 81.55 0/82 0/100
Table 24. Aggregate performance comparison across all models over the six subject-wise splits
(Mean =+ Standard Deviation).
Model Accuracy (%) Precision (Non-PD/PD) (%) Recall (Non-PD/PD) (%)
DenseNet121 69.12 £ 13.12 24.00 £ 9.55/85.67 + 16.11 49.50 4+ 30.18/76.17 £ 8.01
ResNet50 66.04 £ 28.33 29.17 £+ 24.76/74.67 + 37.35 60.83 + 38.79/55.50 + 37.97
VGG16 81.32 £ 12.60 37.00 £+ 33.59/85.67 + 14.11 31.33 + 35.83/93.83 + 5.42

However, the experimental results indicate that no single architecture consistently
outperformed the others across all evaluation scenarios. DenseNet121 demonstrated
greater robustness, as it never reached a recall of 0% for either class. In contrast, ResNet50
achieved high performance only on specific splits and appeared to be the most sensitive to
the particular subjects included in the training and test sets. VGGL16, on the other hand,
produced the highest performance in the best-performing experiment, reaching 98.01%
accuracy and 97% recall for the healthy class.

Figure 4 compares the learning curves obtained for the best and worst perform-
ing splits for the DenseNet121 model. The worst split showed an increasing validation
loss, despite the decreasing training losses, indicating overfitting. On the other hand,
the best-performing split exhibited enhanced generalization capability, as both training
and validation losses follow a similar decreasing trend.

Since all experiments used the same architecture and hyperparameters, the observed
differences are mainly related to the splitting of the dataset at the patient level. The results
suggest that the contribution of a subject is not only determined by the number of images
available. For example, runs with different splits achieved similar recall values for the
healthy class, even though the tables show differences in the number of healthy training
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images. This indicates that certain subjects may be more representative of their class, while
others bring additional variability that influences the learning process.

Loss Function Accuracy Function

— traiing
0g- — validation
05-

(a) (b)

Loss Function Accuracy Function

— taining 2ap. — aining
— walidation 7 — wlidation

(©) (d)

Figure 4. Comparison of the learning dynamics of DenseNet121, obtained for the worst-performing
and best-performing subject-wise splits. (a) Training and validation loss for the worst-performing
split. (b) Training and validation accuracy for the worst-performing split. (c) Training and validation
loss for the best-performing split. (d) Training and validation accuracy for the best-performing split.

4.4. Grad-CAM Analysis

An explainable AI approach based on Grad-CAM was applied to validate the clas-
sification results and increase confidence in the predictions provided by the models. It
was chosen over other methods such as LIME and SHAP because it is faster, widely used
in medical imaging studies, and can be directly applied to convolutional feature maps
generated by CNN models.

The axial, coronal, and sagittal Grad-CAM visualizations presented in this section were
generated from the complete multi-plane MRI dataset and are included only to illustrate
the explainability behaviour of the proposed models. They are not part of the subject-level
evaluation reported in Section 4.3, for which the quantitative results correspond exclusively
to the axial T1 MRI subset.

Visual explanations help reveal how deep learning models reach their predictions,
making it easier to identify potential biases caused by irrelevant image patterns and
increasing the transparency of the classification process. In this study, XAI was used to
verify whether the models focused on relevant brain structures in MRI scans rather than on
imaging artifacts or non-informative anatomical regions such as the face, the neck and the
upper part of the skull.

Gradient-weighted Class Activation Mapping (Grad-CAM) was created to preserve
both interpretability and faithfulness to the original model. It generates class-discriminative
activation maps and highlights the regions in the image that most influenced the model’s
prediction. The method uses gradient information propagated back to the last convolutional
layer to estimate the importance of each region in the image. Warm colors emphasize the
dominant regions in the model’s decision, while cool colors emphasize the least relevant
ones [17].

Models should focus on consistent medical characteristics that signal the presence of
Parkinson’s disease. Previous research has demonstrated that the important regions are
the basal ganglia (especially the putamen and pallidum), the amygdala, the hippocampus,
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the brainstem, and the fronto-temporo-parietal cortical areas [18]. Figure 5 shows the
application of Grad-CAM on several MRI slices correctly classified by the ResNet50 model.
As can be observed from the warm colors, increased attention is paid to the midbrain
region. The behavior of the model is consistent with studies that identify brainstem and
mesencephalic structures as important regions in Parkinson’s disease.

Figure 5. Grad-CAM visualizations generated by the ResNet50 model for correctly classified MRI
slices. (a) Subject35 (axial slice), classified as Parkinson’s disease with a probability of 0.63. (b) Sub-
ject54 (axial slice), classified as healthy with a probability of 0.92. (c) Subject40 (coronal slice), classified
as Parkinson’s disease with a probability of 1.00. (d) Subject40 (sagittal slice), classified as Parkinson’s
disease with a probability of 1.00.

Figure 6 highlights the differences between the activation maps obtained by the
VGG16 and DenseNet121 models. Both models tend to focus on a single dominant region,
although some of their attention is also directed towards areas that may contain limited
diagnostic information, such as the eyes or the edges of the brain. In contrast, ResNet50
simultaneously considers multiple central brain structures. Its predictions are based on
a broader anatomical context, while the other models generate more localized activation
patterns. The findings are consistent with previous studies suggesting that Parkinson’s
disease is associated with structural changes in multiple brain regions. Models that achieve
better performance may benefit from considering information from several relevant areas,
including deep gray matter structures and frontotemporal regions, rather than focusing on a
single point of interest [19]. A possible explanation for the observed differences may be the
architecture of each neural network. VGG16 tends to compress image information through
three fully connected layers that eliminate distributed spatial information as it approaches
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the classification step [15], whereas ResNet50 maintains richer feature representations
through skip connections and global average pooling [14]. It must be noted that some
activation patterns extend toward non-diagnostic peripheral structures, such as the eyes
and image borders, indicating localized model biases. Consequently, this Grad-CAM
analysis serves as a qualitative exploratory tool for transparency rather than a definitive
biological validation.

(d)

Figure 6. Grad-CAM visualizations generated by the VGG16 and DenseNet121 models for correctly
classified MRI slices. (a) VGG16: Subject40 (coronal slice), classified as Parkinson’s disease with a
probability of 1.00. (b) VGG16: Subject19 (axial slice), classified as healthy with a probability of 1.00.

(c) DenseNet121: Subject25 (axial slice), classified as Parkinson’s disease with a probability of 0.88.
(d) DenseNet121: Subject6 (coronal slice), classified as Parkinson’s disease with a probability of 1.00.

4.5. Comparison with Previous Work

Table 25 shows a comparison of the highest PD recall obtained by the evaluated
models with medical studies that used the NTUA Parkinson’s Dataset. It is observed that
the performance of DenseNet121 (99%) aligns with the results of other studies such as
PDCNet (97.69%) and CNN-RNN (96%). ResNet50 also achieved a high PD recall of 95%,
while VGG16 reached 94% and ResNet101 achieved 88%. The performance of the developed
method compared with existing state-of-the-art approaches is presented in Table 26. Overall,
the proposed framework provides competitive Parkinson’s disease detection performance
compared with previously reported approaches on the same dataset.
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Table 25. Comparison of PD recall values reported on the NTUA dataset.

Method PD Recall (%)
CNN-RNN [7] 96
PDCNet (dropout = 0.3) [9] 97.69
DenseNet121 + CLAHE 99
ResNet101 + CLAHE 88
VGG16 + CLAHE 94
ResNet50 + CLAHE 95

Table 26. Accuracy comparison of state-of-the-art methods evaluated on the NTUA dataset.

Method Accuracy (%)
CNN [7] 94.00
CNN-RNN [7] 98.00
DenseNet121 [8] 90.70
MobileNet V3 [8] 96.53
Optimized MobileNet V3 [8] 98.36
ResNet50 + CSAM [8] 99.16
PDCNet (dropout = 0.1) [9] 96.23
PDCNet (dropout = 0.2) [9] 97.56
PDCNet (dropout = 0.3) [9] 98.27
PDCNet (dropout = 0.4) [9] 97.85
DenseNet121 (Balanced + CLAHE) 93.21
ResNet50 (Unbalanced + CLAHE) 95.31
VGG16 (Balanced + CLAHE) 91.98
ResNet101 (Balanced + CLAHE + SMOTE) 94.81

Nevertheless, due to variations in experimental protocols and imaging modalities, com-
parisons with prior works in the literature are purely indicative rather than strictly equivalent.

4.6. Limitations and Future Work

Current limitations include training on a small dataset, only 78 subjects, and the use
of a single type of medical imaging, MRI Axial T1 sequence. The latter focuses only on a
few features resulting from the impact of Parkinson’s disease on the human brain. NTUA
Parkinson’s Dataset also contains images obtained through DTI imaging, which is useful
for white matter integrity and microstructural changes, and T2-weighted MRI, emphasizing
lesions. In addition, many of the studies in the literature use a combination of different
models and datasets. So future work will focus on validating these findings on larger and
more diverse multi-center datasets in order to further improve robustness, generalization
capability, and real-world clinical applicability.

5. Discussion

Among the evaluated models, ResNet50 achieved the highest overall accuracy of
95.31%, showing strong performance in the evaluated dataset after preprocessing.

From a clinical perspective, DenseNet121 proved particularly promising due to its
superior sensitivity, achieving a recall of 99% for the Parkinson’s disease class and therefore
reducing the number of false negatives, which is critical in medical diagnosis, though the
inclusion of SMOTE demonstrated mixed effects on overall training stability. On the other
hand, the models achieved 100% accuracy on the CLAHE and SMOTE datasets when
evaluated at the patient level.
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Furthermore, to improve model interpretability and clinical transparency, Grad-CAM
visualizations were also generated, highlighting the brain regions that contributed most
strongly to the final predictions as part of a qualitative exploratory analysis.

6. Conclusions

This paper investigated deep learning approaches for the automated diagnosis of
Parkinson’s disease using T1-weighted MRI scans, with a comparative analysis of the
ResNet50, DenseNet121, and VGG16 architectures. To improve image quality and model
robustness, CLAHE was applied for contrast enhancement, while SMOTE was employed
to address dataset imbalance within the NTUA Parkinson’s dataset. Beyond conventional
classification experiments, this study introduced a comprehensive evaluation framework
that included multiple patient-wise train—test splits in order to assess model generalization
and robustness across subjects. In addition, a targeted analysis using only axial MRI slices
was conducted to reduce irrelevant anatomical information and emphasize brain regions
potentially associated with Parkinson’s disease. To improve model interpretability and
clinical transparency, Grad-CAM visualizations were also generated, highlighting the brain
regions that contributed most strongly to the final predictions as part of a qualitative
exploratory analysis.

The obtained results demonstrate that adaptive preprocessing, explainable artifi-
cial intelligence, and patient-wise evaluation provide a useful framework for MRI-based
Parkinson’s disease detection, although the effectiveness of SMOTE depends on the CNN
architecture and does not consistently improve performance across all evaluated models.

As a preliminary, dataset-specific evaluation, the results highlight that performance
variability can be highly dependent on subject selection. The proposed framework con-
tributes toward the development of more interpretable and reproducible computer-aided
diagnostic research. The goal of this study has not been to recommend a single model, but to
underline that each approach can be appropriate depending on the specific characteristics
of the dataset used.
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