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Abstract

Fibromuscular dysplasia (FMD) is a rare vascular condition that remains challenging to di-

agnose accurately due to the non-specific nature of the most common symptoms. To the

best of our knowledge, this study is the first investigation of the potential of convolutional

neural networks as a tool to help detect FMD in medical imaging. Specifically, we explore four

strategies (patch-based learning, self-supervised learning, and using two different sample

resolutions) to train our model. We evaluate the performance of our proposed architecture

using quantitative metrics and saliency maps for interpretability. Furthermore, we propose an

extension of the ROAD score to evaluate the quality of the generated volumetric saliency maps.

Our results indicate that while 3D CNNs show promise in identifying patterns associated with

FMD, they face significant challenges, particularly in handling biases that may arise because

the disease is more common in women than men.
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Introduction

Fibromuscular Dysplasia (FMD) is an underdiagnosed vascular disease characterized by

abnormal cell growth within the walls of medium-sized arteries. This growth gives the arteries a

distinctive “beading” appearance in imaging studies. While the disease can affect a population

of any gender, FMD primarily affects women, with only 10% of diagnosed patients being male.

The mean age at diagnosis is 52 years, but patients have been diagnosed at any age[1].

The most frequently reported symptoms include hypertension, headaches, and pulsatile

tinnitus, which can significantly impact the quality of life and may delay diagnosis due to

their non-specific nature [2]. The renal arteries are the most commonly involved in FMD, as

observed in a cohort of 447 patients, where 294 had renal artery involvement [2]. In particular,

up to 90% of male patients show renal involvement [1].

While the exact cause of FMD is still unclear, several risk factors have been identified. Smok-

ing, mechanical stress, and exposure to female hormones are among the most commonly

associated factors that may contribute to the disease’s onset and progression [3].

As explained by Van der Niepen and al.[4], the diagnostic pathway for FMD often begins

with clinical suspicion based on symptoms and risk factors. The recommendation is to

use computed tomography (CT) as the initial diagnostic modality. CT is a specialized non-

invasive imaging modality for acquiring cross-sectional images relying on administering an

intravenous contrast agent. The contrast agent enhances vascular structures, allowing for

precise visualization of arterial walls and any abnormalities, such as stenosis or aneurysmal

changes. The quality of the data acquired through CT is significantly influenced by the timing

of contrast injection, image acquisition parameters, and technical specifications, which must

be optimized to obtain clear and accurate imaging of the arteries [5]. As of today, radiologists

must interpret CT scans manually, which can be time-consuming and costly.

Given that CT is the diagnostic modality for FMD, convolutional neural networks (CNNs) offer

a promising approach to improve disease detection by leveraging automated image analysis

techniques. CNNs, first introduced by Le Cun and al. [6] for image classification, have been

widely used for medical image analysis. Leveraging CNNs for classification and segmentation

has enabled researchers to improve disease detection and streamline data labeling processes.

For instance, Waheed et al. [7] effectively employed CNNs to classify skin cancer images, while

Hasan et al. [8] applied these models for detecting lung and colon cancers. CNNs have also
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Introduction

been used to identify other complex conditions, including Alzheimer’s disease [9, 10] and

various vascular abnormalities [11].

CNN-based architectures have also demonstrated remarkable success in medical image seg-

mentation. Shu and al. [12] and Radiuk and al. [13] proposed architectures for advanced

multi-organ segmentation by employing region-based CNNs and 3D U-Net models, respec-

tively. In addition, CNNs are highly effective in isolating anatomical anomalies, such as tumors.

Bhandari et al. [14] and Abdullah et al. [15] applied CNNs to segment brain tumors with signif-

icant accuracy, underscoring the potential of CNN-driven segmentation for detecting various

abnormal structures across different imaging modalities.

However, FMD detection needs more research on the possibility of leveraging artificial intelli-

gence to help clinicians diagnose the disease. Building upon the advancements in medical

image analysis, the main objective of this thesis is to investigate the potential usage of 3D

CNNs to help detect FMD and determine the eventual challenges inherent to this task.

To reach our objective, we propose the following contributions:

1. A first 3D CNN architecture in charge of detecting the disease by leveraging the volumet-

ric information in CT scans.

2. The experimentation of four strategies (patch-based learning, self-supervised learning,

and using two different sample resolutions) to train our model.

3. The evaluation and comparison of the model’s performances across each experiment.

4. The extension of the ROAD score metric calculation from 2D to 3D to assess the quality

of our saliency map, which is crucial for interpretability and explainability.

The rest of this work is divided into three parts and organized as follows. The first part, from

Chapter 1 to Chapter 4, is dedicated to background knowledge that is helpful to understand

our work. The second part, composed of Chapter 5, presents the state-of-the-art CNN models

used in medical image analysis. The third part of this document, composed of Chapter 6 and

Chapter 7, describes our methodology, our results, and their interpretation. Finally, the last

part of this work, Chapter 8, summarizes and concludes this work.

2
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1 Machine Learning

This chapter introduces foundational concepts in machine learning that are valuable for

understanding the techniques applied in this research. We present essential elements such as

loss functions, cross-validation, gradient accumulation, and evaluation metrics. These topics

provide a basis for model training, validation, and performance assessment.

1.1 Loss Function

1.1.1 Binary classification and Binary Cross-Entropy Loss

Binary classification is a type of supervised learning that aims to classify instances into one

of two possible classes. Formally, given a dataset D = {(xi , yi )}N
i=1, where xi ∈ Rd represents

the input features and yi ∈ {0,1} represents the binary labels, the task is to learn a model

f :Rd → {0,1} that maps input features to binary labels.

The likelihood function measures the probability of observing the provided data given a set of

parameters. For a binary classification problem, the likelihood function for a single instance

(xi , yi ) is:

P(yi |xi ;θ) = ŷ yi

i (1− ŷi )1−yi

where ŷi = P (yi = 1|xi ;θ) is the predicted probability that yi = 1 given xi and parameters θ.

To facilitate the computations, we can define the log-likelihood function for the entire dataset:

logL(θ) =
N∑

i=1

[
yi log(ŷi )+ (1− yi ) log(1− ŷi )

]
As we want to find the set of parameters to obtain the best estimation of the provided data, our

objective is to maximize the likelihood function. In addition, as the logarithm is monotonic,

maximizing the likelihood is the same as maximizing the log-likelihood. We are therefore
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Chapter 1. Machine Learning

searching a set of parameters θ defined as:

θ̂MLE = argmax
θ

logL(θ)

Instead of searching to maximize the function, we will try to minimize the negative version of

the log-likelihood, defined as negative log-likelihood (NLL). The NLL for the dataset can be

defined as:

− logL(θ) =−
N∑

i=1

[
yi log(ŷi )+ (1− yi ) log(1− ŷi )

]
This negative log-likelihood is also known as the binary cross-entropy loss, which measures

the dissimilarity between the predicted probabilities and the actual binary labels. We usually

normalize this result to make the loss independent of the number of samples. For the entire

dataset, the binary cross-entropy loss is:

L(D,θ) =− 1

N

N∑
i=1

[
yi log(ŷi )+ (1− yi ) log(1− ŷi )

]

We can then infer the binary cross-entropy loss for a single instance :

L(yi , ŷi ) =−[
yi log(ŷi )+ (1− yi ) log(1− ŷi )

]

1.2 Cross-Validation

Cross-validation is a robust model validation technique used to evaluate how well a machine

learning model generalizes to an independent dataset. The most widely used form, k-fold

cross-validation, involves partitioning the data into k subsets, named folds. The model is

trained on k −1 folds and tested on the remaining fold. This process is repeated k times, with

each fold serving as the test set exactly once. The final performance metric is typically the

average of the results from each fold, providing a more reliable and unbiased estimate of model

performance compared to a single train-test split. This method helps mitigate overfitting and

ensures that the model’s performance is consistent across different subsets of the data.

1.3 Gradient Accumulation

Gradient accumulation is a technique employed in training deep learning models to address

memory limitations, particularly when dealing with large batch sizes that may not fit into

GPU memory. Instead of updating the model weights after processing each mini-batch,

gradient accumulation involves accumulating the gradients over several mini-batches before

performing a single update. This approach allows for the effective utilization of large batch

sizes without exceeding memory constraints, thereby enhancing model training dynamics

6
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and promoting more stable convergence. By accumulating gradients, models can benefit from

the advantages of large batch training, such as improved gradient estimates and smoother

optimization paths, while maintaining feasible memory usage.

1.4 Evaluation Metrics

Evaluation metrics are crucial for assessing the performance of binary classification models.

They provide insights into how well the model is performing and help identify areas for

improvement. One of the fundamental tools for evaluating binary classifiers is the confusion

matrix. From the confusion matrix, several metrics can be derived to evaluate the performance

of a model. The confusion matrix and the metrics used in this study are described in the

following subsections.

The confusion matrix is a table that summarizes the performance of a classification algorithm

by displaying the counts of true positive (TP), true negative (TN), false positive (FP), and false

negative (FN) predictions. This matrix provides detailed insights into the types of errors the

model is making, which is crucial for improving its performance [16].

Predicted Positive Predicted Negative

Actual Positive TP FN

Actual Negative FP TN

From the confusion matrix, one can derive several metrics to evaluate the performances of a

model. The metrics that we used are described in the following subsections.

1.4.1 Precision

Precision, also known as the positive predictive value, measures the accuracy of positive

predictions. It is defined as the ratio of TP to the sum of TP and FP. High precision indicates

that the model effectively identifies positive instances without including many false positives.

Precision = TP

TP+FP
(1.1)

1.4.2 Recall

Recall, or sensitivity, measures the proportion of actual positives that the model correctly

identifies. It is the ratio of TP to the sum of TP and FN. A high recall value indicates that the

model successfully captures the most favorable cases, which is essential in contexts such as

disease detection, where identifying as many positive cases as possible is critical [17].
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Chapter 1. Machine Learning

Recall = TP

TP+FN
(1.2)

1.4.3 F1-Score

The F1-score, introduced by Rijsbergen [18], is the harmonic mean of precision and recall.

It balances the two metrics to provide a single score that accounts for both false positives

and false negatives. This score is especially useful when there is an uneven class distribution

or when both precision and recall are equally important. By taking the harmonic mean, the

F1-score ensures that both metrics must be reasonably high for a high F1-score, making it a

suitable metric for evaluating models that need a trade-off between precision and recall.

F1 = 2 · Precision ·Recall

Precision+Recall
(1.3)

1.4.4 ROC and AUC

The Receiver Operating Characteristic (ROC) curve is a graphical representation used to

evaluate the performance of a binary classifier. It plots the True Positive Rate (TPR) against

the False Positive Rate (FPR) at various threshold settings. The TPR is the recall metric defined

above and is also known as sensitivity. The FPR is defined as:

FPR = FP

FP+TN
(1.4)

A classifier that performs well will have an ROC curve that rises quickly towards the top-left

corner of the plot, indicating a high TPR and a low FPR.

The Area Under the ROC Curve (AUC) is a single scalar value that summarizes the classifier’s

overall performance. It represents the probability that a randomly chosen positive sample

is ranked higher than a randomly chosen negative sample by the classifier. An AUC of 0.5

indicates a model with no discriminative ability, equivalent to random guessing, while an AUC

of 1.0 indicates a perfect classifier.
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2.1 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are the standard architecture used to solve image

processing problems. The first CNN, known as LeNet, was developed for handwritten digit

recognition and is attributed to LeCun et al. [19]. Although the LeNet architecture was cre-

ated in the 1990s, it paved the way for modern architectures based on the same principal

components. These components are:

• Convolutional Layers: These layers apply a series of learnable filters to the input image

to capture spatial hierarchies in the data, such as edges, textures, and patterns. Each

filter slides over the image and creates a feature map, enabling the network to detect

different visual patterns.

• Pooling Layers: These layers reduce the spatial dimensions of feature maps, which

decreases computation, controls overfitting, and makes the network more robust to

small shifts and distortions in the image. Pooling creates a hierarchical representation

of features, from fine-grained to high-level patterns.

• Fully Connected Layers: These layers flatten the feature maps into a vector and connect

every neuron in one layer to every neuron in the next. They are used to perform final

classification tasks based on the features learned in the convolutional and pooling

layers.

The core operation in a 2D CNN is the convolution. Mathematically, a 2D convolution opera-

tion can be expressed as:

(I ∗K )(x, y) =∑
m

∑
n

I (x −m, y −n)K (m,n)

where I is the input image, K is the kernel, and (x, y) are the coordinates of the output feature
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map. This operation is repeated for each filter across the entire image, producing multiple

feature maps that capture different aspects of the input.

LeNet also demonstrated the successful training of deep networks using backpropagation,

which adjusts the network’s weights to minimize classification error, typically through gradient

descent optimization.

While LeNet set a foundation for CNN-based image recognition, its architecture was relatively

simple, with limited depth and computational capacity. Researchers pushed CNN archi-

tectures further as computational power and data availability expanded, exploring deeper

networks to capture increasingly complex patterns.

Alexnet, developed by Krizhevsky and al. [20], introduced ReLU as an activation function and

proposed to mitigate overfitting by using dropout.

Simonyan and Zisserman [21] proposed VGGNet, an architecture leveraging small convolution

filters to increase the number of layers. Their results emphasized the importance of depth in

CNNs.

Szegedy et al. [22] introduced the concept of inception modules in their architecture called

GoogLeNet. The key idea behind inception modules is to implement filters of different sizes

inside the same layer, resulting in multi-level feature extraction.

He and al. [23] presented the Residual Network (ResNet), a new architecture introducing

skip-connections to solve the vanishing gradient problem, leading to very deep networks.

2.2 3D Convolutional Neural Networks

While 2D CNNs excel at processing spatial information in images, they are limited when it

comes to capturing temporal or volumetric data. This limitation led to the development of 3D

CNNs, which extend the concept of convolutions to three dimensions, enabling the processing

of volumetric data such as video frames and medical imaging. The components of a 3D CNN

are very similar to their counterpart in 2D. The main change is that the convolution operation

has one more dimension:

(I ∗K )(x, y, z) =∑
i

∑
j

∑
k

I (x − i , y − j , z −k)K (i , j ,k)

where (I) is the input volume, (K) is the 3D kernel, and ((x, y, z)) are the coordinates of the

output feature map. This operation is also repeated for each filter across the entire volume,

producing multiple 3D feature maps that capture different aspects of the input.

Initially introduced for action recognition in video data [24], 3D CNNs have become powerful

tools in applications that require an understanding of both depth and motion, such as human
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action recognition and video classification [25] [26] [27].

A significant milestone in this domain was the introduction of the C3D model by Tran et al. [28],

which highlighted the unique advantages of 3D convolutions for extracting spatiotemporal

features from video data. Unlike 2D CNNs, which process individual frames independently,

the C3D model demonstrated how 3D convolutions could capture temporal dependencies,

thereby outperforming 2D counterparts in tasks such as action recognition in videos. This

work not only validated the potential of 3D CNNs but also set the stage for further innovations

in the field.

Building upon this foundation, Carreira and Zisserman [29] introduced the Inflated 3D (I3D)

model, which refined the application of 3D CNNs by inflating 2D convolutional filters into

3D. This approach allowed the I3D model to harness the benefits of pre-trained 2D CNNs,

effectively combining spatial feature learning from 2D networks with the temporal modeling

capabilities of 3D convolutions. The I3D model achieved state-of-the-art results on multiple

video classification benchmarks.
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3 Self Supervised Learning

Self-supervised learning is a type of unsupervised learning in which the data itself provides

the supervision. The key idea is to create a pretext task from the input data, which generates

labels automatically. The model is then trained to solve this pretext task, learning useful

representations in the process. Pretext tasks are designed to work without prior labels and

without human intervention. Some common pretext tasks include:

• Predicting Rotations: The model is trained to predict the rotation angle applied to an

image (0, 90, 180, or 270 degrees).

• Colorization: The model learns to colorize a grayscale image.

• Jigsaw Puzzles: The model is trained to solve jigsaw puzzles created by dividing an

image into patches and shuffling them.

• Contrastive Learning: The model learns to distinguish between different augmented

views of the same data example.

Contrastive learning, presented by Chen and al. [30], is a self-supervised learning approach

that learns representations by maximizing agreement between differently augmented views of

the same sample.

To achieve this result, SimCLR consists of four main components: a data augmentation

module, a neural network encoder, a projection head, and a contrastive loss function. The

data augmentation module applies a variety of transformations (such as random cropping,

color distortion, and Gaussian blur) to each image to generate two different views, or "positive

pairs." These transformations create variation in the input, making the encoder invariant to

certain visual changes and encouraging it to focus on more meaningful features.

The augmented images are then passed through a neural network encoder to extract feature

representations. Following the encoder, a projection head maps the encoded representations

to a latent space where the contrastive loss is applied. As shown by Chen and l. [30], The use
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of a projection head improves performance by separating the feature space for the contrastive

task from the downstream representation space, allowing for better separation of positive and

negative pairs.

The contrastive loss is based on the idea of bringing representations of similar (positive) pairs

closer while pushing representations of dissimilar (negative) pairs apart.

More formally, let’s define an encoder f (.), a projection head g (.), and let’s suppose a mini-

batch X of N samples drawn from the set of all samples. For each sample xi ∈ X , the data

augmentation module will generate two views x̂i , x̂ j of the image xi , resulting in 2N views.

Then, we compute zi = g ( f (x̂i )) the representation of x̂i is the projection space. The whole

idea behind the training process proposed by Chal. and al [30] is that for each sample xi , the

pair of images (x̂i , x̂ j ), denoted the positive pair, is more similar than any pairs because it is

composed of augmentation of the same image. The representations of those images in the

projection space should therefore be close. To push the model to generate representations

that follow this idea, they compute, for each positive pairs, the contrastive loss. A common

formulation of the loss is the normalized temperature-scaled cross-entropy loss (NT-Xent),

which is defined as:

ℓi , j =− log
exp(sim(zi ,z j )/τ)∑2N

k=1 1[k ̸=i ] exp(sim(zi ,zk )/τ)

where sim(u,v) denotes the cosine similarity between vectors u and v, τ is a temperature

parameter, and 1[k ̸=i ] is an indicator function that equals 1 if k ̸= i and 0 otherwise.

The total loss for a batch is computed as the average loss over all positive pairs:

L = 1

2N

N∑
k=1

[ℓ2k−1,2k +ℓ2k,2k−1]

While the encoder f (.) is the most important part of the framework, the projection head g (.)

can easily be dropped after the training and replaced by a classifier head.
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Saliency maps are a powerful visualization tool used to highlight the regions of an image that

are most important for CNN when making a prediction. These maps provide insights into the

decision-making process of CNNs, making them a crucial component in the development of

explainable artificial intelligence (XAI).

The concept of saliency maps originates from the study of human visual attention. In the

context of computer vision, a saliency map is an image that reflects the importance of each

pixel to the human visual system or a machine learning model. The idea was first introduced

to highlight regions in an image that attract human attention, which was later adapted for use

in CNNs to understand model predictions.

One of the first works in this area is by Simonyan et al. [31], who proposed a method to visualize

the class-specific saliency maps by computing the gradient of the class score with respect

to the input image. This approach allows for the identification of image regions that most

influence the model’s output.

Grad-CAM (Gradient-weighted Class Activation Mapping) is an advanced technique for pro-

ducing visual explanations from CNNs. It was introduced by Selvaraju et al.[32] and provides a

way to visualize the important regions in an image for a specific class prediction .

The method works by using the gradients of the target class flowing into the final convolutional

layer to produce a coarse localization map. The steps to compute Grad-CAM are as follows:

1. Compute the gradient of the score for class c , yc , with respect to the feature map activations

Ak of a convolutional layer:

∂yc

∂Ak

2. Compute the weights αc
k by averaging these gradients:
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αc
k = 1

Z

∑
i

∑
j

∂yc

∂Ak
i j

where Z is the number of pixels in the feature map.

3. Compute the weighted combination of the feature maps, followed by a ReLU activation:

Lc
Grad-CAM = ReLU

(∑
k
αc

k Ak

)

This results in a heatmap Lc
Grad-CAM that highlights the important regions in the image for

predicting class c.

To ensure that saliency maps are a meaningful representation of the model decision process,

one can evaluate the importance of highlighted regions by systematically perturbing the input

image and observing the impact on the model’s output. Common perturbation-based metrics

include Deletion and Insertion metrics, which measure the change in model performance

when important regions are removed or added back [33].

In their work, Samek and al. [34] propose to verify the quality of the saliency by removing the

most important pixels from the original image and analyse the prediction of the model on the

altered image.

However, Hooker and al. [35] argue that this method may modify the pixel distribution and

therefore may not be trustable. To mitigate the effect of pixel perturbation, they proposed

Remove and Retrain (ROAR) which consists of retraining a model after removing the part of

the image that the saliency indicates as the most important on the full dataset. According

to them, if one sees a drop of accuracy in the newly-trained model, then the saliency were

meaningful. A big drawback of this method is that you need to fully retrain a model on the

perturbated images, which can be costly.

In addition to the computational cost, Rong and al. [36] show that information leakage can

occur in the image due to the perturbations and ROAR is also affected by this. The ROAD frame-

work overcomes these issues, offering a more efficient and theoretically grounded approach.

Feature removal strategies form the core of ROAD’s evaluation methodology, employing two

complementary techniques: Most Relevant First (MoRF) and Least Relevant First (LeRF).

MoRF removes features in descending order of importance, expecting a rapid drop in model

performance if the attribution method correctly identifies crucial features. Conversely, LeRF

removes features in ascending order of importance, with model performance expected to

remain stable if unimportant features are accurately identified. Together, these strategies

assess attribution methods’ ability to distinguish between important and negligible features.

MoRF evaluates whether the most relevant features are indeed critical for model decisions,

while LeRF verifies that least relevant features can be removed with minimal impact, providing
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complementary insights into attribution quality. [36].The key component of the strategy is the

Noisy Linear Imputation introduced by the author. While applying MoRF or LeRF, they replace

the removed features by an average of the neighboring features. Direct neighbors are weighted

with wd = 1
6 , while indirect neighbors use wi = 1

12 . This imputation strategy mitigates the

information leakage due to removal of patterns, while avoiding the computationally expensive

retraining step of prior methods such as ROAR.
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5 3D CNN models for medical image
analysis

Over the past decade, 3D Convolutional Neural Networks (3D CNNs) have emerged as pow-

erful tools for analyzing volumetric data, such as computed tomography (CT) and magnetic

resonance imaging (MRI). These models enable the extraction of spatial dependencies across

all three dimensions, making them highly effective for complex tasks, including tumor detec-

tion, organ segmentation, and anomaly localization. However, despite their versatility, to the

best of our knowledge, no work has been conducted,either in 2D or 3D,toward the detection

of fibromuscular dysplasia (FMD), leaving a significant gap in the application of machine

learning to this rare vascular condition.

5.1 Advances in Segmentation Task

Among segmentation architectures, U-Net has established itself as a cornerstone in medical

image analysis. By employing an encoder-decoder structure, U-Net effectively captures both

local and global context in 2D and 3D images. Building on this foundation, Chen et al. [37]

proposed the S3D-UNet, a novel adaptation that incorporates separable 3D convolutions,

initialy used in video processing, to reduce computational complexity while maintaining

high accuracy. Evaluated on a dataset of approximately 300 patients, S3D-UNet achieved

Dice scores of 0.689, 0.839, and 0.783 for enhancing tumors, whole tumors, and tumor cores,

respectively.

Similarly, DeepMedic, developed by Kamnitsas et al.[38], introduced an 11-layer deep 3D

CNN tailored for brain lesion segmentation. Notably, it integrated a 3D Conditional Random

Field (CRF) as a post-processing step, refining model outputs and boosting segmentation

accuracy for complex lesions. DeepMedic’s success in tackling high-variability cases highlights

the utility of post-processing frameworks in conjunction with deep learning architectures,

particularly for subtle and challenging abnormalities.

Dou and al. [39] present a two-stage framework for the automatic detection of cerebral mi-

crobleeds in susceptibility-weighted imaging volumes, leveraging 3D convolutional neural
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networks. The first stage screens the entire volume to quickly retrieve potential positive candi-

dates with high sensitivity, assisting radiologists in narrowing down the candidates for further

inspection. The second stage uses a 3D CNN to accurately distinguish true positives from

false positives, enhancing detection precision. The method significantly improves detection

efficiency and accuracy, outperforming existing approaches in terms of sensitivity and false

positive reduction.

5.2 Advances in Classification Task

For classification tasks, 3D CNNs such as ResNet and VGG have shown remarkable capabilities.

Yang and al. [40] compared several 3D architectures, including 3D VGG and three variants

of 3D ResNet, for the binary classification of Alzheimer’s disease. Using a dataset of approxi-

mately 100 patients (50% with Alzheimer’s disease), their models achieved accuracies ranging

from 0.58 to 0.79, with basic 3D ResNet outperforming other architectures. Additionally,

they explored explainability techniques, to provide visual insights into model predictions,

emphasizing the growing importance of interpretability in clinical applications.

Further expanding on classification approaches, Kruthika and al. [41] combined 3D Capsule

Networks, 3D CNNs, and pre-trained 3D autoencoders to classify Alzheimer’s disease stages.

With a dataset of around 1,800 samples, they demonstrated the superior effectiveness of

Capsule Networks over traditional 3D CNNs, particularly in capturing spatial hierarchies

within volumetric data. These findings highlight the potential of more advanced architectures

for distinguishing subtle disease progression. .

In another domain, Noel and al. [42] applied 3D CNNs for gender classification based on

human skull morphology. Using a balanced dataset of 97 skulls extracted from CT scans, they

evaluated ResNet, MeshNet, and PointNet architectures, focusing on accuracy. This study

underscores the flexibility of 3D architectures in adapting to various types of medical and

anatomical data.

5.3 Challenges

The application of 3D Convolutional Neural Networks (3D CNNs) in medical imaging has

shown considerable promise in tasks such as tumor detection, organ segmentation, and

anomaly localization. However, several key challenges persist, particularly in their application

to rare and underexplored conditions like fibromuscular dysplasia (FMD). 3D CNNs typically

require large, annotated datasets for effective training, a requirement that poses significant

barriers for rare conditions. While research has shown promising results with small datasets,

the quality of the data is more impacting with hundreds of samples than with large scale

datasets of several thousands of samples [43]. Additionally, datasets often suffer from class

imbalance, with normal cases vastly outnumbering rare or subtle anomalies.
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The “black box” nature of 3D CNNs limits their clinical applicability, as understanding the

reasoning behind model decisions is critical in medical contexts. Although interpretability

methods have been developed, their application to 3D models is not mature and has to be

explored. [44]

The high dimensionality of 3D volumetric data leads to increased computational demands

for training and inference. This creates challenges for widespread adoption, particularly for

researchers and institutions with limited computational resources. [44] [43] [45]
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6 Methodology

6.1 Extending ROAD score

In this section, we present the main idea behind our extension of the ROAD score for 3D

tensors.

We extending the logic of Rong and al. [36] to find the weights to attribute to direct and

indirect neighbors, to the third dimension. The cube on Figure 6.1 shows visually the distance

from each voxels to the center. In addition, it also shows the equivalent 2D version proposed

by Rong. We kept the same color code betwen 2D and 3D to better show the correspondance

between both versions. Following the idea of the author of the metric, the direct neighbors (in

red) of the central voxel should weight 2 times more than the indirect ones (in blue). Similarly

the direct neighbor should weight 3 times more than the corner voxels at distance 3 (in green).

Taking into account that, in the normal case, we have a total of 26 neighbors for a voxel (6

direct, 12 indirect and 8 corner) and that the weights should sum up to 1, it is possible to

calculate the value of each weights: Direct neighbors are weighted with wd = 3
62 , indirect

neighbors wi = 3
124 and neighbors located in the corners wc = 1

62 .

Figure 6.1: Illustration of distance between pixels used to obtain the weight matrix in 2D
converted to 3D voxels. In red, pixels located at one unit distance, in blue pixels located at two
units. Green represents the voxels located at 3 unit distance.
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Figure 6.2: Visual representation of the effect of the perturbations applied to the input volume
while computing ROAD score for patient FMD017. The top left corner shows the original
volume, and the top right corner shows the saliency map. The bottom left image shows the
volume after applying MoRF, and the bottom right shows the volume after applying LeRF.

For the technical implementation, we leverage the implementation of the ROAD score from

the pytorch-grad-cam library [46] to extend it for our purpose. We essentially applied minor

modifications to the road.py script to support 3D tensors and to update the matrix of weights

to use wd = 3
62 , wi = 3

124 and wc = 1
62 . Figure 6.2 shows the effect of applying MoRF and LeRF

on a 3D volume after we modify the original script. In the bottom left image, one can see

that the part of the volume appearing bright red/yellow on the saliency map (bottom of the

kidney and small part of the artery next to the spine) has been perturbated. On the opposite,

on the bottom right image, the part of the volume not highlighted by the saliency map has

been perturbated.

6.2 Datasets

This section provides an overview of the datasets used in our experiments. The first dataset,

called AIFMD, is the main data source we used to train and evaluate our model. Due to the

small size of the dataset, we leverage two public datasets, namely C4KC-KiTS and CT-ORG,
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initially created for studies on diseases different from FMD, to increase the number of available

samples in some of our experiments.

Each of the following subsection describes the specific properties for each dataset.

6.2.1 AIFMD

The AIFMD dataset is composed of chest CT scans from 161 patients, including 63 cases diag-

nosed with the target condition and 98 healthy controls. The dataset is highly heterogeneous

due to variations in imaging protocols, methodologies, and the timing between contrast agent

injection and scan acquisition. The relatively small dataset size poses a challenge for training

and evaluating deep learning models, especially in 3D. Figure 6.3 shows the kidney of a patient

who has fibromuscular dysplasia. The beads on the arteria (inside the red square) are the

signal of the disease that radiologist use for the diagnose. This is therefore one of the signal we

expect our model to detect.

(a) Front View (b) Side View

Figure 6.3: CT scan image of the right kidney region of an AIFMD patient, highlighting the
affected artery (marked with a red square). The beading pattern on the arteria is characteristic
of fibromuscular dysplasia.

In addition to the scans, the dataset contains two masks per patient. Each mask delimits

an area starting from one of the kidney and going towards the center of the body up to the

vertebral column. Figure 6.5 shows a CT scan with such masks. Both green squares represent

the bounding area around each kidney. The main reason to take the center of the body in

the area is that, as shown on Figure 6.3, the arteries showing signs of FMD are going from the

kidney to the aorta, which is located next to the vertebral column.

29



Chapter 6. Methodology

Figure 6.4: Metadata related to AIFMD dataset. From left to right: age distribution, gender
distribution, label distribution and label distribution per gender.

Figure 6.4 shows the available metadata for the AIFMD dataset. In addition to the imbalance

between the label that we already mentionned, the second plot shows that there are more

female than male in the dataset. When looking at the distribution of label by gender, we can

see that we have more control patient than positive patient for both genders. However, there

is around 2 times more positive women than men. While it is not surprising because FMD is

more frequent in women patient as explained in Section , we have to be careful to ensure that

our model is effectively learning FMD patterns and not gender related patterns.

From a technical perspective, all images in the AIFMD dataset are full chest CT scans stored in

the DICOM (Digital Imaging and Communications in Medicine) format, a standard widely

adopted in medical imaging for preserving image quality and metadata. The heterogeneity

of the dataset emphasizes the importance of preprocessing steps, such as normalization, to

facilitate consistent analysis.

6.2.2 C4KC-KiTS

The C4KC-KiTS dataset is composed of CT scans from 210 patients. A part of the dataset

originates from the 2019 Kidney and Kidney Tumor Segmentation Challenge [47]. These scans

were acquired as part of clinical care for patients at the University of Minnesota Medical Center.

The authors indicate that the dataset contains scans generated by different institutions. This

implies that the scans vary according to the scanner manufacturers and acquisition protocols

of the referring institutions and the dataset is therefore highly heterogenous. Thanks to this

diversity, C4KC-KiTS is an ideal addition to our primary dataset, as it effectively expands the

number of samples. In addition to the scans, the dataset contains masks defining the exact

shape of the kidneys.

On a technical level, all images are stored in DICOM format, preserving both image quality and

metadata crucial for medical imaging applications. The segmentations provided within the

dataset were created manually by medical students, ensuring a baseline of accuracy. Although

clinical data of the patients is also available in the C4KC-KiTS dataset, we are focusing on the

imaging data and does not utilize the clinical information and metadata for this dataset.
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Figure 6.5: Example of area of interest drawn around each kidneys

6.2.3 CT-ORG

The CT-ORG dataset consists of 140 CT scans with labeled anatomical regions across five

different organs [48]. Each patient in this dataset has a lesion in at least one of the five

organs, with the liver being the most commonly affected. This dataset is highly heterogeneous,

incorporating images from various sources with a mix of contrast-enhanced, non-contrast,

low-dose, and high-dose scans. Once again, this diversity makes CT-ORG an ideal candidate

to extend our primary dataset. The dataset contains one mask file per patient, defining the

exact shape of the five different organs containing lesions.

On the technical side, the dataset is stored in the Nifti format, using 32-bit floating-point data

to maintain high precision in voxel values. While some organs (such as lungs and bones) were

segmented automatically, kidneys were manually segmented to ensure accuracy.

6.2.4 Preprocessing

In this section, we explain the different pre-processing steps that we applied to each dataset for

all of our experiments. Some additional pre-processing techniques were applied individually

for some specific experiments. Those additional steps are discussed later in the respective

experiment sections.

We started by removing from the datasets samples with missing essential information, such as

missing one or both kidney’s masks. Additionally, samples where only one kidney was present

were excluded to ensure consistency across all cases.

In order to reduce the computational load and the memory footprint, we decided to focus

only on the kidneys area. We created an area of interest (AOI) around the kidneys for each

scan. In addition to the technical constraints, this choice is motivated by the fact that given

the limited dataset size, processing the entire scan to detect FMD would most likely result in

searching a needle in a haystack. Instead, we leveraged prior knowledge as the kidneys region

is known to be an area used by radiologists to diagnose the disease.
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The generation of the AOI was different for each dataset. For the AIFMD dataset, the area of

interest was defined by combining the masks of both kidneys to determine the bounding area

around them. In the case of the C4KC-KiTS dataset, we calculated the minimum and maximum

coordinates along each axis from each kidney’s mask, defining an area that encompasses both

kidneys accurately. For the CT-ORG dataset, we first isolated the label corresponding to the

kidneys from the mask. We then split the mask along the spine axis to obtain separate masks

for each kidney and applied the same bounding method as used in C4KC-KiTS to establish the

area of interest.

As we have heterogenous datasets with scans coming from different brand and models of

scanners, and generated following different methodologies, our final step was to normalize

pixel spacing to 1mm along each axis for all samples across the datasets. This uniform

voxel size ensures consistent spatial resolution. Normalizing pixel spacing allows for a more

reliable comparison between scans originating from different imaging sources and acquisition

protocols.

Table 6.1 shows the number of samples before and after preprocessing for each dataset. The

total number of patients available is 503.

Dataset Total Samples (Before Preprocessing) Total Samples (After Preprocessing)
AIFMD 161 161

C4KC-KiTS 202 167
CT-ORG 140 134

Table 6.1: Number of samples per dataset before and after preprocessing

6.2.5 Data Augmentation

Given the limited amount of data at our disposal, we took advantage of several well-known

data augmentation techniques to virtually increase the number of samples in order to improve

the generalization ability of the 3D CNN and prevent overfitting. Similarly to Krizhevsky and

al. [49], data augmentation was applied on the fly during training, allowing the model to see

different variations of the input data at each epoch. The augmentation methods were chosen

to simulate real-world variations while maintaining the underlying anatomical structures in

the 3D volumetric data.

The first method we used is intensity transformations. This method was applied to simulate

variations in the contrast and brightness of the scans, which often appears due to differences

in scanning equipment, protocols, or patient characteristics. Random adjustments to the

intensity values of the 3D images were performed by scaling pixel intensities globally or locally.

This ensures that the model remains robust to variations in contrast, brightness, and noise

commonly found in real-world datasets.

We also used random affine transformation to increase the spatial variability of the data. The
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transformations included translations, rotations, and scaling along the three spatial axes (x, y,

and z). This method simulates changes in patient positioning or slight misalignments during

data acquisition. By randomly rotating and shifting the 3D volumes, the network learns to

recognize features regardless of their spatial orientation, improving its ability to generalize to

unseen data with different orientations.

Finally, we applied random flipping along the three different axis. This type of augmentation

introduces variations in the symmetry of the input data, which is especially important in

cases where anatomical structures exhibit some degree of symmetry. This technique helps the

model to learn invariant features that are robust to lateral changes in orientation.

6.3 Architectures

In this section, we explained the deep learning architecture employed in our experiment.

We begin by introducing the 3D Convolutional Neural Network model. Following this, we

present the modification applied to the network to obtain the Domain-Adversarial Neural

Network (DANN) that we used to address domain shift issues by leveraging domain adaptation

techniques. Finally, we present the modifications applied to our network to be able to train it

with self-supervised learning techniques.

6.3.1 CNN

Our 3D Convolutional Neural Network (CNN) consists of two main components: the Feature

Extractor and the Classifier.

The feature extractor is composed of five convolutional blocks. Each block contains two 3D

convolutional layers, each followed by batch normalization and ReLU activation. The blocks

progressively increase the number of channels from 16 to 256, while reducing the spatial

dimensions through max-pooling layers. The feature extractor employs residual connections

after each block, which allow the network to bypass certain layers and help to avoid the

gradient vanishing problem. After the fifth block, global average pooling is applied to compress

the feature maps into a 256-dimensional vector, representing the high-level features of the

input data.

The output from the feature extractor is passed through the classifier head which is composed

of two fully connected (FC) layers. The first FC layer reduces the dimensionality from 256 to

128, followed by a ReLU activation function. Dropout is applied to prevent overfitting. The

second FC layer outputs the final classification result. As we are using the BCEWithLogitsLoss

from PyTorch, we do not directly apply the sigmoid function to the output of the second FC

layer.
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Figure 6.6: Architecture of our CNN

6.3.2 DANN

To use domain adversarial learning as presented by Ganin and al. [50], we needed to modify

our architecture by adding two new modules. First, the gradient reversal layer (GRL) which is

simply forwarding its input during the forward propagation and is multiplying the gradient

by -1 during the backward propagation. The second module is a second head, in charge of

classifying the samples in the correct dataset. This module is composed of two FC layers

to reduce dimensionality from 256 to 128 and from 128 to 3. To implement the forward

propagation in PyTorch, we had to start by calling the GRL, then calling the first FC layer

followed by a relu. Finally, we called the second FC layer. Finally,we had to modify the output

of the model. Instead of returning only the logit for the FMD classification, we also return the

result for the classification in dataset.

6.3.3 SSL CNN

To adapt our model presented in section 6.3.1 for contrastive learning, we need to modify

the model to output a representation of the input. The main change is that we added a

projection head to the model. The projection head, composed of two FC layers reducing the

dimensionality to 128, is used for the pre-training and is then replaced by the classifier head.

The feature extractor remains unchanged.
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6.4 Model Evaluation

We assessed the performances of the different models proposed in our experiments using a

combination of quantitative metrics and interpretability tools to ensure both the accuracy

and reliability of results.

To ensure the robustness of the models, we trained them until signs of overfitting emerged.

A 10-fold cross-validation approach was employed to validate the model’s consistency. The

results across the folds were then averaged to provide a reliable estimate of the model’s

performance.

We used precision, recall, f1-score, and ROC-AUC metrics to quantify the model’s predic-

tive performance as defined in Section 1.4. The combination of those metrics allows us to

understand better the model’s strengths and weaknesses in FMD detection.

In addition to quantitative evaluation, we leverage saliency maps to get an idea of the model’s

decision-making process. Our objective was to 1) understand what a model with bad perfor-

mances is looking at and 2) ensure that a model with good performances focuses on features

aligned with human intuition and domain knowledge. In our case, we expect the model to

focus either on the kidneys or the arteries leading to them. The quality of the generated

saliency maps was assessed using the ROAD score. All saliency maps presented in this report

combine a high prediction score and a high ROAD score computed.

6.5 Experimental Protocols

In this section, we describe the experiments we designed to train and evaluate the perfor-

mance of our proposed model. We split our experiments into four different subsections, each

representing a major specificity either in the data preparation or in the model architecture. For

each set of experiments, we describe the specific data pre-processing steps done in addition to

the general pre-processing described in Section 6.2.4. Then, we present the training procedure.

As each set contains several experiments, we describe the parameters used for the training in

Section 7.

6.5.1 Experiment Set 1: Patches

In this first set of experiments, we wanted to assess the effect of dividing each of our volume

samples into non-overlapping smaller patches. While we fixed the patch dimension per

experiment, we used 32x32x32, 64×64×64, and 110x110x100 patches. When the total volume

dimension was not a multiple of the chosen dimensions, we added padding to complete the

patch. To avoid presenting patches full of padding to the model, we dropped the patches

containing more than 25% of padding. The dropped parts are usually located in corners of the

area of interest, which, according to prior knowledge, do not relate to the disease. Each patch

was assigned the patient’s label from which it was taken. The idea behind this patch-based
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approach is that 1) applying data augmentation on patches can improve and increase the

model performances, and 2) we can leverage the patches to see which region gets higher

scores. However, we foresee a potential risk to this strategy: the patches may not necessarily

contain regions that are relevant to the disease. As a result, it may introduce difficulties for the

model to learn meaningful signals of the FMD disease, which may impact the performance of

our model.

6.5.2 Experiment 2: Full Volumes

In this second experiment, we considered an alternative approach that involves fitting the

entire area of interest into a single volume of dimensions 150×150×150. This method ensures

that for each patient, only one volume is generated, thereby eliminating any potential bias

introduced by creating multiple patches per patient. However, a notable limitation of this

approach is whether the chosen resolution is sufficient to capture the relevant disease signals.

If critical features are lost or obscured due to resolution constraints, it could adversely affect

the ability of the model to distinguish between classes effectively.

Figure 6.7b shows an example of 150x150x150 containing the pre-processed area of interest

around both kidneys for the patients of the AIFMD dataset.

(a) One Kidney (b) Both Kidneys

Figure 6.7: 150x150x150 volumes containing one kidney (left) and two Kidneys (right) after
pre-processing for samples in the AIFMD dataset.

6.5.3 Experiment 3: Pretrained Model

In this experiment, we employed a contrastive learning approach to pretrain the model before

fine-tuning it for the FMD detection task. The pretraining phase allows the model to learn
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generalizable features from a large dataset, providing a strong foundation for subsequent fine-

tuning on the specific task. This strategy offers two key advantages: first, the model benefits

from the rich feature representations acquired during pretraining, potentially enhancing

its performance on the target task; second, the training process is independent of biases

(large class imbalance) introduced by the Kits and CT-ORG datasets, ensuring a more robust

evaluation. However, this method also presents challenges, such as the potential misalignment

of features learned during pretraining with those most relevant to the FMD detection task.

The dimension of input volumes during pre-training and fine-tuning is 150x150x150. Each

sample corresponds to the AOI around a single kidney. If the original AOI is too small, some

padding is added around the volume to match the expected dimension. If the original volume

is too big, it is cropped. Figure 6.8 shows a random example coming from each dataset after

fitting the data to the 150x150x150 volume.

(a) KiTS (b) CT-ORG (c) AIFMD

Figure 6.8: CT scan images of the right kidney area of a randomly chosen patient from each
dataset. The images were taken after pre-processing to fit a 150x150x150 volume.

6.5.4 Experiment 4: One Kidney Per Volume

In this experiment, we divided the area of interest into two separate volumes, each covering

one kidney, with dimensions 150×150×150.Figure 6.7a shows an example of the input that

we feed to the model in this set of experiments. This approach results in two volumes per

patient, one for each kidney. The primary advantage of this method is the improved resolution

within each volume, which may enhance the model’s ability to capture finer details relevant

to disease detection. However, this setup introduces a potential drawback: the signs of the

disease might only be present on one side, which could lead to incomplete or biased model

predictions.

6.6 Hardware

We conducted our experiments on a high-performance computation grid managed by SLURM

workload manager. Developped by Jette and al.[51], SLURM allows a flexible and efficient
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allocation of resources across the multiple nodes of the grid. We ran all of our experiments

using the same configuration. To handle the heavy computation, we requested an NVIDIA

RTX 3090 GPU, 4 CPU cores were used, mainly to handle file system operations. Finally, 32 GB

of RAM were allocated for our experiments.
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7 Results and discussion

In this section, we present and discuss the results of the different sets of experiments. We

present the best results obtained for each set of experiments. When relevant, we also provide

results obtained with specific setups if they provide meaningful insights. The results are

evaluated in terms of the model performance. By comparing the advantages and limitations

of each strategy, we aim to provide a comprehensive understanding of how these techniques

influence the detection of FMD signals and overall model robustness. Additionally, the discus-

sion explores potential challenges and future directions for improving accuracy and reliability

in similar applications.

7.1 Experiment 1: Patches

7.1.1 Results

In this set of experiments, we tried to use volumes of size 32x32x32, 64x64x64, 110x110x110.

For all size of volumes, we obtained the best results by training the model over 250 epochs

with a learning rate of 0.01 using Adam optimizer and a dropout of 0.3. and by applying data

augmentation. In the 32x32x32 setting, we used a batch size of 16. For the other settings, we

used a batch size of 5 with gradient accumulation over 3 epochs.

Table 7.1 shows the performances over the best fold for each of the subsets obtained by our

best model trained with patches of size 32x32x32. While the recall seems to stay consistent

with a value higher than 98% over all the sets, the other metrics are less stable. The model

performed the worst for the specificity by obtaining less than 15% for each subset. F1-score

reached 70% for two of the three subsets, due to the good recall of the model. The precision is

indeed around 50% for all subsets.

Table 7.2 shows in detail the results obtained for each of the 10-folds for our model trained

with patches of size 32x32x32. One can observe overall poor performance of the model and

the variability of performances across the different folds is quiet high. For example, fold-8
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barely reaches 42.8% accuracy while fold-9 reaches 55.4%. Despite the poor performances,

the high Recall across folds shows the model’s ability to detect true positives effectively.

Table 7.3 presents the averaged performances of our model trained with patches of size

32x32x32 over the 10-folds. The results shows that the model perform close to random for

accuracy and precision but has high recall.

Table 7.4 shows the performances over the best fold for each of the subsets obtained by our

best model trained with patches of size 110x110x110. This model is quiet stable. All subsets

obtained an accuracy greater than 60%, a f1-score greater than 65% and a recall greater than

70%. The worst metric is once again the specificity a maximum value of 55% on the train set.

Table 7.5 shows in detail the results obtained for each of the 10-folds for our model trained

with patches of size 110x110x110. While the precision of the model varies from 44% to 70%

across the folds, its recall is stable across the folds with a minimum value of 64% for fold-1.

This results in precision and recall leads to a f1-score geater or egal to 60% for all folds.

Table 7.6 presents the averaged performances of our model trained with patches of size

110x110x110 over the 10-folds. The results shows that the model obtained a score of 57+% for

all metrics.

subset num_samples precision recall f1 specificity roc_auc accuracy
train 9988 0.535 0.981 0.692 0.131 0.716 0.560

validation 3239 0.411 0.980 0.579 0.048 0.562 0.425
test 3257 0.531 0.985 0.690 0.117 0.563 0.554

Table 7.1: Performance metrics for train, validation, and test subsets on our best model trained
with patches of size 32x32x32

Fold-0 Fold-1 Fold-2 Fold-3 Fold-4 Fold-5 Fold-6 Fold-7 Fold-8 Fold-9
Precision 0.492 0.474 0.520 0.534 0.522 0.504 0.461 0.497 0.423 0.531
Recall 0.830 0.833 0.964 0.890 0.826 0.764 0.987 0.896 0.959 0.985
F1 0.618 0.604 0.676 0.668 0.640 0.607 0.628 0.639 0.587 0.690
Accuracy 0.505 0.506 0.547 0.533 0.521 0.524 0.468 0.486 0.428 0.554

Table 7.2: Performance metrics across 10 folds for model trained with patches of size 32x32x32.
Bold values indicate the best scores for each metric.

Min Max Avg. Median
Accuracy 0.428 0.554 0.507±0.032 0.515
Precision 0.423 0.534 0.496±0.027 0.499
Recall 0.764 0.987 0.893±0.06 0.893
F1 0.587 0.690 0.636±0.025 0.634

Table 7.3: Summary statistics for performance metrics across folds for model trained with
patches of size 32x32x32
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subset num_samples precision recall f1 specificity roc_auc accuracy
train 1781 0.641 0.759 0.695 0.551 0.737 0.658

validation 277 0.572 0.828 0.677 0.420 0.645 0.617
test 485 0.704 0.725 0.714 0.483 0.651 0.635

Table 7.4: Performance metrics for train, validation, and test subsets on our best model trained
with patches of size 110x110x110

Fold-0 Fold-1 Fold-2 Fold-3 Fold-4 Fold-5 Fold-6 Fold-7 Fold-8 Fold-9
Precision 0.546 0.566 0.481 0.581 0.537 0.475 0.523 0.513 0.704 0.441
Recall 0.914 0.637 0.996 0.819 1.000 0.983 0.760 0.842 0.725 1.000
F1 0.684 0.599 0.649 0.679 0.699 0.640 0.619 0.638 0.714 0.612
Accuracy 0.534 0.552 0.495 0.579 0.551 0.474 0.535 0.529 0.635 0.441

Table 7.5: Performance metrics across 10 folds for model trained with patches of size
110x110x110. Bold values indicate the best scores for each metric.

Min Max Avg. Median
Accuracy 0.441 0.635 0.577±0.045 0.551
Precision 0.441 0.704 0.571±0.046 0.581
Recall 0.637 1.000 0.716±0.038 0.679
F1 0.599 0.714 0.653±0.0381 0.637

Table 7.6: Summary statistics for performance metrics across folds for model trained with
patches of size 110x110x110

7.1.2 Discussion

The results obtained show that the model is not able to learn any signal of FMD from the

patches. While the model has an excellent recall when trained with small patches, the precision

and accuracy are similar to a random model. When trained with bigger patches, the recall of

the model stays relatively high and stable and the precision and accuracy are relatively higher.

However, the results still don’t show any significant learning.

We suspect that the difference of performances is due to the fact that with smaller patches, the

total number of samples is bigger. Therefore, for positive patients, more samples containing

no FMD signal are marked as positive and could therefore mislead the model.

7.2 Experiment 2: Full Volumes

7.2.1 Results

In this set of experiments, we tried different setups of datasets (aifmd only, aifmd + KiTS, aifmd

+ CT-ORG, aifmd + KiTS + CT-ORG) with different configuration of the hyper-parameters. The

best results were obtained by training the model with the combination of all three datasets
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over 500 epochs, with a batch-size of 7, with a learning rate of 0.01 and Adam optimizer. We

used a dropout of 0.3 in the classifier and a dropout value of 0.4 in the feature extractor. To

better understand the performance of the model, we used the three datasets in the train and

validation sets. The test set is composed of 12 control, respectively 12 positive patients.

Table 7.7 shows the performances over the best fold for each of the subsets obtained by our best

model trained on full volumes. While the model has a consistent recall higher than 90% across

all subsets, other metrics such as specificity, roc_auc and accuracy decrease significantly on

the unseen data from the test subset, droping respectively from 85%+ to 27%, from 90%+ to

63% and from 89% to 66%.

Table 7.8 shows in detail the results obtained for each of the 10-folds for our model trained

on full volumes. Fold-0 shows the best Precision and Accuracy with 87%, respectively 69%.

However, it also has the worst recall with a small 53%. In the opposite, Fold-5 obtained a

100% recall and a strong 76% F1-Score. In addition, its accuracy and precision are better than

average.

Table 7.9 presents the averaged performances of our model trained on full volumes over the

10-folds. While the averaged metrics seems to be quiet stable, the consistent big gap between

minimum and maximum values for each metric suggests instability across the folds.

subset num_samples precision recall f1 specificity roc_auc accuracy
train 255 0.578 0.974 0.725 0.876 0.952 0.890

validation 148 0.423 0.917 0.579 0.890 0.917 0.892
test 24 0.619 1.000 0.765 0.273 0.636 0.667

Table 7.7: Performance metrics for train, validation, and test subsets for best model trained on
sample containing both kidneys.

Fold-0 Fold-1 Fold-2 Fold-3 Fold-4 Fold-5 Fold-6 Fold-7 Fold-8 Fold-9
Precision 0.875 0.632 0.579 0.526 0.545 0.619 0.667 0.360 0.423 0.643
Recall 0.538 0.923 0.846 0.769 0.923 1.000 0.769 0.692 0.846 0.692
F1 0.667 0.750 0.688 0.625 0.686 0.765 0.714 0.474 0.564 0.667
Accuracy 0.696 0.652 0.655 0.500 0.542 0.667 0.600 0.333 0.433 0.550

Table 7.8: Performance metrics across 10 folds for best models trained on sample containing
both kidneys. Bold values indicate the best scores for each metric.

Min Max Avg. Median
Accuracy 0.333 0.696 0.563±0.086 0.571
Precision 0.360 0.875 0.587±0.113 0.587
Recall 0.538 1.000 0.800±0.087 0.808
F1 0.474 0.765 0.660±0.067 0.667

Table 7.9: Summary statistics for performance metrics across 10 folds for best model trained
on sample containing both kidneys.
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7.2.2 Discussion

By looking at Figure 7.7 we can see that the model has good accuracy, specificity and roc_auc

on the train and validation sets. However, the results drop significantly on the test set. This

indicate that while the model can detect all positive samples, it also outputs a lot of false

positive. The high drop in specificity for the test set, which contains only aifmd samples,

suggests that the model find a way to discriminate the datasets and is not learning patterns

related to FMD. To tackle this problem, we tried to leverage the work of Ganin and al. [50] and

trained our network using the architecture described in 6.3.2. While it seems to improve the

ROC AUC of the model, it lowered other essential metrics. The results of this experiment can

be found in Appendix C

7.3 Experiment 3: Pretrained Model

7.3.1 Results

In this section, we present the results we obtained with a model pre-trained using contrastive

learning. We first trained the model using the projection head described in section 6.3.3 for 500

epochs with ADAM optimizer and a learning rate of 0.001. In this configuration, we reduced

the batch-size to 3 to be able to fit the two augmentations of each sample of a batch in the

24Go of memory available.We used all three datasets for the pre-training. Once the model

was pretrained, we switched back to the classification head and trained the model for another

250 epochs using ADAM optimizer,a learning rate of 0.001 and a batch size of 7. Dropout

regularization was applied both within the classifier and between convolutional blocks, with a

dropout rate of 0.4. For the fine-tuning, we only used the aifmd dataset.

Table 7.10 shows the performances over Fold-0 which is one of the best fold for each of

the subsets obtained by our pretrained model. While the model shows stable accuracy and

roc_auc, both higher than 60% across the different subsets, the rest of the metric are either

stable but close random such as precision with about 52% on each subset, or unstable such as

recall with 81% on the validation set and 45% on the test set.

Table 7.11 shows in detail the results obtained for each of the 10-folds by our pretrained model.

Overall, the model performed poorly on all metrics. Even if the model obtained an accuracy

higher than 60% on Fold-0 and maximum recall on Fold-1, Fold-5 and Fold-7, its best precision

is only 52% on Fold-0 and Fold-8 obtained a recall of 18%.

Table 7.12 presents the averaged performances of our pretrained model. Even if the average

recall is 62%, the model shows its instability by having a standard deviation of 0.193 on this

metric and by obtaining recall score between 18% and 100%. The model does not even reach

an average of 50% on the other metrics, the precision being the worst with an average of 40%.
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subset num_samples precision recall f1 specificity roc_auc accuracy
train 224 0.523 0.511 0.517 0.699 0.642 0.625

validation 40 0.520 0.812 0.634 0.500 0.641 0.625
test 58 0.526 0.455 0.488 0.750 0.702 0.638

Table 7.10: Performance metrics for train, validation, and test subsets for best model pretrained
using constrastive learning.

Fold-0 Fold-1 Fold-2 Fold-3 Fold-4 Fold-5 Fold-6 Fold-7 Fold-8 Fold-9
Precision 0.526 0.415 0.250 0.432 0.302 0.458 0.400 0.423 0.400 0.429
Recall 0.455 1.000 0.318 0.864 0.591 1.000 0.636 1.000 0.182 0.818
F1 0.488 0.587 0.280 0.576 0.400 0.629 0.491 0.595 0.250 0.562
Accuracy 0.638 0.466 0.379 0.517 0.328 0.552 0.500 0.483 0.586 0.517

Table 7.11: Performance metrics across 10 folds with model pretrained using constrastive
learning. Bold values indicate the best scores for each metric.

Min Max Avg. Median
Accuracy 0.328 0.638 0.496±0.059 0.508
Precision 0.250 0.526 0.4035±0.0555 0.4165
Recall 0.182 1.000 0.6864±0.193 0.727
F1 0.250 0.629 0.485±0.082 0.489

Table 7.12: Summary statistics for performance metrics across folds with model pretrained
using constrastive learning.

7.3.2 Discussion

The pretrained model is clearly unstable and does not seem to learn any FMD signal. Indeed,

metrics such as recall ranges from 18% to 100%. In addition, the average accuracy, precision

and f1-score don’t even reach 50%. The saliency map on Figure 7.1 confirms that the model is

not looking at FMD signal. Indeed, the figure shows that the model is focusing on the bottom

right part of the volume which isis the location of the vertebral column.

7.4 Experiment 4: One Kidney Per Volume

7.4.1 Results

In this set of experiments, we used only the aifmd dataset and we tried different configuration

of pre-processing, hyper-parameters. By observing the classification made by our model on

the different folds and with different configuration, we identified 44 "hard samples" that have

never been correctly classified. An example of the impact of the hard samples is shown in

Appendix A.

The best results were obtained by removing those hard samples, by clamping the intensity of
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Figure 7.1: 2D saliency map for patient FMD30 on pretrained model. On the top, 8 slices taken
from the full volumes. On the bottom, the same slice with the saliency map overlay.

the samples in the range 150-500 and by cutting away the spine. For this last point, we applied

a global threshold to remove the part of the volume containing the spine. This choice was

guided by the clues obtained from saliencies on other experiments which show that the model

is looking at the spine. While this method works well for the majority of samples, some of

them still have remaining of the spine. Figure 7.2a show the effect of the threshold when it

successfully cut the spine and Figure 7.2b shows one of the sample which still have a small

part of the spine.

We then trained the model from scratch over 250 epochs, with a batch-size of 5, with a learning

rate of 0.01 and Adam optimizer. We used a dropout of 0.4 for the classifier and the feature

extractor.

Table 7.13 shows the performances over the best fold for each of the subsets obtained by our

best model trained on one-kidney volumes. The results show that on its best fold, the model

performed a score higher than 60% on each metric and for each subsets. The best results are

achieved on the recall, which takes value from 74% for the training set to 87% on the validation

set. In addition, the F1-score is higher than 65% for each subsets, which indicate consistent

results for the precision and recall.

Table 7.14 shows in detail the results obtained for each of the 10-folds by our model trained on

one-kidney volumes. While Fold-1, described in details in Table 7.13, obtained the best results

on precision, F1-score and accuracy, Fold-9 obtained the worst overall results with a precision

of 53% and a recall of 40%. Those results led to a F1-score of 46% whicih is the lowest result

across the 10 folds.

Table 7.15 presents the averaged performances of our model trained on one-kidney volumes.

In average, our model obtained results higher than 55% for all metrics and only precision

stands below 60%. The median is close to the average and is higher than 55% for each metrics.
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(a) (b)

Figure 7.2: Example of input volumes with the the cut of spine. On the left, the threshold cuts
correctly the full spine. On the right, the threshold cuts most of the spine.

(a) (b) (c)

Figure 7.3: Saliency map for three different samples on the AIFMD dataset.

7.4.2 Discussion

The results presented in Figure 7.15 shows significative improvement after removing the hard

samples. The model shows consistent results higher than 60% for all metrics except precision
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subset num_samples precision recall f1 specificity roc_auc accuracy
train 193 0.613 0.739 0.670 0.610 0.757 0.668

validation 36 0.700 0.875 0.778 0.700 0.797 0.778
test 47 0.654 0.773 0.708 0.640 0.685 0.702

Table 7.13: Performance metrics for train, validation, and test subsets for best model trained
with one-kidney volumes after removing hard samples.

Fold-0 Fold-1 Fold-2 Fold-3 Fold-4 Fold-5 Fold-6 Fold-7 Fold-8 Fold-9
Precision 0.571 0.654 0.630 0.577 0.500 0.475 0.630 0.577 0.545 0.529
Recall 0.727 0.773 0.773 0.682 0.773 0.864 0.773 0.682 0.545 0.409
F1 0.640 0.708 0.694 0.625 0.607 0.613 0.694 0.625 0.545 0.462
Accuracy 0.660 0.702 0.681 0.600 0.551 0.520 0.681 0.647 0.600 0.596

Table 7.14: Performance metrics across 10 folds with model trained with one-kidney volumes
after removing hard samples. Bold values indicate the best scores for each metric.

Min Max Avg. Median
Accuracy 0.520 0.702 0.6238 0.6235
Precision 0.475 0.654 0.5688 0.574
Recall 0.409 0.864 0.7001 0.750
F1 0.462 0.708 0.6213 0.625

Table 7.15: Summary statistics for performance metrics across folds with model trained with
one-kidney volumes after removing hard samples.

which is slightly below. We wanted to make sure that this problem with "hard" samples was

not due to a difficulty in learning some features because of the relatively small size of our

model (4̃ million parameters). Therefore, we tried to make our feature extractor deeper and

trained a model of 1̃5 million parameters. However, the performance did not improve. The

result of the experiment can be seen in Appendix B.

While there is still a lot of space for improvement, those results suggest that our model is

learning some pattern from the data and is therefore slightly better than random guess. In

addition, by looking at the saliency maps on Figure 7.3 we can see that the model is first

looking at the bottom part of the kidney and a little to the spine. This shows that even if small

portions of the spine remain on some samples, the cutting threshold helps to improve the

results. However, two new questions emerged from those results:

• To which extend the learnt pattern is related to FMD ?

• How to explain that the hard samples are impossible to classify correctly ?

To answer the first question we decided to further analyze the results to search for potential

correlations with patient metadata, especially the gender. We focused on the gender because
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it has been shown that FMD is more frequently discovered in women patient[1]. Figure 7.4

shows the gender distribution of misclassified patients for control ( 7.4a), respectively fmd

patients( 7.4b) for each of the 10 folds of our experiments without hard samples. The plot

shows the misclassified male patietn in blue, respectively the female patient in red. We

observed on Figure 7.4a that there is slightly more control woman classified as positive. In the

opposite, Figure 7.4b shows more male positive patient misclassified as control.

In order to confirm our visual assumption, we ran a Chi-Square statistic test to assess a possible

correlation between the prediction done by the model and the gender of the patient. Figure 7.5

shows the result of the test over the 10 folds. The plot shows the output of the test( 7.5a as well

as the p-value( 7.5b). To help interpretation, we draw the significance threshold (0.05) in red.

With all values below the threshold, we clearly see that there is a strong correlation between

the gender and the classifications of positive patient. For the control patient, we can see that

the median is slightly above the threshold, which suggest a correlation, but weaker than for

the positive patient.

The second question is however harder to answer. We did not find any relevant correlation

between the hard samples and the metadata. In addition, we did not see any significant

differences by inspecting them visually. We are suspecting that:

• those specific scans may have intensity range slightly different from the other samples

which leads to removal of important features (ie: arteries / kidneys) when we apply our

generic clamping.

• the model tries to classify the samples by gender and those specific samples have

morphological features close to the other gender (ie: space between organs, size of

kidney, etc.)

However, those are only assumptions and we need to run further analysis to confirm them.

7.5 General Discussion

The results of our experiments highlight several key insights into the performance of our

model.

One notable finding is that using one volume per kidney seems to be a good trade-off between

the number of samples and the quality per sample. While data augmentation is mandatory to

virtually increase the size of our dataset, leveraging prior knowledge to remove unessential

features (ie: vertebral column) is as much important. With such pre-processing, the model

consistently outperforms both splitting volumes into smaller patches and maintaining the

full area of interest in a single volume. This aligns with our hypothesis that dividing the

volumes into patches labeled with the global status of the patient may prevent the model from

converging.
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(a) CTRL Patients

(b) FMD Patients

Figure 7.4: Distribution of misclassified patients by gender for each of the 10 folds. Subplots
show control patients, respectively fmd patients.

Another insight is that models pre-trained with constraint learning seem to have a tendency

to focus on the vertebral column as shown on Figure 7.1 which leads to poor performance in

FMD detection.

Finally, the gender bias inherent to the disease is also reflected in our dataset and has been

corroborated by our analysis. A chi-square test confirmed a significant correlation between

the model’s predictions and gender, suggesting that the model may be leveraging gender-

specific features as part of its decision-making process. Although this correlation highlights

the model’s sensitivity to anatomical differences, it also raises concerns about potential biases

in the classification process. Addressing this issue will require careful consideration in future

iterations.
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Chapter 7. Results and discussion

(a) Chi-square value

(b) P-value

Figure 7.5: Result of Chi-Square test
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8 Conclusion

In this document, we presented an approach to automated detection of fibromuscular dyspla-

sia using 3D convolutional networks.

Our contribution is a first step towards FMD detection using deep learning by proposing a 3D

CNN architecture to detect the disease. We also proposed to experiment with four strategies

to handle the small dataset size inherent to rare diseases in medical imaging. In addition, we

evaluate the performances of the model for each strategy. Finally, as explainability is crucial in

medical imaging, we leverage GradCam++ to provide an explanation of the inferences made

by our model by computing volumetric saliency mapping. Moreover, we proposed to extend

the ROAD score metric calculation to 3D models to ensure that saliency maps are a good

representation of the model decision process.

Our experiments show that FMD detection leveraging volumetric data from a dataset with

less than 200 patients is a complex task. Our attempts to use patch-based learning, to use

contrastive learning, and extract patterns from the entire area of interest (both kidneys per

sample) did not lead to a converging model. We obtained promising signs of FMD detection

by generating one sample per kidney and by refining the samples to remove as much noise as

possible based on prior medical knowledge.

Future work can improve several areas of our research. In particular, our current pipeline,

which removes noisy elements from the volume according to prior knowledge, must be refined

and automated. Indeed, the current thresholds are set globally, which can lead to significant

differences between volumes. Furthermore, we must run further analysis to understand if

some specific samples are never classified correctly because of our current pre-processing

pipeline, some common noisy pattern, or any other reason. Finally, we should tackle the

gender bias problem to ensure that our model can effectively learn patterns related to FMD.

To address those issues, instead of focusing on the whole area of interest, a possible direction

would be to train a model to isolate the arteries and leverage it to focus the training of our

FMD classifier on this specific area. Another direction would be to extend the dataset with
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Chapter 8. Conclusion

positive patients to help better capture the pattern of FMD. However, this solution may take

time to implement because it requires manual work and is usually a lengthy and costly process.

Finally, changing the representation of the data by using a spiral-spinning technique [52] could

allow us to leverage transfer learning from 2D models to mitigate our current limitations.
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A Effect of the "hard samples" on the
performances of a model

To show the effect of the control samples which are never correctly classify, we trained a

model from scratch on AIFMD dataset by ensuring that there was no hard samples in the train

and validation sets. We clamped the intensity of the samples in the range 150-500 and we

trained the model over 250 epochs, with a batch-size of 5, with a learning rate of 0.01 and

Adam optimizer. We used a dropout of 0.4 for the classifier and the feature extractor. After the

training, we built two test sets. One composed of 47 samples without any hard samples and a

second one with the exact same 47 samples and adding 13 hard samples. Figure A.1 shows the

results we obtained with the model. One can see that the precision dropped from 59% to 40%

and the accuracy dropped from 63% to 50%. The recall did not change because all of the hard

samples are coming from control patients. Figure A.1 shows the ROC curve obtained during

the experiment. While the ROC curve for the test set (in green) follows the trend of the other

two curves in our experiment without hard samples, one can clearly see that the results get

worse when we add the hard samples. In addition, the AUC of 0.49 indicate that the model is

acting randomly when the hard samples are added.

subset num_samples precision recall f1 roc_auc accuracy
train 206 0.565 0.841 0.676 0.816 0.655

validation 36 0.652 0.938 0.769 0.841 0.750
test no hard 47 0.593 0.727 0.653 0.645 0.638

test with hard 60 0.400 0.727 0.516 0.487 0.500

Table A.1: Comparison of the performance of a model on a test set with vs. without the hard
samples. The subset "test no hard" does not contain hard samples. "test with hard" contains
the hard samples.
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Appendix A. Effect of the "hard samples" on the performances of a model

(a)

(b)

Figure A.1: ROC curves. On the top, the test curve is obtained using the test set without hard
samples. On the bottom, the curve is obtained using the hard samples in the test set. For
both figures, the train and validation curve are identic as they are coming from the same
configuration.

56



B Performance of deeper model on test
set with "hard" samples

To understand if a deeper model would help to better classify the hard samples, we modified

our model to make its feature extractor deeper by adding additional ResBlock to increase the

number of parameter from 4 millions to 15 millions parameters. We then trained the model

from scratch on AIFMD dataset. We clamped the intensity of the samples in the range 150-500

and we trained the model over 250 epochs, with a batch-size of 5, with a learning rate of 0.01

and Adam optimizer. We used a dropout of 0.4 for the classifier and the feature extractor.

Figure B.1 shows the results we obtained with the model. One can see that while the training

performance shows that the model is learning something from the data, the performance

drops significantly for the validation and test set. Figure B.1 shows the ROC curve obtained

during the experiment. The curves tend to confirm the results presented in the Table B.1. By

comparing this model with the 4 million parameters version, one can see that a shallower

model performs better than a deeper one for our task. This is certainly due to the fact that our

dataset is pretty small and a deeper model requires more data for effective training.

subset num_samples precision recall f1 roc_auc accuracy
train 193 0.613 0.739 0.670 0.748 0.668

validation 47 0.438 0.875 0.583 0.631 0.574
test 80 0.250 0.636 0.359 0.376 0.375

Table B.1: Performance of a 15 million parameters model on a test set with the hard samples.
The subset.
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Appendix B. Performance of deeper model on test set with "hard" samples

Figure B.1: ROC curve obtained from train, validation and test sets for a 15 million parameters
model.
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C Effect of Domain Adversarial Learning

In this experiment, we wanted to understand the effect of domain adverserial learning during

the training of our model. Therefore, we started by training and evaluating our model from

scratch . Then, we modified the model to add the modules required for domain adverserial

learning. We trained this new model from scratch on the same data and with the same hyper

parameters as the first model.

We used our dataset composed of 150x150x150 volumes containing both kidneys from AIFMD,

KiTS and CT-ORG datasets. We selected randomly 11 control patients and 12 positive patients

from AIFMD dataset to compose our test set. The rest of the samples were used to generate

the training (256 samples) and validation set (148 samples). The models were trained over 500

epochs with a learning rate of 0.001 and ADAM optimizer. We used a batch-size of 7 with a

gradient accumulation over 5 batches. In addition, we applied the three gradient accumulation

techniques described in our methodology. Table C.1 and Figure C.1a show the performance,

respectively the ROC curve of our model without domain adversarial learning. The ROC curve

for the test set and the ROC AUC of 0.56 show poor generalization performance by comparison

to the results for the train and validation sets, which both obtained ROC AUC higher than 0.95.

In comparison, Table C.2 and Figure C.1b show the performance, respectively the ROC curve

obtained after the training with domain adversarial learning. By comparing the results for the

different sets, the model also shows difficulty to generalize with significant gap between the

test set and the two others. While the precision increase from 43% to 70%, the accuracy and

the ROC AUC dropped from 80+% to 60%, respectively from 89+% to 69%.

by comparing the two models, the version trained with domain adverserial learning has worse

performance on all metrics for the train and validations sets. However, on the test set, its ROC

curve look show better performance and its ROC AUC increased from 56% to 69%. Those

results tend to confirm that the assumption that the model is learning to discriminate the

datasets was correct. Indeed, with domain adverserial learning, the model performed worse

on the same data and the same training setup because we forced it to not learn the features

allowing to discriminate the datasets. If the model was not looking at those features, the
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Appendix C. Effect of Domain Adversarial Learning

(a)

(b)

Figure C.1: ROC curves. On the top, the model has been trained without domain adversarial
learning. On the bottom, the model has been trained with domain adversarial learning.

domain adverserial learning would have a less significant impact.

subset num_samples precision recall f1 roc_auc accuracy
train 256 0.763 0.763 0.763 0.967 0.930

validation 148 0.500 0.833 0.625 0.947 0.919
test 23 0.692 0.692 0.692 0.562 0.652

Table C.1: Performance of our model trained without domain adversarial learning

subset num_samples precision recall f1 roc_auc accuracy
train 256 0.476 0.526 0.500 0.890 0.844

validation 148 0.435 0.833 0.571 0.919 0.899
test 23 0.700 0.538 0.609 0.692 0.609

Table C.2: Performance of our model trained with domain adversarial learning
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