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Abstract

Prediction of Parkinson’s Disease with Convolutional Neural Networks using Structural

T1 Weighted MRIs

Dimitrios Kirbizakis

Parkinson’s disease (PD) is a progressive neurodegenerative disorder with no current cure,

where early detection and accurate prediction of disease progression would be crucial for patient

care and treatment planning. Structural T1-weighted Magnetic Resonance Imaging (MRI) offers a

non-invasive way to investigate brain patterns, and Convolutional Neural Networks (CNNs) have

shown promise in medical image analysis to detect these patterns automatically. This study eval-

uates how 3D CNN architectures can be used to predict PD diagnosis using baseline T1-weighted

MRIs from the Parkinson’s Progression Markers Initiative (PPMI), as diagnosis is the first step to

progression. We replicated two published CNN models used for PD classification and followed the

preprocessing pipelines found from the original studies. The model’s performance was validated

using permutation testing and explainability techniques, including Grad-CAM and saliency maps.

Results showed that for PD classification, all tested CNNs achieved near-chance performance (ROC

AUC around 0.6 at best), with explainability maps revealing no stable or meaningful patterns, sug-

gesting random predictions. To ensure the models were capable of classification in general, we

tested the models on sex classification, which is correlated to MRI data. The same models per-

formed substantially better on sex classification tasks (ROC AUC around 0.7-0.8, p-value < 0.01),

with consistent spatial focus along the boundaries of the brain, indicating effective pattern recogni-

tion in a binary classification setting. These findings suggest that while the evaluated CNNs trained

on PPMI data are capable of learning structural features in MRI data, their current configurations

and available datasets are insufficient for reliable PD classification.
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Chapter 1

Introduction

Parkinson’s disease (PD) is a neurodegenerative disease that impacts motor functions, mental

health, and leads to other serious health problems. Studies showed that approximately 6.1 mil-

lion people around the world were affected by PD in 2016 [1]. Unfortunately, there is currently

no known cure for PD. Although PD cannot currently be cured, early detection and prediction of

disease progression could improve quality of life and help understand the disease [2]. Magnetic

Resonance Imaging (MRI) has the potential to help with both diagnosis and potentially prognosis

of PD. Examination of T1-weighted MRI scans can be helpful in this regard through deep learning

to help with pattern recognition from one patient to another without the need for surgery or other

invasive procedures.

In this study, our ultimate goal is to predict the progression of PD through the use of 3D Con-

volutional Neural Networks (CNN). As a first step, we investigate whether CNNs can accurately

detect PD from T1-weighted MRI scans.

1.1 Application of Machine Learning in Medical Field

The idea of AI in the medical field in general has existed for many decades, dating back to

the 1950s. Throughout this time until the 1970s, medicine was slow to adopt AI. However, the

foundation development during this time was useful as a digital resource for the future development

of biomedicine [3]. In the 1970s, AI began to take off with more practical medical applications.
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Two of the biggest developments from this time were the AI programs INTERNIST-I and MYCIN.

INTERNIST-I was a decision-tree based computer program designed to diagnose medical condi-

tions of patients based on patient symptoms. Around the same time, MYCIN was also developed,

which was an AI program that helped diagnose and treat bacterial infections with the proper antibi-

otics [4].

As digital health data, medical imaging, and computational power expanded throughout the

2000s, ML methods became increasingly capable in clinical decision support. The most significant

progress emerged with deep learning, particularly CNN-based approaches, which now define state-

of-the-art performance in many medical-imaging tasks, including anatomical segmentation, disease

classification, and risk prediction [29].

These advancements have been especially impactful in neurology, where early biomarkers of

disease can be subtle and difficult to detect visually. MRI-based ML enables extraction of structural

and textural patterns that may indicate underlying pathology. As a result, CNNs are now widely

used in research, to investigate disorders such as Alzheimer’s disease, multiple sclerosis, and PD

[30].

1.2 Machine Learning and Parkinson’s Disease

Early PD diagnosis on its own has always been challenging, as noticeable differences in motor

characteristics and cognitive impairment are difficult to observe [28]. That is why Machine Learning

(ML) methods have been implemented and studied over the years to help with better diagnosis and

prognosis of PD. The research in the paper by Mei et al. collected 209 different studies from 2020

with machine learning methods that have been used in the diagnosis and differential diagnosis of

PD [7]. The datasets, model types, and performance of these models were all written down and put

into a table.

Figure 1, reproduced from Mei et al. [7] shows the average accuracies of the models in all the

studies found in the article along with the models used. Mei et al. conclude from this study that

machine learning approaches have the potential to help with the diagnosis and prognosis of PD [7].

Plenty of machine learning methodology is used with multiple data types in the study, but one of
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Figure 1: Data type, machine learning models applied, and accuracy. (A) Accuracy achieved in individual studies and average

accuracy for each data type. Error bar: standard deviation. (B) Distribution of machine learning models applied per data type. MRI,

magnetic resonance imaging; SPECT, single-photon emission computed tomography; PET, positron emission tomography; CSF, cere-

brospinal fluid; SVM, support vector machine; NN, neural network; EL, ensemble learning; k-NN, nearest neighbor; regr, regression;

DT, decision tree; NB, naı̈ve Bayes; DA, discriminant analysis; other: data/models that do not belong to any of the given categories.

Reproduced from Mei et al. [7]

the less explored routes is the diagnosis of PD with magnetic resonance imaging (MRI) as the data

type and specifically CNN as the machine learning method, which we would like to explore.

1.3 Convolutional Neural Networks

CNNs are a specialized type of deep learning model that has historically been used for visual

applications since the 1980s. After multiple breakthroughs, CNNs have become a very popular

model due to their superior performance for image processing applications [8]. CNNs have many

layers, but they are primarily composed of three types of layers.

The convolutional layer is arguably the most important layer of the CNN, as this is the part

where most of the calculations are required. The most important features of the image, such as

edges and textures, are pulled from this layer, which are needed for categorizing [9]. The pooling

layer pulls important information from an image and reduces its size, effectively downsampling the

data. Common types of pooling used are max and average pooling, where max pooling selects the

patches from the input and provides the largest value while ignoring the rest of the information

and average pooling takes the average of the filter [8]. The fully connected layer is the final layer,

where after the convolutional and pooling layers have extracted the features, this layer produces the

required class prediction, similar to how they are used in regular NNs [10].
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The purpose of medical imaging is to help visualize the body of a patient, making it easier

for clinicians or doctors to make the diagnostic process easier and more efficient. There are many

medical images used for this, such as X-rays, computed tomography, positron emission tomography,

and, of course, magnetic resonance imaging (MRI) [10]. Of these imaging types, we decided to run

MRIs for our CNN input as they are used extensively for neuroimaging. In addition, MRI scans

are non-invasive and widely available in large public datasets such as PPMI, making them an ideal

choice for reproducible machine-learning studies.

Figure 2: Typology of medical imaging modalities, reproduced from Anwar et al. [10]

1.4 Objectives

The primary objective of this thesis is to evaluate the practical effectiveness of previously pub-

lished 3D CNN models designed to classify PD using baseline structural T1-weighted MRI scans.
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By independently reproducing two established CNN architectures from the literature and validat-

ing their performance on the PPMI dataset, we aim to determine whether baseline anatomical MRI

contains sufficient discriminative signal to support reliable PD classification.

A secondary objective is to assess whether successful model performance in this setting re-

flects meaningful disease-related structure rather than artifacts or sampling noise. To address this,

we incorporate a permutation-testing framework to quantify the statistical significance of observed

performance against chance.

To verify that the models and training pipeline are capable of learning valid structural features

when such features exist, we additionally perform a sex-classification experiment using the same

dataset and preprocessing steps but with a model explicitly designed for this task. Sex classifica-

tion serves as a positive control known to yield strong MRI-based separation and is used here to

benchmark general binary classification capability.
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Chapter 2

Literature Review

In this chapter, we will look at previous work done on classifying PD. For this, we have looked

for papers that include similar objectives as this along with as much inclusion details for the input,

pre-processing, and model used. We also looked for other related CNNs to see if they could also be

applied to PD classification.

2.1 Parkinson’s disease classification

The tool we used to look for papers for our study was PubMed [20]. We searched for papers that

included keywords such as 3D-CNN and 3D-MRI. For the literature review, the main objective was

noted along with other metrics and information shared with the article. The most important parts

were what kind of metrics they had recorded in their experiment, if there was any code available

with the paper, if the model used for the study was a CNN, what data set the MRIs were taken

from and the preprocessing methods performed for the data set. For the dataset, it was important

that the data came from Parkinson’s Progression Markers Initiative (PPMI), a study whose objective

was to establish an early cohort defined by biomarkers to follow to identify progression biomarkers

[21]. PPMI is used in many studies related to PD as subject data is collected from various sites in

North America, Israel, and Europe, and covers a wide variety of imagine methods, clinical mea-

sures, and extensive biological sampling [22]. When it came to the rest of the content in the papers,

we encountered some challenges in finding papers that met all of our standards. One of the biggest
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challenges we came across was that papers in general did not provide any form of source code to

attempt to replicate the structure of the CNN models. Ultimately, we selected the study by Erdas et

al. [11] because it provided sufficient methodological detail, used T1-weighted MRIs as input, and

shared a CNN architecture compatible with our experimental design.

The study by Erdas et al. [11] was selected because it provided a clear CNN architecture using

T1-weighted MRIs as input, making it well suited for comparison with our dataset. Among the

configurations reported in their results (Table 1), the All Brain Downsized ×3 condition was the

most relevant for our replication, as it corresponded to the 3D CNN setup rather than the 2D slice-

based models. The ×4 downsizing condition was not used in our experiments because it produced

input dimensions smaller than those compatible with our data. One limitation of the Erdas et al.

Accuracy F1 Score Precision Recall

Median Slices 0.9620 0.9452 0.9407 0.9536

Axial Median Slice 0.9319 0.8992 0.9162 0.8825

Coronal Median Slice 0.9381 0.9074 0.9341 0.8866

Sagittal Median Slice 0.9354 0.9036 0.9292 0.8835

All Brain Downsized × 3 0.9558 0.9046 0.8943 0.9151

All Brain Downsized × 4 0.9549 0.8953 0.8417 0.9561

Table 1: Classification results for Parkinson’s disease detection, reproduced from Erdas et al. [11]

[11] study is that neither the publication nor its supplementary materials reported the area under the

curve (AUC), which is an important metric to assess model performance. Because of this omission,

it was not possible to verify the degree to which our replicated model matched the original in terms

of discriminative accuracy. To address this limitation, we additionally referenced the CNN frame-

work described by Dhinagar et al. [12], which employed a similar input modality, preprocessing

approach, and evaluation metrics.

This study had a few different steps compared to Erdas et al. [11]. Instead of classifying PD

with 2D and 3D CNNs, this paper classifies both PD and AD using a Random Forest classifier and a

3D CNN. Since our study will only be covering PD, we reviewed all of the steps done in this paper

for the PD classification.

As seen in Table 2, we now have an AUC that we can reference to how our model will perform.
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Metric
PPMI

UPenn
(Average of balanced subsets with the standard deviation)

Random Forest 3D CNN Random Forest 3D CNN

ROC AUC 0.524 0.667 0.534 (0.066) 0.743 (0.111)

PR AUC 0.815 0.812 0.520 (0.067) 0.777 (0.102)

Accuracy 0.521 0.706 0.567 (0.066) 0.709 (0.082)

Precision 0.864 0.839 0.563 (0.071) 0.816 (0.085)

Recall 0.487 0.722 0.673 (0.248) 0.560 (0.208)

F1-score 0.623 0.776 0.581 (0.148) 0.631 (0.177)

Table 2: Performance of Random Forest and 3D CNN for PD classification, reproduced from Dhinagar et al.

[12]

There are two AUCs displayed, Receiver Operating Characteristic (ROC) AUC and Precision Recall

(PR) AUC. ROC AUC is used to identify a model’s general performance while PR AUC is used to

identify the positive class’ performance in a skewed dataset [23]. Generally, if the ROC AUC is

around 0.5, it shows that the model’s performance is random. In the paper, it is shown that the

random forest classifier used had a random performance with the PPMI dataset, but the 3D CNN

performed better than random as shown in Table 2, so it was suitable for our study. There are slight

differences when comparing this model to Erdas et al. [11]. The input parameters are somewhat the

same, but the preprocessing method is different, and the model has slight numerical changes in the

filter sizes. This paper did not have code to replicate it either, so we had to adapt our code to the

model description in the paper.

2.2 Sex classification

To validate that the models and input data were functioning as expected, we conducted an addi-

tional experiment in which the classification task was changed from Parkinson’s disease (PD) status

to biological sex. This was done because the ROC AUC values for the PD classification were mod-

erate (Table 2), raising the possibility that the model performance issues could stem from data or

preprocessing rather than the task itself.

Since MRI-derived features such as total brain volume and cortical thickness are known to differ

significantly between males and [24], we expected the model to achieve a relatively high AUC when
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trained for sex classification. A strong performance in this control task would therefore indicate that

the model and preprocessing pipeline were operating correctly, whereas poor performance would

suggest potential issues in the data or model configuration. For this purpose, we also referenced a

previously published 3D CNN designed for sex classification [13].

The model architecture that we replicated from this paper was the BrainNN architecture de-

scribed in Figure [4]. The code for this model was publicly available for replication, making this

process easier to follow. We did not make a new cohort for this, as we figured the model would be

able to classify sex using the two cohorts we had already made from the first two papers.

Based on our literature review, three studies were selected for replication: Erdas et al. [11],

Dhinagar et al. [12], and Ebel et al. [13]. The studies by Erdas and Dhinagar focused on Parkinson’s

disease (PD) classification using T1-weighted MRI scans and 3D convolutional neural networks

(3D-CNNs), making them directly relevant to our research objective. The study by Ebel et al.,

which applied a similar CNN framework for sex classification, was included as a methodological

control to verify that our models and preprocessing pipeline were functioning correctly.

The primary goal of our study was to replicate the PD classification results reported in Erdas

and Dhinagar, particularly the ROC AUC values, using equivalent preprocessing steps and CNN

architectures. Following this, we evaluated the same models on the sex-classification task based on

the approach described in Ebactuel et al., allowing us to confirm whether our implementation could

reliably learn biologically grounded distinctions from MRI data.

2.3 Models and Explainability

To faithfully assess the reproducibility of previously published work, we reimplemented three

CNN architectures based on the descriptions in the original papers. Two of these models—proposed

by Dhinagar et al. [12] and Erdas et al. [11]—were designed for the classification of PD. The

remaining model—introduced by Ebel et al. [13]—was developed to classify biological sex from

structural MRI. These two tasks allowed us to evaluate the generalizability of the model.

In the absence of publicly available source code for the PD models, we reconstructed the archi-

tectures using detailed layer descriptions, dimension flow diagrams, and hyperparameters provided
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in the respective papers. Our implementation of the modular CNN for the classification of PD is

illustrated in Figure 3. It consists of four convolutional blocks, each followed by batch normal-

ization, ReLU activation, and max pooling, culminating in a global average pooling layer and two

fully connected layers with dropout. This structure reflects a VGG-style hierarchy of progressively

abstracted spatial features and is closely aligned with the designs described in [12] and [11].

For sex classification, we reproduced the custom 3D CNN architecture presented by Ebel et

al. [13], shown in Figure 4. The model is shallower and employs wider receptive fields—larger

convolutional kernels that integrate information over a broader spatial extent of the brain. This

design enables the extraction of large-scale morphometric information. Because sex differences in

brain structure are generally global—affecting cortical boundaries, total intracranial volume, and

ventricular morphology—this architecture is well suited to the problem. We standardized voxel

dimensions across both tasks to ensure comparability across preprocessing pipelines.

Overall, care was taken to reproduce each model as faithfully as possible while maintaining

consistent training and preprocessing conditions across experiments. This controlled framework

enables direct comparison between architectures and ensures that performance differences reflect

the underlying data signal rather than implementation artifacts.

Figure 3: Replicated CNN Structure for classifying PD: Four Modules, Global average pooling

layer, Two fully connected layers and a dropout layer. Reproduced from Dhinagar et al. [12]

To improve the interpretability of the CNNs in our study, we implemented two explainabil-

ity methods: saliency mapping and Gradient-weighted Class Activation Mapping (Grad-CAM).

The purpose of these methods is to provide voxel-level visualizations of regions that influence the

model’s predictions the most.
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Figure 4: Replicated CNN Structure for classifying sex: The first layer is the input image, a 121 ×

145 × 121 voxel MRI scan with one gray value per voxel. It is followed by a 6 × 6 × 6 max pooling

(same stride), resulting in a 20 × 24 × 20 layer. To this, a 7 × 7 × 7 convolution with 32 filters is

applied, yielding a 32 × 14 × 18 × 14 layer. This is again max-pooled with 2 × 2 × 2 (stride ’same’),

resulting in a 32 × 7 × 9 × 7 layer. This isflattened and fully connected to a 128 unit dense layer

(left arrow). A dropout layer (not shown) with rate 0.5 is applied before the final dense layer (right

arrow). The last layer outputs a single unit - the femaleness probability. Reproduced from Ebel et

al. [13].

2.3.1 Saliency mapping

To investigate which regions of the MRI volumes contributed the most to the model predictions,

we generated gradient-based saliency maps using guided backpropagation. Saliency maps were

computed for individual subjects by taking the gradient of the output class score with respect to

the input voxel intensities. The magnitude of this gradient reflects how sensitive the classification

decision is to perturbations at each voxel location, allowing us to infer which brain regions the

model relies on to make its predictions.

For each subject, the resulting voxel-wise saliency values were normalized and visualized as

overlays on anatomical slices in the axial, coronal, and sagittal planes. This representation provides

complementary spatial insight by highlighting continuous 3D regions of salient structure while pre-

serving the underlying morphology. Because gradient-based methods can be noisy and sensitive to

local perturbations, we visually inspected multiple subjects across both prediction classes to verify

that the resulting saliency distributions were consistent and not driven by isolated outliers.

Saliency mapping is particularly valuable in neuroimaging applications because it enables a

qualitative assessment of whether CNNs exploit biologically plausible anatomical features or in-

stead rely on spurious patterns such as edges introduced during skull stripping or scanner-specific
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artifacts. Although these visualizations are interpretive rather than diagnostic, observing consis-

tency across subjects and models increases confidence that the networks have learned meaningful

and generalizable structural patterns.

2.3.2 Gradient-weighted Class Activation Mapping

To further localize the spatial features driving model predictions, we applied Gradient-weighted

Class Activation Mapping (Grad-CAM) to the final convolutional layer of each network. Grad-

CAM computes a weighted combination of the feature maps in the last convolutional layer, where

the weights correspond to the gradients of the predicted class score with respect to those feature

maps. This enables the extraction of spatially coherent activation regions that contribute the most

strongly to the decision of the model.

The resulting Grad-CAM volumes were upsampled to the original MRI resolution using trilinear

interpolation and masked to exclude non-brain regions, ensuring anatomically relevant visualization.

We examined both raw 3D overlays and 2D slice-wise projections in axial, coronal, and sagittal

orientations to assess robustness across views.

Unlike saliency maps—which often highlight fine-grained gradient fluctuations—Grad-CAM

emphasizes larger-scale features by taking advantage the receptive fields of deeper convolutional

layers. Thus, Grad-CAM provides a more semantically interpretable assessment of model rea-

soning, particularly in tasks such as sex classification, where global morphometric differences are

expected. By comparing Grad-CAM activations across models and preprocessing pipelines, we

evaluated whether CNNs consistently attended plausible neuroanatomical regions or exhibited sus-

ceptibility to confounding features.

Together, saliency mapping and Grad-CAM provide a complementary framework for inter-

pretability, enabling validation of learned features not only in terms of predictive performance but

also anatomical relevance.
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Chapter 3

Methodology

The test relevant to our replication experiment in Dhinagar et al. [12] reported a ROC AUC of

0.667 using the PPMI dataset, as shown in Table 2. The other PD classifying CNN found in Erdas

et al. [11] did not report any AUCs, but the model was similar. As these papers provided detailed

replication parameters for classifying PD, we attempted to replicate these model based on what the

papers provided. We started by downloading the MRIs from PPMI with the same settings, followed

by using the preprocessing techniques used in both papers. This created two separate cohorts to use

in our experiment. With these cohorts, we tested each of them in both CNNs along with the CNN

provided in the sex classification paper [13].

Three different CNN models were used for the experiment, one from each paper mentioned in

the literature review. Two of the models used for the experiment were similar in structure. Papers

[11] and [12] use similar parameters and structure, the minor difference being the number of filters

in each module.

3.1 Dataset

All three replicated studies used MRI data obtained from the PPMI database, which provides

one of the largest publicly available imaging repositories for Parkinson’s disease research. PPMI

includes longitudinal clinical, genetic, and imaging data collected across multiple international ac-

quisition sites, making it a widely used benchmark for studies on the early detection and progression
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of PD.

For our replication experiments, we restricted the dataset to Baseline (BL) visits and struc-

tural T1-weighted 3D MRI scans, matching the inclusion criteria described in Erdas et al. [11],

and Dhinagar et al. [12]. Several key demographic and imaging-related variables were extracted

to characterize the dataset: age at baseline, biological sex, diagnostic group (Parkinson’s disease

vs. Healthy Control), and scanner information when available. Because acquisition protocols vary

slightly across sites, we applied filtering criteria to ensure consistency across subjects.

3.1.1 PPMI Search and Filtering Parameters

The following filters were applied when querying the PPMI database:

• Group: PD, Control

• Weighting: T1

• Thickness: Between 1 mm and 1.5 mm

• Modality: MRI

• Type: 3D

• Visit: BL

• Model: Any

• Manufacturer: Any

These parameters ensured that all included scans were structurally comparable and matched the

specifications reported in the original studies.

3.2 Image Pre-processing

After downloading all available MRI scans that met the inclusion criteria described in the previ-

ous section, the next step was pre-processing and quality control. From this dataset, we created two
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distinct cohorts: one processed following the preprocessing steps of Erdas et al. [11], and the other

following the preprocessing pipeline described by Dhinagar et al. [12].

The pre-processing performed in Erdas et al. [11] involved two main steps. The first step was

the spatial normalization of the MRI scans to the Montreal Neurological Institute (MNI) template

to ensure consistent anatomical alignment across subjects [14]. The reference image for image

registration was the MNI 152 T1w Linear one-mm atlas [15] and the tool used was the FMRIB’s

Linear Image Registration Tool (FLIRT), which is a tool that is part of the FMRIB Software Library

(FSL) [16].

After registering all MRIs, the next step of pre-processing for Erdas et al. [11] was to remove

unwanted tissues to eliminate non-brain tissues. For this, we used FSL’s Brain Extraction Tool

(BET) [17]. The default parameter of BET used a threshold of 0.5 and gradient of 0, but we adjusted

these after looking at the images as the default parameters would either extract too much of the

brain or not enough. As a final step, we also downsized the images to a size of 92 x 110 x 92 using

NiBabel, which is the same downsampled image size used in both cohorts.

The preprocessing performed in Dhinagar et al. [12] was similar to the other cohort, but starts

by reordering the images to match the orientation of a standard template image using FSL’s fslreori-

ent2std tool. After this, we remove unwanted tissue like the other cohort, but instead of using BET,

we use HD-BET [18]. This is a CPU based implementation that did not need manual parameter

adjustment like FSL’s BET. We then performed non-parametric intensity normalization on the im-

ages using ANTs N4 bias field correction [19]. After that, we perform the image registration using

FLIRT then downsample the images to a size of 92 x 110 x 92. The number of patients before and

after the images were downloaded and the quality control can be seen in the figure below.

Extraction Type Total Patients HC PD Sex (Male/Female) Average Age ± Std (years)

FSL BET 965 189 776 586/379 62.31±10.05

HD-BET 1056 209 847 655/401 62.52±10.13

Table 3: Summary of patients by extraction type.
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Figure 5: Cohorts created for Erdas et al. [11] (left) and Dhinagar et al. [12] (right)

3.2.1 3D image augmentation

Figure 5 illustrates the two cohorts generated for our experiment. In addition to the standard

test set, we introduced a separate test applied to the FSL BET–extracted cohort. The standard test

evaluates each model under normal conditions, whereas the additional test incorporates a form of

data augmentation applied directly to the images. This augmentation randomly flips 3D volumes

along spatial axes and adds subtle Gaussian noise to mimic realistic anatomical and acquisition

variability, thereby enhancing model robustness and generalization in 3D medical imaging tasks.

3.3 Convolutional Neural Network Models

In this study, we evaluated three different CNN architectures for two binary classification tasks:

(1) Parkinson’s disease (PD) versus healthy control (HC), and (2) biological sex classification. Two

of the architectures—those from Erdas et al. [11] and Dhinagar et al. [12] were designed specifically

for PD classification, whereas the third architecture, proposed by Ebel et al. [13], was originally
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developed for sex classification using structural T1-weighted MRIs. Collectively, these models

allowed us to examine both the reproducibility of prior PD MRI studies and the general classification

capability of CNNs when applied to the PPMI dataset.

All models were implemented in TensorFlow/Keras. Because the original publications did not

provide complete source code or full training specifications, we reproduced the architectures and

training procedures based on the descriptions available in the papers. In cases where hyperpa-

rameters or implementation details were missing, we selected values consistent with the methods

typically used in comparable neuroimaging deep-learning studies, ensuring that our replications re-

mained faithful to the intent of the original authors while remaining internally consistent across all

experiments.

A notable methodological challenge was that the architectural descriptions in Erdas et al. and

Dhinagar et al. were sometimes incomplete or reported at a high level (e.g., “four convolutional

modules”), which required careful interpretation and reasonable assumptions. Where possible, we

validated these assumptions by examining figure schematics, inferred dimension flows, and consis-

tency with model structures commonly used in 3D CNN literature.

Despite these limitations, all models were trained under a unified experimental framework so

that differences in performance could be attributed to architecture and preprocessing rather than to

the training setup.

To ensure comparability across experiments, all models were trained using the same set of hy-

perparameters unless otherwise specified in the original papers. After limited tuning and validation,

the following settings were selected:

• Epochs: 50 with early stopping

• Dropout: 0.2

• Batch size: 32

• Learning rate: 3× 10
−4 (Adam)

• Class weights: computed from the training labels with scikit-learn
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These hyperparameters were kept fixed across experiments after light tuning and validation to ensure

comparability among the three model implementations.

3.3.1 Model for classifying Parkinson’s Disease

The PD classification model used in Erdas et al. [11] and Dhinagar et al. [12] follows a modular

3D CNN architecture. The general structure is shown in Figure 4, where the convolutional layer

consists of four modules, followed by a global average pooling layer, and two fully connected layers

with a dropout layer in the middle. The main difference between the two models is the size of the

filters for the convolutinal layers. The filter size for each of the four filters is 64, 64, 128, 256 filters

for the convolutional layers in Dhinagar et al. [12] and 64, 64, 64, 64 filters for the convolutional

layers in Erdas et al. [11]. As mentioned earlier, the parameters used for the CNN are consistent

throughout every test.

3.3.2 Model for classifying Sex

The sex classification model follows the architecture proposed by Ebel et al. [13]. The model

can be seen in Figure 4, the main difference in the model being the input size of the MRIs. To keep

the test consistent with the other model, we used the same input parameter of 91 x 110 x 91

3.4 Permutation testing

To evaluate the statistical significance of the performance of our CNN model, we performed per-

mutation tests for each input type and model configuration. Permutation testing is a nonparametric

resampling procedure widely recommended in neuroimaging machine-learning studies because it

provides an empirical measure of whether a classifier is learning meaningful structure from the data

or simply exploiting noise, sampling imbalance, or other spurious correlations. This is especially

important for high-dimensional data such as MRI volumes, where models can easily overfit despite

apparently high accuracy or AUC.

For each permutation, the class labels in the training set were randomly shuffled while the input

MRI images were kept fixed. This destroys any real association between the images and their labels,
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but preserves the underlying structure of the covariates (age distribution, scanner noise patterns,

brain morphology, etc.). A new model was then trained from scratch on this permuted dataset

using the same hyperparameters, architecture, and training schedule as the original experiment. The

trained model was evaluated on the same (unpermuted) test set, and the resulting ROC AUC was

recorded. The complete implementation is shown in listing 3.1.

This procedure was repeated 150 times for every model–input combination. The same random

seed initialization strategy was used across models to ensure that stochastic effects (weight initial-

ization, shuffling, and augmentation) were comparable across experiments. The 150 AUC values

produced by the permutations form a null distribution, representing model performance expected if

no relationship exists between the MRI data and the class labels.

Unlike the default permutation test implemented in scikit-learn, which trains lightweight estima-

tors and assumes tabular features, our implementation retrains a full 3D CNN for each permutation,

preserves all MRI-specific preprocessing and augmentation steps, and computes AUC using Ten-

sorFlow’s probabilistic outputs. Thus, our test more faithfully captures the true model capacity,

stochastic training variability, and imaging-specific correlations inherent in volumetric data.

This nonparametric approach provides a robust estimate of the statistical significance of the

predictive performance of the model without assuming any specific distributional form of the data.

We will go over the results of each of these models and tests. Each model’s code can be found on

Github following this link.
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Listing 3.1: Permutation test for AUC

def permutation_test(X_train, y_train, X_test, y_test, y_test_cat,

model_fn, true_auc, num_permutations=150, metric=’

AUC’):

results = []

for i in range(num_permutations):

print(f"\nPermutation {i+1}/{num_permutations}")

# Shuffle labels

rng = np.random.default_rng(seed=SEED + i)

y_train_shuffled = rng.permutation(y_train)

# One-hot encode shuffled labels

y_train_shuffled_cat = tf.keras.utils.to_categorical(

y_train_shuffled, num_classes=2)

y_train_shuffled_cat = tf.cast(y_train_shuffled_cat, tf.float32)

shuffled_train_dataset = tf.data.Dataset.from_tensor_slices(

(X_train, y_train_shuffled_cat)

)

shuffled_train_dataset = shuffled_train_dataset.map(

augment_3d_image).batch(batch_size)

model = model_fn()

model.fit(

shuffled_train_dataset,

epochs=20,

validation_data=val_dataset, # Use original val set

verbose=0

)
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# Evaluate on the real test set

preds = model.predict(X_test)

probs = preds[:, 1] # class 1 probabilities

auc = roc_auc_score(y_test, probs)

print(f"Permutation {i+1} AUC: {auc:.4f}")

results.append(auc)

# Compute permutation p-value

p_value = np.sum(np.array(results) >= true_auc) / len(results)

print(f"\nPermutation p-value (AUC): {p_value:.4f}")

return results, p_value
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Chapter 4

Results

In this chapter, we will focus on the results returned from our multiple tests and experiments.

We will first look at the permutation tests performed for each experiment, then follow up with some

explainability tests for the model in Dhinagar et al. [12].

We present the permutation test results for each model using different labels, inputs, and aug-

mentations. Each histogram (Figure 6 and 9) illustrates the Receiver Operating Characteristic Area

Under the Curve (ROC AUC) values obtained from multiple permutations, along with the corre-

sponding p-value of the model. The blue bars indicate how frequently specific AUC values occurred

across the permutations, while the red line marks the observed AUC from the fixed test seed used

in every experiment. All histograms are standardized to display the same range of AUCs and fre-

quencies for consistent comparison across models (x-axis: 0.2–0.8; y-axis: 0–30). Each model was

evaluated using 150 permutations with an identical test seed to ensure full reproducibility between

experiments.

We will identify what our models’ predictions are based on. CNNs and other deep learning

models in general are considered black box outputs [25], so we have made saliency maps and

Grad-CAM maps [26] to help identify and explain CNN decisions. For this approach, we ran both

the saliency map and Grad-CAM code through some of our data and selected one image to keep

consistent throughout the tests. Because the dataset is different with HD-Bet and with sex labels vs

PD labels, we used four different MRIs when the input and labels were changed.

It is important to note that there are limitations to explainability, such as being sensitive to the
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model and training data (Adebayo et al. [27]). This means that maps may not always faithfully

represent what a model learns or can be inconsistent in highlighting important regions for outliers.

Some images in Figures 7 and 10 will be blank as we were keeping the MRIs consistent.

4.1 Sex Classification

Our histogram results from each model can be seen in Figure 6, where the results shown suggest

that the models are above chance. Each model type has a set of inputs that are shown to have a high

ROC AUC from 0.7 and above with p-values going below 0.01. This shows that the models are

capable of classifying sex, and therefore capable of binary classification in general. To support this,

we can look at the explainability tests done in Figures 7 and 8. The Grad-CAM images in Figure 7

reveal a recurring emphasis along the outer cortical boundaries. Although the highlighted regions

are relatively broad rather than sharply localized, this spatial consistency suggests that the network

is learning and utilizing a meaningful pattern for sex classification. For the saliency maps provided

in Figure 8, we can see that while the intensity patterns differ from the different models and inputs,

the emphasis on the outer edges of the brain are still there, suggesting that the model is making

decisions off of the size and structure of the MRIs. Given that the model’s ROC AUC performance

ins around 0.7-0.8, these results support that the models are capturing stable patterns of the brain

for sex classification.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 6: Permutation test results for sex classification models from Dhinagar [12], Erdas [11],

and Ebel [13]. Each histogram shows the null distribution of AUC scores with the observed AUC

marked in red. Columns: (a ,d ,g) manual BET; (b, e, h) manual BET with data augmentation; (c, f,

i) HD-BET. Rows: authors (Dhinagar, Erdas, Ebel).
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(a) (b) (c)

(d) (e) (f)
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(g) (h) (i)

Figure 7: Axial Grad-CAM results for male vs female classification models from Dhinagar [12],

Erdas [11], and Ebel [13]. Columns: (a, d, g) manual BET; (b, e, h) manual BET with data augmen-

tation; (c, f, i) HD-BET. Rows: authors (Dhinagar, Erdas, Ebel).
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(a) (b) (c)

(d) (e) (f)
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(g) (h) (i)

Figure 8: Axial Saliency map results for male vs female classification models from Dhinagar [12],

Erdas [11], and Ebel [13]. Columns: (a, d, g) manual BET; (b, e, h) manual BET with data augmen-

tation; (c, f, i) HD-BET. Rows: authors (Dhinagar, Erdas, Ebel).
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4.2 PD vs HC classification

Looking at the histograms presented in Figure 9, histograms (a) to (f) showed a middling ob-

served ROC AUC and high p-value for classifying PD, showing that these models performed as well

as randomly guessing, if not slightly better than random guessing. Because these histograms were

made with the same fixed seed, it could imply that the observed ROC AUC could be slightly higher

or lower with a different seed. These results were expected as Table 2 returns an ROC AUC of 0.667,

which would imply that the best test done on that paper was also slightly better than chance. With

this in mind, it is possible that their results were not better than chance. Additionally, we performed

explainability tests for both models to confirm if our models were randomly guessing. Figures 10

and 11 show that the models are randomly guessing as there is no highlight pattern shown across

the images. The Grad-CAM images shown in Figure 10 are extremely variable from the models

and inputs, which is not what would be expected from a model that would have learned stable PD

features. The saliency maps in Figure 11 are too noisy and cover too many unspecific regions to

be finding any patterns. There is very slight recognition of a brain but the noise is too high to be

considered an effective pattern recognition.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 9: Permutation test results for PD vs HC classification models from Dhinagar [12], Erdas

[11], and Ebel [13]. Each histogram shows the null distribution of AUC scores with the observed

AUC marked in red. Columns: (a, d, g) manual BET; (b, e, h) manual BET with data augmentation;

(c, f, i) HD-BET. Rows: authors (Dhinagar, Erdas, Ebel).
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(a) (b) (c)

(d) (e) (f)
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(g) (h) (i)

Figure 10: Axial Grad-CAM results for PD vs HC classification models from Dhinagar [12], Erdas

[11], and Ebel [13]. Columns: (a, d, g) manual BET; (b, e, h) manual BET with data augmentation;

(c, f, i) HD-BET. Rows: authors (Dhinagar, Erdas, Ebel).
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(a) (b) (c)

(d) (e) (f)

33



(g) (h) (i)

Figure 11: Axial Saliency map results for PD vs HC classification models from Dhinagar [12], Erdas

[11], and Ebel [13]. Columns: (a, d, g) manual BET; (b, e, h) manual BET with data augmentation;

(c, f, i) HD-BET. Rows: authors (Dhinagar, Erdas, Ebel).
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Chapter 5

Discussion

We presented all our findings and results for our replication experiments in the last chapter. In

this chapter, we discuss our findings and the results that were obtained and what we can conclude

based on these results.

In this study, one of our main goals was to compare the two models of Erdas et al. [11] and

Dhinagar et al. [12] and to see if we could use them to predict the progression of PD. The models

did not perform exceptionally well for classification of PD as they were performing at chance level.

To ensure that the models are functional and capable of learning, the second part of the experiment

was to do a different classification test. In this case, we wanted to see if these models were capable

of classifying sex since we know MRI data is directly correlated to sex [24]. Using the previous

models along with the one from Ebel et al. [13], we could see if our models were functional.

In conclusion, our replication experiments showed that the CNN architectures from Dhinagar et

al. [12] and Erdas et al. [11] were not sufficient enough for the prediction of PD progression, as their

performance for classification hovered around chance level (ROC AUC of 0.667 at best and high

p-values) and did not have the consistent pattern detection in the analysis of the explainability maps.

Both the Grad-CAM and saliency map visualizations for PD classification showed very variably and

noisy activations without any clear structure or pattern, supporting the idea that these models were

randomly guessing.

However, using these models for sex classification, all models had a much higher performance,
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with ROC AUCs hovering around 0.7-0.8 and significant p-values, usually below 0.01. The cor-

responding explainability maps revealed a recurring emphasis on the outer boundaries of the brain

across the different models and inputs, which suggests that the model was recognizing off of struc-

tural differences in the MRIs. These results show that the models are capable of learning patterns

for binary classification, although they are not yet suitable for prediction of PD progression. This

shows that there is potential for future applications with better targeted training and a more opti-

mized dataset.

Although our replication experiments demonstrated that CNNs can learn meaningful patterns

from structural MRI data, the challenge of PD classification remains far from solved. Our results

underscore the difficulty of using baseline structural data alone to detect or predict PD progression.

Future work should consider incorporating data from different stages of PD, rather than relying

solely on baseline scans. Modeling progression dynamically, for example, by comparing early,

mid- and late-stage scans or by using longitudinal follow-up data, could help capture subtle mor-

phological or connectivity-based signatures that static datasets fail to reveal.

Another important direction involves expanding beyond structural MRI. Although T1-weighted

images capture anatomical features such as cortical thickness and gray matter volume, other modal-

ities could provide complementary information. Diffusion-weighted imaging (DWI) can reveal

structural changes in white matter tracts, while functional magnetic resonance imaging (fMRI) can

reveal alterations in brain connectivity and activity patterns associated with symptoms and progres-

sion of PD. Integrating these modalities through multimodal learning approaches could improve

model generalization and sensitivity to disease-relevant signals, potentially overcoming some of the

limitations we observed when relying solely on anatomical information.

Our findings emphasize the importance of statistical validation in the study of neuroimaging

machine learning. In particular, permutation testing offers a reliable method to assess whether a

model’s performance truly exceeds chance. This method involves randomizing class labels and re-

calculating performance metrics to generate a null distribution, providing an empirical estimate of

how likely the observed accuracy or AUC could have occurred by random chance. This is especially

crucial when dealing with small datasets, high-dimensional inputs, or models with high capacity, all
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of which can inflate apparent performance through overfitting. Even models that achieve high met-

rics (e.g., > 0.8 ROC AUC) should be evaluated against permutation-based baselines to ensure that

their predictive power reflects genuine learning rather than noise or sampling bias. Therefore, we

recommend that permutation-based validation become a standard component of future neuroimag-

ing machine learning pipelines, particularly when reporting new predictive biomarkers for PD.
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Appendix A

Axial, Coronal, and Sagittal Views

Figure A.1: Grad-CAM and saliency maps across MRI planes (part 1).
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Figure A.1: Grad-CAM and saliency maps across MRI planes (part 2).
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Figure A.1: Grad-CAM and saliency maps across MRI planes (part 3).
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