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Abstract

After introducing the basics of image segmentation from a clinical, regulatory, and
technical perspective, we define the Attention U-Net model and a corresponding training
loop. We define DICE, Hausdorff, and GradCAM-based quality metrics to evaluate the
performance of the model, as well as their differentiable variants used for training. We
analyze how different metrics change when the model is post-trained with new images,
while the initial training set is not available. We also analyze whether smaller or bigger

tumors are impacted more during the post-training phase.
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1 Introduction

1 Introduction

In our modern society, cancer is the second leading cause of death worldwide[27]. A trend
can be seen that the number of cancer cases is rising. There are several factors that con-
tribute to this fact: medical imaging and diagnosis have been improved, resulting in more
cases that have been missed in the past; due to a better healthcare system and available
cures, people live longer, therefore there is an increased chance of developing cancer; the
lifestyle has changed, such as tobacco consumption and highly processed nutrition.

Cancer has no general cure; it can only be treated with different methods. Survival rate
highly depends on the time of detection, the affected tissue, and the type of cancer. There
are three basic treatment types available: chemotherapy, surgical removal, and radiotherapy.
The applied method(s) depend on several factors. Both diagnosis and treatment require
a great amount of medical human resources and equipment. These resources are limited,
and depending on how a country is developed, one or both resources may be an issue in
diagnosis and delivering the treatment.

Medical image segmentation is an important step in clinical diagnosis, treatment plan-
ning, and treatment verification. It needs highly skilled medical professionals and high
capital equipment. To improve the efficiency of the healthcare system, besides increasing
the available resources, the precision of the treatment can be improved, and the time needed
to treat a patient can be decreased.

Artificial intelligence offers an opportunity to improve both the precision and decrease
the amount of time spent per patient. Image segmentation was a fully manual task in the
past, while later image processing algorithms were developed to aid the segmentation. With
the improved computational capacity, neural networks can also be trained to perform this
task, often outperforming the classical algorithms.

One of the differences between classical segmentation algorithms and neural network-
based algorithms is that, while for the former class, it can be traced how the segmentation
was found, in the latter case, it is not evident. In the clinical field, precision is the most
important part as it directly impacts the effectiveness of the diagnosis or treatment and the
safety of the patient. As a result, currently, it is mandatory to have a human in the loop who
finally reviews and approves any outcome. Medical device manufacturers are responsible for
the safety and effectiveness of the medical devices, and their activities are highly regulated
by laws.

There is a demand to remove the human in the loop in some cases. The medical
professional shortage is extreme in developing countries. Their biggest bottleneck is not the

high capital equipment, but the human resource shortage. While the equipment requires
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an investment usually from the public healthcare system, and then the recurring required
maintenance, medical device companies are interested in bringing their devices to these
countries, and they offer special financial programs to support it. On the other hand,
handling this equipment requires special know-how and experience. Higher educational
systems in these countries are either not capable of producing these professionals, or they
cannot meet the demand. The other problem - in contrast to the equipment - is that the
medical professional might move abroad to a more developed country.

In these countries, removing the human from the loop could be a future option to
provide better healthcare to the population, as it could help with the medical professional
shortage. In developed countries, the focus is on delivering better treatments with more
precise information. The bottleneck for this is often the medical device manufacturer, as
they are not capable of delivering frequent updates to the field, incorporating all the feedback
and user needs. One option for the end user would be to adjust the system based on their
feedback. To achieve these, the first step is towards the XAI - eXplainable, transparent,
and trustworthy Al

In this work, I will describe a deep learning model for segmentation, along with a
combined loss function. I will analyze the impact of post-training the model with new
images using different metrics and evaluate if the accuracy of the small or large tumors
shifts more. The aim is to evaluate whether post-training could be feasible in the field

without having the initial training set.



1 Introduction

1.1 Notations

Throughout this work, the following mathematical notations are sustained:

[e)

Al

reA

A\ B
AUB
ANB

>

XY

reX

Q

0

log z

||z
mingex f(z)
maxgex f(z)
max(x,y)
p(A)
p(A[B)
diag(A)

X

Jx

Hadamard symbol. Element-wise multiplication of matrices
the number of elements in set A

x is an element of set A

set A without the elements of B

union of set A and B

intersection of set A and B

Summation of the elements

Represent binary image

a pixel coordinate in binary image X

Set of pixels

the parameters of the neural network

Natural logarithm of x

Euclidean (p = 2) norm

minimum value of function f over X

maximum value of function f over X

maximum of z and y

probability of event A

conditional probability of event A given event B
Diagonal elements of matrix A

Sample space

Integral over X

1.2 Structure of the Thesis

The remainder of this thesis is organized as follows: Section 2 explores the clinical back-

ground of cancer, the clinical workflow, and the different demands and challenges worldwide.

We briefly describe the international regulatory framework governing medical devices and

artificial intelligence in Section 3. We show an implementation of a medical segmentation

algorithm in Section 6. We use a Brain Tumor MRI dataset for training and validation,

described in Section 5. To measure the quality of the segmentation, we define several met-
rics (Section 7): DICE, Hausdorff, and GradCAM-based scores. Finally, sections 9 and

10 present experimental results regarding post-training performance shift and outline a

conclusion.
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2 Clinical background

Why do we need segmentation? There are several cases when we would like to identify
a specific area of the human body, either based on biological function or characteristic of
the cells in the target area or the surrounding tissues. Besides the identification, volume
measurement can contribute to diagnosis and treatment.

In cancer treatment, the location and the size may influence the applied treatment
type. Based on the volume (size of the tumor), the physician(s) may decide to remove
the tumor surgically or use radiation therapy. Tumors are considered to be defective cells
in the body that tend to grow and replace functional surrounding cells with tumor cells.
Cancer cells appear when a normal cell mutates its DNA for some reason. It is thought
that these mutations suppress normal biological processes which are protecting the cells
from becoming a tumor. There are eight hallmarks identified that enable the growth of the

tumor [10]:

1. Sustaining proliferative signaling
2. Evading growth suppressors

3. Avoiding immune destruction

4. Enabling replicative immortality
5. Activating invasion and metastasis
6. Inducing angiogenesis

7. Resisting cell death

8. Deregulating cellular energetics

Since the immune system is not capable of killing these ill cells, external intervention
is needed. One of the primary treatment methods is surgery, where the tumor is removed,
and the other one is radiation therapy (internal or external), where high-energy ionizing
radiation is applied to the tumor to further damage its DNA, so it eventually dies [4].
Segmentation for external radiotherapy is crucial as a precise radiation plan needs to be
developed, which irradiates the tumor as much as possible. Tumors are surrounded by
healthy tissues, sometimes critical organs (called Organs At Risk - OAR), where we would
like to minimize the radiation dose. We cannot avoid irradiating healthy tissues, but with
optimization, it can be minimized. Irradiation is usually done in 3D space, so the tumor

gets the dose from multiple angles.
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Precisely localizing the tumor and the organs at risk is crucial from a safety and ef-
fectiveness point of view. As the number of cancer patients is constantly climbing, the
healthcare system needs to catch up with the increased demand. One way is to improve the
throughput by delivering the treatment faster, which can be narrowed down to the following
stages:

e Treatment Planning: Delineating target volumes and OARs on planning CT/MRI

scans.

e Patient Positioning: Aligning the patient physically to mirror the spatial coordi-

nates of the simulation scan, adapting the plan if needed.
e Treatment Delivery: Administering the planned ionizing radiation dose profile.

e Treatment Verification: Utilizing on-board imaging (e.g., Cone Beam CT) to mon-

itor anatomical changes over fractions.

Treatment planning uses segmentation techniques the most. Classical segmentation
algorithms are industry standards to use. These algorithms produce a draft segmentation,
where a healthcare professional reviews and corrects the output. The neural network-
based segmentation methods usually provide a better output. As a result, the healthcare
professional needs less time to finalize the segmentation. Ideally, no further correction would
be needed.

Medical device manufacturers, besides measuring the quality of the segmentation with
predefined metrics (DICE, Intersection Over Union, etc) - which are important from a
clinical evaluation aspect - also validate it with the target user group. The user shall be

able to realize time savings when using the new method over the old one.
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3 Regulatory overview

Most of the countries regulate the medical devices market and also regulate the use of Al-
driven products or products using Al. Manufacturers have to comply with these regulations
in the target country, otherwise their products are banned. High scrutiny facilitates safe
products and serves as a basic quality control as well. Medical Device regulations are
comparable in all countries and have a long history, while the regulation of Al is quite new,

and there are substantial differences.

3.1 Medical Devices

Medical device regulation dates back to 1976, when the Food and Drug Administration, a
federal agency, released the Medical Device Amendments to the FD&C Act in the U.S. The
goal of the legislation is to provide assurance that a medical device is safe and effective:
it does not harm people, and it can fulfill its intended use effectively. The regulation was
written in an agnostic way, as compared to other types of devices where there are safety
concerns; the devices vary largely in terms of used technology, duration of use, professional
vs layperson use, and being implantable or active devices. The definition is thus quite
broad, built around identifying the intended function rather than any specific usage or
design. The following definition is from the EU Medical Device Regulation (745/2017), but
other countries have very similar ones:

”’medical device’ means any instrument, apparatus, appliance, software, im-

plant, reagent, material or other article intended by the manufacturer to be

used, alone or in combination, for human beings for one or more of the following

specific medical purposes:

e diagnosis, prevention, monitoring, prediction, prognosis, treatment or alle-

viation of disease,

e diagnosis, monitoring, treatment, alleviation of, or compensation for, an
injury or disability,
e investigation, replacement or modification of the anatomy or of a physio-

logical or pathological process or state,

e providing information by means of in vitro examination of specimens de-
rived from the human body, including organ, blood and tissue donations,
and which does not achieve its principal intended action by pharmacolog-
ical, immunological or metabolic means, in or on the human body, but

which may be assisted in its function by such means.” [7]
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Medical manufacturers shall provide objective evidence that they meet the legislation
before putting the device to market. Depending on the risk class of the device, the legislator
may require approval by the authority. Activities of manufacturing include the design and

development of the devices, not only the manufacturing steps.

3.1.1 European Union

In the European Union, the 745/2017 (EU Medical Device Regulation, MDR) regulates
medical device manufacturing. The regulation shall be followed as soon as it is determined
by the manufacturer to meet the definition of a medical device. The regulation stipulates
all activities during the lifecycle of the product, including the design and development
phase. While the regulation does not contain any specific information about an Artificial
Intelligence-based algorithm, the requirements are sufficiently general to enforce proper Al
algorithm implementation, verification, and validation. However, the awareness of the risks
of Al algorithms was not prominent even for notified bodies, and manufacturers did not use

Al in their products due to the low availability of computational capacity.

3.1.2 TUnited States of America

In the United States, the manufacturing of medical devices is regulated by the 21 Code
For Regulation part 820. The U.S. was the first country which recognized that software in
medical devices carries an increased risk, due to their complexity and the inability to do
100% verification on the software. The required design activities are even identical or very
similar to those of the European Union. The regulator is the Food and Drug Administration
(FDA), which controls the market. Since in the U.S., there is no separate regulation for
AT devices, the FDA issues guidance documents to provide topic-wise interpretation of the

regulation.

3.2 Artificial Intelligence

The use of Artificial Intelligence has rapidly spread in recent years due to the increase
in computational capacity. In parallel, the increase in the amount of processed data also
followed, which enabled having an impact on a diversity of technologies. Despite the new
opportunities to boost efficiency in business or automate tasks that were not possible before,
there is an increased risk of using this new technology. As Al can be applied to many fields,

a wide variety of hazards shall be considered.

10
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Countries start to recognize that leaving it being applied without control can cause severe
damage to the economy, property, society, or human life. New regulations are emerging to
control one way or another. Some prioritize ultimate safety and human rights, while others

leave room for more creative use of Al

3.2.1 European Union

The European Union was the first to have a very detailed regulation for Al-enabled products.
It covers a wide range of products, services, and activities and is applicable to all commercial
goods (it excludes research). It identifies four main product groups [16]:

e Unacceptable risk: these devices cannot be deployed

e High-risk devices: these devices require meeting harmonized standards and require a

notified body! involvement to place them on the market.
e Limited risk devices: device is subject to certain transparency rules

e Low or no-risk devices

The medical devices fall into the high-risk category according to the regulation. The
development of high-risk systems is controlled by the regulation, there shall be adequate
safety, transparency NS explainability for a product. Omne other requirement is that a
natural person shall be able to oversee its functioning, including whether it can fulfill its
intended use during its lifetime. Before placing the device on the market, appropriate

human oversight measures shall be defined [8].

3.2.2 United States of America

The United States of America does not have strict regulations on Al product development
and usage. They have a National Policy Framework for Artificial Intelligence [23] which
sets out some goals, including child protection and labor, but generally it supports the use
of artificial intelligence. It also gives a guideline that the detailed regulation will be state
responsibility, but the framework shall prevent too much deviation among them.

The federal Food and Drug Administration (FDA) issues guidance documents on the
AT usage in medical devices, which clarifies the federal agency’s standpoint on the Quality

Medical System Regulation when it comes to Al-enabled devices.

17 A notified body is an organisation designated by an EU country to assess the conformity of certain
products before being placed on the market. These bodies carry out tasks related to conformity assessment
procedures set out in the applicable legislation, when a third party is required.” [6]

11
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3.3 Medical Device with AI

Medical devices with an Al component or being an Al medical device product shall comply
with both the EU AI Act and the EU Medical Device Regulation. A common misunder-
standing persists that the regulation forbids developing an Al-enabled medical device that
can be fine-tuned by the end user in the field. It is generally allowed, but it shall be ensured
that the safety and performance of the device do not degrade during the fine-tuning. Both
the Medical Device Regulation and the EU AI Act enforce it. It is crucial that the amount
of change should not be significant, as medical device regulations require new regulatory
action (in the EU, it requires a new conformity assessment, in the U.S., a new submis-
sion) from the manufacturer in this case. The non-significant changes shall be carried out
according to predetermined changes set by the manufacturer.

In the U.S., the FDA has developed a guidance document in 2025 specifically on how
changes shall be controlled for Al-enabled medical devices [24]. It provides specific examples
of when a modification to the devices in the field was permissible or not. The Predetermined
Change Control Plan is authored by the manufacturer, and it shall list what kind of changes
are permitted in the field. It may contain complete re-training or fine-tuning for the model.
It also guarantees, through verification and validation, that safety and effectiveness are

ensured for the device after the change is implemented.

12



4  Objectives

4 Objectives

In this thesis, we are looking for answers to the following:

e Can a saliency score be used to measure accuracy?

e Is there a difference in accuracy drift for small and large tumors when post-training

is used to train new images from the same type of tumors?

e How does the accuracy drift change with different loss functions used to calculate the

Fisher Information Matrix?

13
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5 Dataset

We use the Brain Tumor MRI Dataset from the Science Database [5]. It consists of three
types of tumors with the corresponding binary masks: Glioma, Meningioma, and Pituitary
tumor. We will use the Glioma subset only, which contains 554 grayscale MRI scans, with
an image size of 512 x 512. Binary masks have the same size.

We plan to have two training cycles: a base training, where the model is trained to
perform on the validation dataset with at least a DICE score 0.7; and a second - post-
training - cycle, which will attempt to train additional Glioma images without having
catastrophic forgetting. Therefore, the training dataset is further split with 95% - 5%,
having a base dataset with 527 images and 27 images for the second training cycle.

We divide the base dataset into a train and a validation dataset using the 80% - 20% rule,
which gives us 421 training images and 106 validation images. The tumor size distribution is

shown in Figure 1. The validation dataset is further categorized into small or large tumors.

(a) Train dataset (b) Test dataset

Figure 1: Size histogram

5.1 Augmentation and transformations

There are three different places where image alteration has been implemented:

e During initial image loading from storage
e Custom Dataset image access

e Dataset transformation on data access
Image loading. When images are loaded from external storage, it applies normalization
to the MRI scans and transforms the mask image to {0,1}. It also calculates a distance
transform of the mask, which will be used later in the loss function. Given a binary image
(in our case, it is a mask), the distance transform is a map where each pixel value represents

the distance to the first background pixel. We would like to create a map where each pixel

14
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represents the distance to the contour of the mask: if a pixel is outside the mask, it gets a

positive value; a pixel inside the mask gets a positive value too. It will show a 0 value on
the exact contour and borderline.
We calculate it in three steps:

1. We calculate a distance transform map, where value 0 is the background value, and

value 1 is the mask value. In this map, everything outside the mask will be 0, and

within the mask, from its center point, it will gradually fade out.

2. We invert the image, so the mask will get a value 0, and everything else will get a
value 1. We repeat the same procedure. In the map, every pixel inside the mask will
be 0, while outside, the pixel values gradually increase as the distance gets bigger

from the contour of the mask.

3. The two maps are added, and as a result, only the contour will have 0 values.
This combined map is stored for each mask.
Image Access. When the custom dataset receives a random access request, it randomly
performs the following operations on the image, mask, and the distance-transformed:
e [t rotates the image, mask, and the distance-transformed mask by either 0, 90, 180,or
270 degrees.

e It flips the image, mask, and the distance-transformed mask horizontally.

Both random samplings are from a uniform distribution. Rotating by multiples of 90
degrees and flipping are operations that can be applied to the distance transform without
needing to recalculate it.

Dataset transformation on data access. There is a limitation on what kind of augmen-
tations can be applied: only those that do not change the mask or the distance-transformed
mask. Therefore, we need to have shape-retaining transformations. As a result, scaling,

rotation, and clipping cannot be used. We apply only a Gaussian Noise to the MRI scan.

15
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Figure 2: U-Net architecture
6 Model

For medical image segmentation, the U-Net architecture is one of the most widely used
solutions. It provides good accuracy and also memory efficiency [2]. Many variants and
improvements to the original U-Net architecture exist. The standard architecture is a U-
shaped model, where the left side provides the encoder functionality (contracting path)
and the right side provides the decoder (expansive path), and horizontally, there is the
bottleneck layer, containing the richest feature representation. The number of channels
on the left and right increases with depth, while the spatial resolution has the opposite
attribute. There is a skip connection (concatenation) on the decoder side from the encoder
on the same level, allowing the model to utilize information directly from the encoder [20].

The basic U-Net architecture is depicted in Figure 2

6.1 Attention U-Net

Natural language processing performance was boosted when the attention mechanism was
introduced [25]. Based on this idea, a similar concept was proposed for the U-Net archi-

tecture by using attention gates [19]. The main idea is that the skip connections receive a
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Figure 3: Attention U-Net architecture [19]

learnable attention gate, which can filter the information received from the encoder side,
based on a signal from a lower decoder layer.

The attention gates (depicted in Figure 4) receive two inputs: one signal from the lower
decoder (g) layer and one from the encoder (z'). The W, is a 1 x 1 x 1 convolution with a
stride of 2, so it downsamples the input to match the resolution with g. At the end of the
chain, before the multiplication, the result is up-scaled to match the resolution of .

The W, convolution with a stride of 2 simply drops every second pixel, therefore we lose
information. To overcome this, we apply a slight modification to the attention gate. Instead
of downsampling and matching the 2! to ¢, we leave the spatial resolution of z! as it is and
upscale ¢ instead. Therefore, the re-sampler is moving from the end of the gating block,
right after the W, convolution. Usually, the fastest up-scaling method is used, which is
by default in PyTorch, is the nearest-neighbor. It produces a pixelized output, which may
influence the accuracy. We choose the bi-linear interpolation techniques, which produce
better results compared to nearest-neighbor, but still faster than bi-cubic interpolation[9].
The modified gating block is depicted in Figure 5.

The Attention U-Net model we use throughout this work has the following parameters:

e Base channel size is 32

e depth is 5 = which means there are 4 down convolution blocks, 1 bottleneck block.
4 up convolution blocks

Since the dataset contains only 554 samples, and besides the augmentation used, we

17
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would like the model to be able to generalize better[21], therefore, a dropout layer is used
in each layer, except the first one. The Droput2d function is used, level-wise probability is
applied (Equation (1)): 0,0.15,0.1,0.15,0.2. Dropout is not used in the gating blocks.

level
4

p(dropout) = 0.2 ,level € {0,...,4} (1)

6.2 GradCAM

To understand which information was used in the picture by the model to generate the
output mask, we can take a look at the activations in the model. A method, Classifica-
tion Activation Map [28], was proposed, where areas of the image could be identified that
drive the specific classification of the network. There are reports on using saliency maps
for medical image classifications, gaining insights into which region influenced the model
decisions the most. GradCAM was reported to underperform compared to newer methods,
like ScoreCAM|[3]. The efficiency and usefulness of GradCAM were evaluated in an article[1]
in the ophthalmology area, where it was reported that small features were not detected by
GradCAM. It also concludes that GradCAM (and similar techniques) has limitations in
explainability but may better perform in debugging the model.

While it was used for classification tasks, the method can be applied generally. For
segmentation tasks with Attention U-Net, the map will show which area contributes to the

final mask.
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7 Metrics

In any application and industry, when a computed or generated result is used for decision-
making, it is important to know the extent to which we can expect an accurate result. In
medical imaging, it means we would like to know, on average, how accurate the segmentation
can be [18], whether it aids diagnosis or treatment. Different metrics have been developed,
each of which measures the accuracy from a different aspect.

Manufacturers tend to report high accuracy for the end users, but it does not neces-
sarily mean that the result always meets the expectation. Al-based methods outperform
classical algorithms, and there are already several organs or tissue which can be segmented
comparable to human performance. It raises the risk that there can be overconfidence in
the algorithm, and while it is always required to validate the result, the false confidence can
lead to overlooking an error. Therefore, measuring the Al performance is crucial not only
in the development phase, but also after the Al solution is deployed.

We will present three metrics.

7.1 DICE

The DICE score — also known as DICE Similarity Coefficient — is the most used metric for
validating the segmentation [22]. It measures the amount of overlap between two samples
and gives a score between 0 and 1, where 0 means no similarity and 1 means perfect overlap.
The score is calculated using the number of True Positive(TP), False Positive(FP), False
Negative(FP) pixels (Equation (2)).

_2XnYy| 2TP
~|X|+|Y| 2TP+FP+FN

DSC(X,Y) (2)

In medical image segmentation, the mask is a connected set of pixels. The disadvantage
of using the DICE score is that when we compare our predicted area to the ground truth,
and there are non-overlapping pixels far from the reference object, it may produce the same
DICE score, while we see that the result is far from the expectation. The DICE score does
not consider distances. Our goal is to get a segmentation that is as close as possible to the

ground-truth.

7.2 Hausdorff distance

Hausdorff distance is a distance-based metric; it measures how far apart the boundaries

of the two sets are. The one-sided distance measured between X and Y is defined in
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a) Ground truth b) Image 1: c) Image 2:
(a) g g
DSC = 0.5882, DSC = 0.5882,
HD = 28.28 HD =134.35

Figure 6: DICE scores: ground truth and two images with identical DICE scores

Equation (3), while the distance between Y and X is defined in Equation (4).

hd(X,Y) = in ||z — 3
(X,¥) = maxmip ||z — yl|2 (3)
hd(Y, X) = in ||z — 4

(¥, X) = maxmin ||z — g}, (4)

To get the bidirectional distance, we take the maximum of the one-sided distances (Equa-
tion (5)). In the medical image segmentation, we measure the distance of the boundaries of

the segmented area. We use Ly Euclidean distance, but other metrics could also be used.
HD(X,Y) = max(hd(X,Y), hd(Y, X)) (5)

7.3 Saliency score

As we saw in Section 6.2, the Grad-CAM image shows where the model is focusing. When
we know the ground truth segmentation mask, then we can calculate a score indicating how

much attention falls in the desired target area compared to all attentions.

(GCam(X) oY)
> GCam(X) (6)

Sc(X,Y) = 2

Where X is the predicted mask, and Y is the ground-truth mask. Bigger scores mean

the model is focusing on the area of the tumor mask.
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8 Training

The training is done in batches of 8 samples; additionally, gradient accumulation is applied
with a value of 4. It gives us an effective batch size of 32. Training loop implements gradient

clipping to avoid gradient overflows.

8.1 Loss function

The standard loss function would be to use DICE, but using the DICE score alone could
still potentially mark segments far from the original mask. To overcome this, we use a
combination of DICE score and Hausdorff distance as suggested by Davood Karimi and
Septimiu E. Salcudean [11]. The DICE scores help maximize the overlapping area, while
the Hausdorff distance minimizes pixels outside of the desired area.

Neither of the defined metrics in Equation (2) nor Equation (5) is differentiable, thus
cannot be used as a loss function. To overcome this limitation, a ”soft” version of them will

be utilized, which are approximations.

8.1.1 Soft DICE

We follow the DICE score calculation for the loss function in [11]:

DSCsoft(p7 Q) = m

where p is the ground-truth mask, and ¢ is the predicted mask.

8.1.2 Soft Hausdorff

Hausdorff distance is non-differentiable; thus, we use an approximation, which is differen-

tiable, the one-sided Hausdorff distance function [11]

HDos(p.0) = & (0 —)* 0 @) (8)
Q

where ¢ is the predicted mask and p is the ground-truth mask, and d,, is the distance
transform of the ground-truth. d, is a distance transform of the ground-truth mask p. The
distance transform is a map where each pixel value represents the distance to the boundary

of an area. « is defined as 2.
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8 Training

(a) Distance (b) Original image (¢) Ground-truth
transform map mask

Figure 7: Distance transform

8.1.3 Combined

We use a combined loss function for training with a DICE and a Hausdorff component. Since
the DICE component falls in the [0,1] range but the Hausdorff distance HD(X,Y) > 0,
they are not on the same scale. In the combined loss function, we multiply the DICE score

by a A value to fall in the same magnitude (Equation (9)) [11].

Loss(p,q) = HDos(p, q) + M1 — DSCqott(p, q)) (9)

The A is updated after each epoch (Equation (10)), thus the ratio in the next epoch
depends on the total DICE and Hausdorff loss of the training data in the previous epoch
[11]. We choose A = 100 as the initial value.

HD
\— os(p,q)

=PV A/ 10
DSCsoft(p7 Q) ( )

8.2 Training loop

Due to the Hausdorff loss function, the distance transform of the ground truth mask shall be
passed to the combined loss function. The distance transform is constant and pre-computed

during image loading (Section 5). See Algorithm 1 for details.

8.3 Results

After 200 epochs, on the training dataset we could reach 0.761 DICE score, and on the
validation dataset we could get 0.766 DICE score and Hausdorff distance of 114. During
the training, the validation DICE score showed significant variance in the first 150 epochs,

and in the last 50 epochs, it flattened. The Hausdorff distance shows a logarithmic decay.
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8 Training

Algorithm 1 Training

A« 100
for ep € [0,epochs — 1] do
Model.train()
140
for Vb € Batches do
L + Loss(b['mask’], model(b['image’], mask_dt = b['mask_dt'], ratio = \)
L.backward()
if ¢ +1 mod accumgcale =0V i+ 1 = |[samples| then
ClipGradNorm(model.parameters(), max_norm=1)
optimizer.step()
optimizer.zero_grad()
end if
11+ 1
end for
scheduler.step()
A < L.total_hd / L.total_dice
end for

The loss function also shows an exponential decay behavior. The factor A follows the same

pattern; it is decreasing as DICE scores increase and Hausdorff distance decrease.

(a) DICE Score (b) Soft DICE Score (c) Hausdorff distance

Figure 8: Base training validation scores
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3500 —1— 1

(a) Loss value

Figure 9: Base training loss and A-value

9 Post-training

We simulate an on-field post-training activity by an end-user. We train an additional 24
images without the initial training set. During the training, we record the validation scores

of the initial validation set, as well as the scores of the trained images.

9.1 Measurement

During the training, several parameters are measured per epoch on the training dataset
and also on the initial validation dataset. For the validation set, each parameter is tracked
separately for small tumors, large tumors, and all tumors. The following parameters are
tracked:

e Hausdorff Distance

e DICE score
e Soft Dice score

e Saliency score

Measurements are done after each epoch.

9.2 Elastic Weight Consolidation

If the same training loop and loss function were used as in the first training, the weights
would change fast to learn the new small dataset, while losing the know-how of the old
one. The model would over-fit to the smaller dataset and lose generalization capability;

as a consequence, the accuracy on the validation dataset would decay. To overcome this
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9 Post-training

problem, we use the Elastic Weight Consolidation[13] method, which prevents those weights
from being changed that contribute to the already trained image segmentation. This method

could be a mitigation of the requirement set out in AI Act Article 15:

?High-risk Al systems shall be designed and developed in such a way that they
achieve an appropriate level of accuracy, robustness, and cybersecurity, and that

they perform consistently in those respects throughout their lifecycle.” [§]

Let us have a neural network trained on Task A, with parameters 6(¢). When we train
the same neural network with samples from Task B, we would like to ensure that the new
parameters (¢ + 1) can still provide an acceptable accuracy on Task A and also on Task
B. In the solution space, there are local minima where Task A accuracy is small, while
accuracy for Task B is high, and also when Task A accuracy is only slightly decreased while
the neural network learns Task B as well.

We would like to find the most probable 6 given data D. Using the Bayesian rule:

_ p(D|0)p(0)
p(0|D) = D) (11)
log p(0|D) = log p(D|0) + log p(¢) — log p(D) (12)

The logp(A|D) is actually the negative of the loss function, which is the negative log-
likelihood [13, 14]. We have two tasks: A and B. For task A, the 0 is known, and let Dp
be the data from task B to train. D covers the whole dataset. The equation Equation (12)

can be rearranged to[13]:
log p(6|D) = log p(Dp|6) + log p(0]|D 4) — log p(Dp) (13)

When we have a discrete probability distribution, we can calculate the entropy for a
probability variable using Equation (14) and for continuous distribution case we can use
Equation (15)[12]:

H(X)=-> p(x)logp(z) (14)

zeX

BX) = / p(z) log pla)dz (15)

It measures the expected uncertainty of a random experiment represented by the proba-
bility variable. It can be said, that observing a high entropy value leads to higher information

gain. When log, is used in Equation (14), the unit of information is bit.
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9 Post-training

Instead of measuring the amount of information a probability variable carries, we would
like to measure the average sensitivity of parameter 6 on the distribution [26]. Using the
Fisher Information, we can estimate the change in the probability distribution (X) with
respect to the change in the parameter. The Fisher Information Matrix is the negative of

the expectation of the Hessian of the the log-likelihood function[15].

0% log f(X)]

=k [ IXoXT

(16)
In our case the probability distribution is defined by the parameter space 8, and Equa-

tion (16) can be written in the form:

6210gf(x|0)
/f x|60) 50007 dx (17)

Where X denotes the sample space of possible input images.

The Fisher Information Matrix tells us on average, how sensitive the distribution de-
pends on parameter . Higher values means, that a small shift in § would cause large shift
in the distribution. The posterior probability p(8|D4) contains all information about which
parameters in 6 are important to accomplish the task. During the training we are not only
interested to get to a point in the parameter space where Task B performs well, but we
are also interested in the trajectory. If we can accomplish to move over those points where
Fisher Information Matrix indicates low information loss, then we are preserving the knowl-
edge for Task A. The goal is to find a solution in the parameter space among these points
where Task B performance is maximal. We approximate the posterior with the diagonals

of the Fisher information matrix F', which leads us to the combined loss function [13]:
L() = Z Fy(0; — 0% ;) (18)

Where A is a factor, showing how important it is to keep the ability to perform task A,
0* represents the parameters without any modification due to learning Task B.

We can approximate the Fisher information matrix by only its diagonals, but we still
need a way to calculate them. Empirical Fisher Information uses only gradients, and as

presented in [14], it can be expressed as:

diag(Fiy"(0)) = ) _en (19)
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9 Post-training

Where g, is the gradient and g2 is the element-wise square. The sum is over the the
per-sample gradients.

It is common in EWC to use binary cross-entropy as a loss function when the task is
binary classification or segmentation. We run a similar loop as for the training, except
there will be no optimizer call within the loop. We predict each training sample with the
model and calculate the loss, then we calculate the gradients. The squares of the gradients
will be summed. The Fisher Information Matrix is normalized to have a maximum value
of 103. With this approach, we can compare outcomes with different loss functions used in
the Fisher matrix calculation. With this step, the weight for the EWC loss component can

be the same for the experiments.

Algorithm 2 Fisher matrix computation

fisher < {}
samples=0
model.eval()
10
for Vb € Batches do
samples « samples + |b
model.zero_grad|()
L + Loss(b['mask’], model(b[ image’]
L.backward()
for name, params € model.named_parameters() do
if param.grad # None then
fisher[name] < fisher[name] + (param.grad.data)?
end if
end for
end for
for V name € fisher do
fisher[name] < fisher[name] / samples
f max < fisher[name|.max().item()
if f_maz > abs_max then
abs_max < f_max
end if
end for
for V name € fisher do
fisher[name| < fisher[name] / (abs_max / 1000)
end for
return fisher

The Fisher Information Matrix is classically derived by using the Binary Cross Entropy
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8 I I I I I
—y = —log(DICE +1077)
6 — y=1-DICE

Loss
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0 01 02 03 04 05 06 07 08 09 1
DICE score

Figure 10: Negative Logarithm of DICE score vs DICE loss

loss function; our experimental loss function utilizes DICE and Hausdorff score. We would
like to sustain the DICE performance of the model after task A is trained, thus we perform
an experiment with a modified loss function to calculate the Fisher matrix, where the binary

cross-entropy loss function is replaced with:

HDos(g,p)

LosSewe = 200

— log(DSCsoft (g, ) +1077) (20)

We applied a divisor with a value of 200 on the Hausdorff distance to match the scale of
the DICE score. The value 200 was determined by performing an exploratory training and
choosing a value close to the Hausdorff distance. The application of A from Equation (9)
would lead to a dynamic relation between the loss and the DICE score. We also use the
negative log DICE (Figure 10). For bigger DICE scores, it behaves linearly, while for small
ones, the penalty is exponential.

Where p is the ground-truth mask, and ¢ is the predicted mask.

During the post-training phase, we use the same loss function as in the base training,
but we add the Elastic Weight Consolidation penalty:

L(0) = HDos + Adice(1 — DSCsoft (¢, p)) Acwe Z E(0; — 0%;) (21)
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9 Post-training

(a) Hausdorff distance (b) Saliency score (¢) DICE Score

Figure 11: Post-training: initial validation set score shift

(a) Before (b) After epoch 1 (c) After epoch 20 (d) After epoch 40
post-training

Figure 12: Post-training: Grad-CAM map on the initial validation set
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9 Post-training

(a) DICE score (b) Hausdorft distance

Figure 14: Post-training: DICE and Hausdorff distance of the training set

9.3 Post-training results

The model was post-trained with 24 additional Glioma images. For both experiments, the
same training parameters were used:

e Linear warmup: 10 epochs
e Cosine Annealing scheduler

Initial learning rate: 1076

e Peak learning rate: 1079
e ETA minimum: 1076

e AdamW optimizer

For the post-training phase, we do not define a validation set, as it would be too small
and not representative. Instead, we measure the accuracy of the training set at the end
of each epoch. The DICE accuracy starts at 0.39 (measured before the first epoch). The
change of the DICE score and Hausdorff distance on the training set can be seen in Figure 14.

The learning rate is shown in Figure 13.
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9 Post-training

9.3.1 EWC with BCE loss

The Fisher Information Matrix was generated with the Binary-Cross Entropy loss function
with logits output, with reduction set to mean (default value). The loss was multiplied by a
factor of 10000. Training with the loss function in the base training loop with EWC penalty

was executed for 50 epochs. Aewe Was set to 107.

(a) DICE score (b) Hausdorff distance (¢) Saliency score

Figure 15: Validation results when Fisher Matrix was generated with BCE loss function

Small tumor scores. In general, all scores were improved for small tumors: the DICE
scores changed from 0.58 to 0.59, Hausdorff distance changed from 6.64 to 5.64, Saliency
score changed from 0.23 to 0.30.
Large tumor scores. The DICE score dropped from 0.75 to 0.71, Hausdorff distance
dropped from 8.3 to 7.8, Saliency score improved from 0.46 to 0.48.
All tumor scores. DICE dropped from 0.67 to 0.65, Hausdorff distance improved from
7.4 to 6.6, Saliency score improved from 0.34 to 0.39.

During the training, the validation score trend did not change, no sharp change in any
of the metrics. On the training set, the DICE score climbed to 0.476, the Hausdorff distance
dropped to 150.

9.3.2 EWC with DICE and Hausdorff loss

The Fisher Information Matrix was generated with log Dice Loss and Hausdorff Distance.
The loss was multiplied by a factor of 1000. The difference is that BCE was used with a
reduction set to sum and therefore produces larger gradients. Training with the loss function
in the base training loop with EWC penalty was executed for 50 epochs. Aewe was set to
107,

Small tumor scores. The DICE scores did not change significantly, moved from 0.583 to
0.589, Hausdorff distance changed from 6.64 to 5.42, Saliency score changed from 0.23 to
0.295.
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(a) DICE score (b) Hausdorff distance (c) Saliency score

Figure 16: Validation results when Fisher Matrix was generated with — log DICE + HD
loss function

Large tumor scores. The DICE score dropped from 0.758 to 0.705, Hausdorff distance
increased from 8.3 to 8.47, Saliency score moved slightly from 0.461 to 0.465.
All tumor scores. DICE dropped from 0.67 to 0.65, Hausdorff distance improved from
7.4 to 6.9, Saliency score improved from 0.34 to 0.38.

During the training, the validation score trend did not change, no sharp change in any
of the metrics. On the training set, the DICE score climbed to 0.498, the Hausdorff distance
dropped to 153.

9.3.3 No EWC

To be able to evaluate the performance of the Elastic Weight Consolidation, the post-
training was performed without the Elastic Weight Consolidation component in the loss
function. The results show that there is a significant drop in the scores. The training
period can be divided into three phases: steep degradation, moderate recovery, and slow
recovery. There is also different behavior based on the size of the tumor. The DICE score
of the large tumors tends to drop fast in the beginning of the training and goes below the
score of small tumors. At epoch 9, the lines crossed each other, and also at epoch 38.

The Hausdorff distance for small tumors is improving over the training, and the final
distance is below the starting distance.
Small tumor scores. The DICE score dropped from 0.58 to 0.57, Hausdorff distance
changed from 6.64 to 5.63, Saliency score improved from 0.23 to 0.26.
Large tumor scores. The DICE score dropped from 0.758 to 0.69, Hausdorff distance
increased from 8.3 to 8.56, Saliency dropped from 0.46 to 0.40.
All tumor scores. DICE dropped from 0.671 to 0.637, Hausdorff distance improved from
7.4 to 7.0, Saliency score improved from 0.34 to 0.33.

During the training, the validation score trend changed; the first part of the training
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9 Post-training

(a) DICE score (b) Hausdorff distance (c) Saliency score

Figure 17: Validation results without EWC

Tumor size Small Large All
Metric DICE | HD | Saliency | DICE | HD | Saliency | DICE | HD | Saliency
EWC: BCE + + + - + + - + +
EWC: DICE +HD + + + - - + - + +
EWC: None - + + - - - - + +
Total + / - 9/1 3/6 6/3

Table 1: Improvement / Degradation per tumor size

(epoch 1-20) showed worsening scores, and the second part of the training (21-50) showed
improving scores. Except for the small tumors, all metrics declined. On the training set,
the DICE score climbed to 0.69, the Hausdorff distance dropped to 118.

9.3.4 Comparison

In all EWC options (BCE, DICE4+HD, None), it can be observed that small tumor segmen-
tation quality improved, while for large tumors, the quality declined. For EWC with loss
function BCE and DICE+HD, for small tumors, all metrics measured improvement when
comparing epoch 1 and epoch 50. For the "large” and ”all” tumor datasets, the DICE score
declined for all three EWC options. The no EWC option showed the biggest improvement

in accuracy on the post-training train dataset.

9.4 Saliency score analysis

To be able to evaluate if the saliency score could be used as a metric in a similar way as
DICE or Hausdorff distance, we examine two properties:

o If the score is related to the target area

e If it shows agreement with another metric (DICE or Hausdorff)
The first item is a direct consequence of Equation (6), as in the nominator, the saliency

map is element-wise multiplied by the ground truth mask. Since the mask pixel values can
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9 Post-training

DICE | HD | Saliency
DICE 1 0.15 0.07
HD 0.15 1 0.61
Saliency | 0.07 | 0.61 1

Table 2: Cohen’s Kappa for pairwise metrics

be 0 or 1, the Saliency score falls in [0,1]. For the second property, we take the + and —
values per metric and create a flat vector of them where + is represented by 1 and — is

represented by 0:

dice= (1,1,0,0,0,0,0,0,0]
hd= (1,1,1,1,0,0,1,1,1]
saliency= [1,1,1,1,1,0,1,1,1]

We treat each metric as a rater and compare them. We measure Cohen’s Kappa pairwise,
which gives information about how much agreement there is between two raters. In the
medical domain, the Cohen’s Kappa statistic is used to measure the agreement between
two raters on the same items. Cohen’s Kappa result falls into [—1, 1], where < 0 means
disagreement and 1 means complete agreement. Cohen suggested the following qualitative
values [17]:

e 0.01 — 0.20 none to slight,

e 0.21 — 0.40 fair,
e (0.41 — 0.60 moderate,
e (0.61 — 0.80 substantial,

e 0.81 — 1.00 almost perfect agreement.

Cohen’s Kappa values show that the saliency score has substantial agreement with
the Hausdorff distance, while 'none to slight’ agreement with the DICE score. Hausdorff
distance has also only 'none to slight” agreement with the DICE score.

As it could be shown that there is a relation with the target area, and also there is a
substantial agreement with the Hausdorff distance, we accept that the saliency score can
be used as a metric.

Based on the results, the saliency score with this model and dataset shows another nice
property: the graph drawn by the values for small and large tumors seems to be visually

almost parallel. The rate of change does not depend on the tumor size. We measure the
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Spearman correlation between the data points for all three EWC loss functions.

Small-Large | Large-All | Small-All
EWC: BCE 0.5 0.845 0.865
EWC: DICE+HD -0.152 0.766 0.413
EWC: None 0.92 0.99 0.95

Table 3: Spearman correlation of the Saliency points

When no EWC is applied, the statement holds: the rate of change of the saliency score
does not depend on the size of the tumor. For EWC with BCE loss, the large tumor-all
tumor pair and the small tumor-all tumor pair show high correlation. The small-large tumor
pair correlation dropped to 0.5. The EWC with DICE+HD loss, despite the chart, does

not confirm the saliency score correlation between tumor sizes.

ZStatistically not significant: p = 0.26
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10 Conclusion

This thesis aims to look at the bias and transparency aspects in the medical field on a brain
tumor MRI segmentation task. The focus of the work is to see if post-training the model
would affect the accuracy of the segmentation based on the tumor size, to see if the saliency
score could be used as a metric, and to analyze how post-training behavior changes when
utilizing EWC with Fisher Information Matrix calculated with different loss functions.

As a first step, for the clinical segmentation task, we introduced the regulatory landscape
for medical devices and discussed the limitations and expectations for Al-enabled devices
in the European Union and in the United States, and discussed the difference, that while
the EU has strict regulations on Al with a main focus on safety, in the U.S., currently, it is
less regulated and focuses on innovation.

The Brain Tumor MRI dataset was briefly described, and the glioma brain tumor images
were split into small and large tumor sizes. Performance-friendly augmentation and trans-
formations were defined to prevent over-training the model. A modified Attention U-Net
model was presented, preserving the spatial resolution better in the attention gates. We
introduced and described the basics of the GradCAM-based saliency map. We introduced
DICE and Hausdorff metrics, as well as a saliency map-based score, and presented a loss
function using the differentiable version of DICE and Hausdorff distance.

A hypothetical scenario was created where an already deployed model would be post-
trained with new images. As it was presented from regulation perspective, it is a challenging
task. We examined three different post-training variations: Elastic Weight Consolidation
with the BCE loss, Elastic Weight Consolidation with DICE and Hausdorff distance loss,
and no Elastic Weight Consolidation.

Our results show that small tumors with all EWC variants were less affected than large
tumors. The best EWC option is when the BCE loss function is used to calculate the Fisher
Matrix. During the post-training, the accuracy on the initial validation set declined at the
lowest rate with the BCE loss function. We also showed that the saliency score could be
used as a metric, as according to Cohen’s Kappa statistic, it shows agreement with the

Hausdorff distance and has a relation to the target area.
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