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Alzheimer’s disease (AD) is becoming one of the deadliest diseases for elderly
people. Although considerable research is being conducted to gain a deeper un-
derstanding of AD, many questions about the pathology of the disease remain
unanswered. One of these questions is about the role of iron in the disease. To
evaluate the spreading pattern of iron in the brain, researchers histologically ex-
amine tissue sections from different brain regions of healthy and diagnosed brain
donors post-mortem. Currently, they manually evaluate the extent of iron accu-
mulation, but this process suffers from inter- and intra-variability among human
experts and is time-consuming.

In this thesis, a method that includes a segmentation and classification model is
proposed to automate the task of labelling histological images of brain regions.
The goal of the segmentation model is to extract the grey matter from the image,
as only the grey matter is relevant to this research. The result of the segmentation
serves as the input for the classification model. The images are pre-processed
beforehand, namely, they are cropped, downscaled, and the intensities are scaled.
The proposed method uses the nnU-Net framework for the segmentation model.
The produced segmentation masks are upscaled, and the grey matter is extracted
from the original images. After that, the images are downsampled by a factor
of 4, divided into patches, and a feature vector is created from each patch. The
resulting feature vectors act as input for the classification model. The Clustering-
constrained Attention Multiple Instance Learning (CLAM) framework is used for
classification.

Our method yields satisfactory results for the segmentation model, outperforming
human annotation, with an average Dice score of approximately 0.86 and an av-
erage NSD score of around 0.85. This means that the proposed method of using
nnU-Net for the segmentation is usable as the input for the classification model.
The classification model is unable to learn from the patches. It is inconclusive
whether this is due to the experimental design or a software bug.

Keywords: segmentation, classification, nnu-net, clam, alzheimer’s disease, iron
accumulation, histopathological, machine learning
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1 Introduction

1.1 Background

1.1.1 Epidemiology

Worldwide, Alzheimer’s disease (AD) is the main cause of the over-arching con-
dition called dementia [1]. In 2019, the Alzheimer International Organisation
estimated that there were 55 million people in the world with dementia. This is
predicted to triple in 2050 to around 139 million people. It is rapidly rising as the
cause of death for many elderly people. In addition to fatality, AD is also a costly
disease due to the disease burden in the years before death. The cost is predicted

to double from 1.8 trillion USD in 2019 to 3.8 trillion USD in 2030. [2].

1.1.2 Pathogenesis

At the beginning of the 1950s, it was discovered that iron accumulates in the brains
of patients with AD. Back then, it was merely found to be a correlation, and little
was known about the pathogenesis|3]. More recent research has found that iron
levels in tissue, specifically in the inferior temporal cortex, are strongly associated

with the rate of cognitive decline in individuals with AD pathology. However, the
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exact role of iron is still uncertain [4]. Additionally, an updated theorem on the
role of iron by Ayton et al. [5] proposes that iron plays a bigger and more active

role in neurodegeneration.

1.2 Problem

Although the role of iron in the context of Alzheimer’s disease (AD) is becoming
clearer, several questions remain unanswered. The role of iron in different brain
regions remains unclear. The reason that we are interested in the role of iron in the
different brain regions is that the canonical proteins amyloid and tau accumulate
in a very specific temporal and spatial pattern (the Braak and Thal stages). We
want to know how iron fits into this time course. Ayton et al. [4] showed that iron
levels were elevated in the inferior temporal cortex in patients who were diagnosed
with clinical AD. However, that is just one part of the brain.

To get a better understanding of the role of iron in the different brain regions,
the behaviour of iron in these regions is being researched. From patients who
are deceased with a diagnosis of Alzheimer’s disease, a part of the brain is cut
out, stained and scanned. Then, based on a visual analysis by experts, a score
is assigned based on the amount of iron accumulation present. Comparing these
scores with those from healthy controls can provide insight into the spread pattern
of iron in patients with Alzheimer’s Disease.

An example of such a scan can be found 1.1. In the image, we can see that the
tissue has a range of brown colours. The tissue has been treated with a special
chemical in a process called staining to enhance the visibility of the iron present

in the tissue. The LUMC has developed a staining protocol to highlight iron [6].
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Figure 1.1: Example of brain region with iron staining and manual segmentation.
The cyan border shows the manual segmentation around the grey matter

In this image, we can also see a cyan-coloured border around part of the tissue.
This border encircles the grey matter. The other part of the tissue that is outside
the border is the white matter. Aside from the tissue, there is also background.
Both of these types of tissue are part of the brain. In this research, we focus only
on the grey matter.

The scoring system for these images ranges from zero to three. An overview of
example images for the four different scores can be found in Figure 1.2. In image
A, we can barely see any colouring from the staining. This indicates that there
is little iron accumulation. As the labels progress, more and more colouring from
the staining can be seen in the grey matter. Not only is there more colouring, but
what matters as well is the pattern of the iron. It starts as a band in the middle
cortical layers, which can be seen quite a bit at the purple arrow in image B. As it
progresses to image C, the iron accumulation spreads to the deeper cortical layers,
so towards the white matter. This can be seen at the purple arrow in image C.
Finally, in image D, we can see that the iron has spread to all cortical layers. It is

important to note that the heads of the cortical tissue, or the head of the gyrus,
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Figure 1.2: An overview of the four different scores. Labels 0, 1, 2 & 3 belong to
images A, B, C & D, respectively. The two purple arrows point to iron accumu-
lation in de cortical layers. The orange arrow points to grey matter, and the blue
arrow points to white matter. The green square highlights the head of the gyrus.
where the cortex folds back into itself, are not relevant to the classification of the
iron accumulation due to the complicated anatomy of the region. The head of the
gyrus is highlighted with the green box in image B.

The overall staining of the tissue and the actual pattern of the iron are the two
aspects that experts primarily evaluate when assigning a score to these images.
However, experts may disagree about the label for the image. This problem is
referred to as inter- and intra-rater consistency. These are two distinct metrics to

consider. Inter-rater consistency refers to the consistency between different raters.

Intra-rater consistency refers to the same rater rating the same item multiple times.
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Both of these metrics are important. In an ideal world, every rater would give the
same label, and the same rater would re-rate every item the same way [7].

This human inconsistency is the primary issue in labelling images. Different
people may label the same image differently, and even the same person might make
varying decisions at different times. One goal in applying machine learning is to
reduce this variability by using models that could produce more consistent outputs
under the same conditions. While machine learning models are not perfect and
can have their sources of error, they typically generate the exact predictions when
presented with the same data repeatedly. This consistency can help improve the
reliability and reproducibility of labelling processes.

However, there are still plenty of hurdles to overcome when a machine needs
to classify these images. For example, for this research, we only consider the grey
matter, but the image contains more than that. So first of all, the grey matter
needs to be segmented out of the scan. Additionally, the colour intensities of the
images are modified to make them more visible to humans, allowing for better
evaluation of the borders and colours. Maybe this is also necessary for a machine.
Lastly, there are some artefacts in the images, such as tears or poor staining.
Humans can ignore those elements, but it is very hard to explain to a machine
how to ignore them. In conclusion, there are numerous challenges to overcome

before a machine can label images as effectively as a human can.
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1.3 Research Questions

This brings us to the research questions. The first research question relates to
the initial step we need to take for classification, namely, extracting only the grey
matter from the image, as this is the only relevant part of the tissue. As a sub-
question to this, we need to ask ourselves what the necessary pre-processing steps
are before proceeding to segmentation. For example, do we need the colour cor-
rection or not?
Research Question 1 Given the iron staining of cortical brain tissue, what ma-
chine learning architecture is effective at segmenting the grey matter?
Sub-Research Question 1.1 Which preprocessing steps are necessary for an
effective segmentation?
After the grey matter has been segmented from the image, we can proceed to
the classification. Once again, we wonder what the most effective architecture is.
Additionally, we aim to determine the optimal ratio between the patch size and
the downsampling rate.
Research Question 2 Given the segmentation of the grey matter and the iron
staining of cortical brain tissue, what machine learning architecture is effective at
classifying iron severity?
Sub-Research Question 2.1 What is the best ratio between the patch size

and downsampling rate?
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1.4 Thesis Structure

This thesis is divided into six chapters. Chapter 1 provides an overview of Alzheimer’s
disease, as it is crucial for understanding the problem. After that, the problem
is introduced. Then, the research questions and thesis structure conclude the
chapter. Chapter 2 gives a brief overview of the related works for the segmenta-
tion. Then, in Chapter 3, an overview is provided of the materials used in this
thesis. The chapter also explains the pre-processing steps undertaken to prepare
the dataset for training. In Chapter 4, the training itself is explained and all the
different parameters that were used. Chapter 5 will document and analyse the
results achieved for the segmentation and classification model. Finally, Chapter 6
will conclude this thesis with a brief overview, a conclusion and some thoughts on

the limitations and future work.



2 Related Works

2.1 Segmentation

Segmentation is a process that aims to separate, or segment, a specific form or
object from an image. In some cases, this can mean removing the background of
a portrait picture of someone or in this case, segmenting tissue from histological
images. In the past, segmentation was performed using edge detection methods,
where individual pixels were compared with one another. In 1988, Yanowitz and
Bruckstein [8] gave an interesting example of a new method for segmentation via
adaptive thresholding. They considered the gradiént of the pixel values going from
one pixel to another. When the gradient exceeded a certain adaptive threshold,
it was regarded as part of the segmentation. Although this works nicely for grey-
scale images, things have become more complicated. Back then, pure mathematics
and logic were the standard, whereas now deep learning dominates the field.

In 2015, Ronneberger, Fischer & Brox published their paper called "U-Net:
Convolutional Networks for Biomedical Image Segmentation" [9]. They used a
custom Convolutional Neural Network (CNN) architecture to segment images in
the biomedical field. This revolutionised the field of segmentation, not only in the

biomedical field but in segmentation in general. Meanwhile, the paper has gathered



2.1 SEGMENTATION 9

more than 100.000 citations and has its own Wikipedia page. In their work, Reza
et al. [10] reviewed the success of the U-Net architecture family. They evaluate 50
different architectures that all originated from the U-Net architecture. Next to this
family of U-Net architectures is a self-adapting framework called nnU-Net. This
is a framework created by Isensee et al. [11] that, based on your data, finds the
best combination of various U-Net architectures like 2D, 3D, etc. It will configure
parameters such as learning rate, batch size, and folds based on the supplied data.
It has outperformed custom-made architectures based on the idea that it is better
to fine-tune the training parameters rather than define new architectures. Because
of this, it can be a good benchmark method for custom-made architectures.

The U-Net is a good example of a CNN. However, other architectures are
also popular in the field of segmentation. Originally from the field of natural
language processing, vision transformers have made their way into our fields of
machine learning. Introduced in 2020 by the Google research team [12|, Vision
Transformers (ViT) models gained popularity initially in the classification field.
But the transformer concept was soon applied to many machine learning tasks.
From the U-Net architecture, there is the UNET Transformers (UNETR) that
combines a U-Net with transformer blocks [13]. Another example of a U-Net
architecture that was combined with transformers is the Swin U-Net [14]. The
author of the UNETR has also combined these two architectures to produce the
Swin UNETR [15].

Google is not the only big tech company to release segmentation models. In
2023, the Meta Al research team published a paper called 'Segment Anything’
[16]. In their paper, they tackled three different tasks. The goal was to create an

interactive segmentation experience. Therefore, their first task was to develop an
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LLM that returns a valid segmentation for every prompt. The second task was
to create the model. It begins with an image encoder based on the ViT, released
by Google. Ultimately, it also includes a transformation to decode the mask. For
the final task, they set out to build a data engine to handle all the images they
have collected. Their state-of-the-art performance shows the importance of Vision

Transformers.

2.2 Classification in histopathological images

The application of deep learning to histopathological image analysis represents
a natural convergence of two key factors: the ability of deep neural networks
to extract meaningful patterns from large datasets, and the abundance of high-
resolution microscopy data already available in pathology laboratories. This com-
bination has driven rapid adoption of deep learning techniques in the field, with
the number of publications increasing eightfold from 300 in 2018 to 2500 in 2024
[17]. The field’s foundation was established with traditional convolutional neural
network (CNN) architectures. One of the pioneering works was that of Cire-
san et al. [18], who applied CNNs to the detection of mitosis in breast tissue.
This approach of using CNNs for patch-level classification quickly gained traction,
as demonstrated in the 2017 challenge for detecting lymph node metastases in
breast cancer, where all winning submissions employed CNN-based solutions [19].
Building on this success, researchers began adopting more sophisticated CNN ar-
chitectures. Coudray et al. [20] successfully applied Google’s InceptionV3 model
to lung cancer detection, while Fu et al. [21] later used the improved Incep-

tionV4 architecture. These works demonstrated that established computer vision
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architectures could be effectively transferred to histopathological analysis. How-
ever, histopathological image analysis presents unique challenges that traditional
CNNs struggle to address. Whole slide images (WSIs) are typically gigapixel-sized,
making direct classification computationally intractable. Moreover, diagnostic de-
cisions often require integrating information across multiple tissue regions rather
than focusing on individual patches. These limitations led to the development of
Multi-Instance Learning (MIL) approaches, which treat each slide as a collection
of patches (instances) and learn to make slide-level predictions from patch-level
features. Campanella et al. [22] demonstrated this concept by using CNNs to
extract features from individual patches, then employing a recurrent neural net-
work (RNN) to aggregate these features for final slide-level classification. Recent
advances have further refined MIL approaches by incorporating attention mech-
anisms, which enable models to automatically focus on the most diagnostically
relevant tissue regions. Ilse et al. [23]| pioneered attention-based MIL by de-
signing an architecture that learns to weight patch contributions based on their
relevance to the final diagnosis. This approach was further developed by Lu et al.
[24] in their CLAM (Clustering-constrained Attention Multiple Instance Learning)
framework, which combines attention mechanisms with clustering to enhance both
performance and interpretability.

Building upon attention-based MIL frameworks, CLAM’s multi-branching ver-
sion creates dedicated branches for each class in the classification problem, allowing
the model to develop class-specific attention patterns that identify distinct mor-
phological features relevant to different diagnostic categories.

CLAM employs an attention backbone that calculates attention scores for each

patch. Rather than producing a single set of weights, it generates class-specific



2.2 CLASSIFICATION IN HISTOPATHOLOGICAL IMAGES 12

attention distributions through its branching structure. Each branch functions as
a specialised attention module dedicated to a particular class. For instance, in
distinguishing between normal tissue, benign lesions, and malignant tumours, the
model creates three distinct branches.

The attention backbone processes the same set of patch features through sep-
arate attention pathways. This parallel processing allows each branch to focus on
different aspects of tissue morphology: one branch might prioritise cellular density
patterns indicative of malignancy. In contrast, another focuses on architectural
features characteristic of benign conditions. Each branch learns to weight patches
based on their relevance to its assigned class, developing unique attention patterns
that highlight class-specific morphological characteristics.

The multi-branching approach offers key advantages over single-branch atten-
tion mechanisms. It allows for more precise localisation of class-specific features,
as each branch specialises in detecting particular morphological patterns without
interference from features relevant to other classes. It also provides enhanced in-
terpretability by generating class-specific attention maps that clearly show which
tissue regions contributed to each diagnostic consideration.

This architecture mirrors the cognitive process of pathologists, who examine
slides while considering multiple differential diagnoses simultaneously, weighing
evidence for different possibilities based on distinct morphological criteria. The
multi-branching CLAM framework thus provides a more sophisticated approach
to automated histopathological analysis that better captures the complexity of
diagnostic decision-making.

The evolution from traditional CNNs to attention-based MIL represents a fun-

damental shift in how deep learning approaches histopathological image analysis,
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moving from patch-level pattern recognition to slide-level reasoning that more

closely mimics pathologist decision-making processes.



3 Materials

3.1 Dataset

3.1.1 Overview

The dataset in this thesis consists of two cohorts. The first cohort is from the
Memory and Aging Project (MAP). This is a longitudinal, epidemiologic clinical-
pathologic study of dementia and other chronic diseases of ageing [25]. The second
cohort is from the Netherlands Brain Bank. This is a non-profit organisation in
the Netherlands that collects brain tissue from patients with various neurological
and psychiatric disorders. A part of their dataset is made available for research at
the LUMC [26].

In the MAP cohort, 40 cases are included. Each of these cases has a duplo
scan made for five brain regions. These regions are the occipital, inferior temporal,
mid-frontal, parietal and cingulate cortex. An overview of the brain regions can
be found in Figure 3.1. For the NBB cohort, 34 cases are included. Most cases
also have a duplo scan for four brain regions. These are the same regions as for the
MAP cohort, but without the cingulate. However, not every case has a scan for

each brain region, and sometimes there are more than two scans per brain region.



3.1 DATASET 15

Parietal cortex/ Anterior
Angular gyrus cingulate cortex
Mid-frontal cortex Anterior Hippocampus

watershed area

Inferior Occipital cortex/ Entorhinal Amygdala
temporal cortex Calcarine sulcus cortex

Figure 3.1: Overview of the relevant brain regions

Iron Scored | Segmented

Brain regions MAP | NBB | MAP | NBB
Occipital 72 41 8 23
Inferior Temporal | 78 69 7 o6
Mid-frontal 7 37 11 25
Parietal 78 66 8 34
Cingulate 7 - 6 -

Total 382 | 223 40 138

Table 3.1: Amount of scans (Iron scored and Segmented) per cohort per brain
region
Some cases have been excluded from both cohorts.

Each scan that was not excluded has received an iron score. However, not
every scan has been segmented due to the time intensity of the work. A complete

overview of the amounts per cohort per region is provided in Table 3.1.
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3.1.2 Technical Details

These scans were performed using the Ultrafast Philips slide scanner at a resolution
of 0.25 pm. The original size of the tissue is approximately 2 cm by 2 cm. This
means that the scans at full resolution have 80.000 by 80.000 pixels. When the
files are uncompressed, they can be as large as 13 GB. The scans are stored as
pyramidal TIFF files to accommodate their large size. These pyramidal TIFF files
contain the scan at increasing downsample sizes, ranging from the original size of
1x to 256x downsampled. This makes it easy to retrieve a downsampled version

of the original scan quickly.

3.2 Pre-processing

This section explains the various pre-processing steps undertaken to prepare the
data for use. There are three distinct sections: general pre-processing, pre-processing

for segmentation, and pre-processing for classification.

3.2.1 General

Cropping

The scanner automatically determines the region of interest. However, this process
does not always correctly determine that region. This means that sometimes the
scanner includes more area around the actual tissue than is desired. An example
of such an inclusion of extra area around the tissue can be seen in Figure 3.2.
Here, we can see the tissue and the region of interest on the right. Next to that,

there are two smaller squares that don’t contain any tissue. These are mistakenly
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Figure 3.2: The original image of a scan that includes the region of interest, two
smaller regions not of interest and a large red part that was used as filler by the
scanner

included in the image. To fill in the image, the scanner includes all this red area,
making it one image instead of three separate ones.

To combat this problem, a quick algorithm was designed to crop these images.
There are five steps in this process. First, the image is converted to a greyscale
image. Second, the image pixels are adjusted with an OTSU threshold. This
function in OpenCV automatically determines the correct threshold values to set
the pixels to either 0 or 255. Third, this image is inverted because the fourth step
requires this transformation. Fourth, a connected components analysis is done.
Once again, this is a function provided by OpenCV. This function returns the
leftmost pixel, the topmost pixel, the area, the width and the height. The area
is used to determine the largest area. However, it is essential that this area does
not have the width and height of the original image. As shown in Figure 3.2, if
this constraint is not implemented, the red area would be the largest, and the
image would not be cropped. For the fifth step, the image is cropped. A visual
representation of each step can be found in Figure 3.3.

Colour Correction

As briefly mentioned in the Problem Statement 1.2 and Research Questions 1.3,
colour correction is a pre-processing step that is necessary for humans and may

also be required for a machine. The original colour correction to analyse the images
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Original Image Grayscale Image Thresholded Image

4

Inverted Image
Resulting Image

Connected

: - Components

Analysis

Figure 3.3: The five steps of the cropping process

was done in QuPath, but this was not saved. Therefore, this had to be applied to
the images before training as well.

For each image, an expert has determined the minimum and maximum channel
values, ensuring that contrast is improved while the image remains readable. In
Figure 3.5, we can see how these values were determined. The pixel values in the
green square became the new maximum channel values, and the pixels in the blue
square became the new minimum channel values. For some images, this also meant
that the contrast did not need to be adjusted at all, as it was already sufficient.
These channel values refer to the RGB channels. Rather than defining new values
for each channel, the image is first converted from RGB into a greyscale image,
and then the new channel value is determined.

To modify the channel values, first, the minimum and maximum channel values
are taken as input. Secondly, every pixel that is above the maximum channel value
is changed to the maximum value. Every pixel below the minimum value is set to
0. Third, the minimum channel value is subtracted from all pixel values, such that

the range the pixels occupy is shifted down to 0. Lastly, this range is then scaled
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0 Minimum channelvalue Maximum channelvalue 255
0 Maximum channelvalue
/—*—\ :
[ |
0 Minimum channelvalue Maximum channelvalue 255
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Figure 3.4: A visual explainer of the colour correction

to occupy the full 0 to 255 range. This way, the new minimum value represents 0,
and the maximum value represents 255. A visual explainer of this process can be

found in Figure 3.4. In Figure 3.5, the effect of the colour correction can be seen.

3.2.2 Segmentation

In the general section, the pre-processing steps that were necessary for both classi-
fication and segmentation are described. This section explains the pre-processing
step required for segmentation, specifically downscaling.

The manual segmentations were made on a 20x downscaled image. The prob-
lem, however, was that these images were saved as JPEG files, and the framework
used for segmentation did not accept JPEG images. We felt that it was not suffi-

cient to convert these JPEGs to PNG images because the images might lose quality
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Figure 3.5: An example of the colour correction. Image A is before the colour
correction and Image B is after the colour correction. The green square shows the
area that determined the maximum channel value. The blue square shows the area
that determined the minimum channel value.

due to JPEG being a lossy compression algorithm. Therefore, the images had to
be recreated and saved as PNGs. The pyramidal TIFF formats allowed for easy
downscaling, as a 16x downscale was readily available. Then the new size from
the 16x downscale had to be calculated, and the image needed to be rescaled to
the new size.

The segmentation masks did not fit immediately on these downscaled images
because they were created from images that had not been cropped. This means
that the segmentation masks needed to be adjusted to the new size of the images.
This was achieved by shifting the segmentation masks to match the extent of the

original images’ cropping.
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3.2.3 Classification

This section explains the four pre-processing steps required for classification. Two
of the four pre-processing steps were required by the framework used for the clas-
sification. The other two steps are a result of this setup.

As mentioned earlier in Research Question 1.3, the segmentation model’s task
was to segment the grey matter from the entire image, allowing it to be used for
classification. However, the segmentation model only draws the border on the grey
matter but does not extract it. Therefore, the first two pre-processing steps will
extract the segmentation from the original images.

The first step in this process is to upscale the mask that the segmentation
model produced. The segmentation model creates segmentation masks for the 20x
downscaled images. However, that is not the resolution we want to use for the
classification.

Expert rating of iron accumulation is based on the pattern of iron distribution
over cortical layers, as well as punctate iron accumulation in amyloid plaques
and activated glial cells. Given the size of these features, a combination of 4x
downsampling and 256x256 patch size was visually selected as the most optimal
to contain these typical patterns within a single patch. In Figure 3.6, we can see
two patches selected from an image where these two features, namely the plaques
and glial cells, fit in the patch size. The black dots with small spikes in the purple
square represent the glial cells. They are smaller than the plaques, but sometimes
they occur next to each other, like in this patch. In the blue square, we can see an
amyloid plaque. Here, the iron in the amyloid plaques that combine is represented

by this large coloured mass.
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Therefore, the mask generated by the segmentation model needs to be upscaled
to fit that resolution. This is achieved by calculating the new image size that the
masks should fit and resizing them accordingly. The interpolation method used in
this case involves examining the nearest pixels. The reason behind this interpola-
tion method is that all other interpolation methods offered by the OpenCV resize
function are made for pixel gradients. For example, linear interpolation interpo-
lates the pixel value between the pixel values on the left and the right. This does
not work for a binary mask since the values can only be 0 or 1.

The second step in this process is to extract the grey matter from the image us-
ing the upscaled mask. Since the segmentation mask is binary, we can use a bitwise
AND function to extract only the pixels from the image where the segmentation
mask has a 1.

Now that a segmentation mask is available, two additional pre-processing steps
are required by the framework. The third step is creating patches. The critical
part of this step is the patch size. This is one of the major hyperparameters that
we can adjust in this setup to enhance the model’s performance. When it was
determined that 4x downsampled was the best option for the classification, this
was determined using the patch size of 256 x 256 pixels. This is also the standard
for the framework when operating on scans, such as the ones used here. The way
this patch size was determined was by looking at the size of the region of interest
that the model should recognise, as determined by the experts. However, to ensure
that the model captures bigger amyloid plaques, which sometimes occur, we also
decided to use a patch size of 512 x 512 pixels. The framework handles the actual
generation of the patches.

Figure 3.6 gives a visual representation of how these patches are extracted. This
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Figure 3.6: An image that is stitched together that shows the patches. This image
was downscaled by a factor of 8 with a patch size of 256. The black dots in the
purple square are the glial cells, and the darker mass in the blue square is an
amyloid plaque.
image was downscaled by a factor of 8 with a patch size of 256. A grid is drawn
over the image to show the origin of the patches. The framework produces these
images for every image that was patched. This means that we can inspect every
image to verify that all previous steps were completed successfully, and potentially
remove or redo some images that were not processed correctly. Additionally, we
can see how the framework handles patches that are on the edges. The framework
excludes patches whose centre does not lie within the borders of the segmentation.
In their research, Peng et al [27] also classify features on WSIs. They deter-

mined that, given a patch size of 1024 x 1024, the region of interest was completely

captured at a 4x downsampling rate. However, they achieved the best results at
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8x downsample. Therefore, we also decided to include 8x downsampled data in
the experiments.

The fourth step in the process is the feature extraction. The framework utilises
a pre-trained ResNet-50 encoder to encode the patches into a 1024-dimensional
feature vector. The ResNet-50 encoder is the standard encoder when using the
framework. The resulting feature vector will be the input for the classification
model. The goal of this step is to reduce dimensionality, capture useful repre-
sentations, and prepare for downstream tasks. Reducing the dimensionality of
the patches to the features has two results. It saves disk space and reduces the

necessary network architecture to process feature vectors instead of patches.



4 Experimental Setup

4.1 Segmentation

4.1.1 Data Partitions

A total of 167 cases were manually segmented. From these 167 cases, five have
been removed due to poor quality. Therefore, a total of 162 manually segmented
cases were identified. To adhere to a commonly used split of 70% training cases,
10% validation cases and 20% testing cases, 35 cases have been split off for testing
purposes. With the remaining 127 cases, five hand-made splits have been made
for cross-validation. They have been made manually for two reasons. The first
reason is to maintain even splits across all training runs. Now, only the model
hyperparameters are changing. This way, we can adequately evaluate changes to
the model, rather than relying on a random split that just happens to be a good
one. More importantly, the second reason they were made by hand is to prevent
data leakage. Every case has a duplo of scans of the same region. The duplo’s
are not the same, but similar enough for the model to consider them equal. This
would give unfair and unrealistic results. Thus, all images belonging to a single

case appear in either the training, validation, or testing set during a single training
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Fold | Training | Validation
0 101 26
1 101 26
2 101 26
3 101 26
4 99 28

Table 4.1: The number of images per fold

Label | Count Area
0 19 3.32e-+06
1 38 3.75e+06
2 56 4.14e+06
3 49 3.71e+06

Table 4.2: The number and area of images per label

run. An overview of the total number of images per fold is provided in Table 4.1.
The number of images in the folds is not the same because there is an imbalance
in the number of scans per case, and it is beneficial to keep the regions distributed
evenly.

Next to that, remark Table 4.2. This table shows an overview of the number
of images per label and the average area per label. Not every label is represented
evenly due to the natural occurrence of these labels. Some labels are more frequent
than others. It also shows the average area per label in pixels. There is not a
vast difference in area, but it may be significant enough to impact the model’s
performance. The model should generalise as much as possible, and that also
means that the performance should be independent of the area.

Lastly, it is essential to note that this setup has been run twice, as described
in Section 3.2.1, once with colour correction and once without colour correction.
This way we can analyse whether the colour correction affects the performance of

the segmentation model.
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4.1.2 Model

The exact version of U-Net used in this thesis is called a Residual U-Net [28]. The
reason for this exact version is that the residual version outperformed the original
architecture [29]. The residual part refers to a modification to the original U-Net
architecture. In the encoder blocks, it uses the residual network blocks rather than
the original convolution blocks. This strategy tries to incorporate the strengths of
the residual blocks in the U-Net architecture. An overview of the two differences
can be seen in Figure 4.1. Support for Residual U-Net was added to nnU-Net in
2024 [29].

This model uses a Nesterov version of the stochastic gradient descent optimiser.
For the learning rate, it uses a polynomial learning rate scheduler with the following

formula:
new_Ir = self.initial Ir * (1 - current step / self.max_steps) ** self.exponent

Here, the max,teps is the number of epochs it plans to run, and the exponent is
set to 0.9.

In Table 4.3, an overview can be found of the relevant packages and their
versions used for the training of this model. Training was performed on an NVIDIA

L40 GPU.
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Conv. + RelLU
Conv. + RelLU ?
T Conv. + RelU
Inputs Inputs

(@) (b)

Figure 4.1: Different variants of convolutional and recurrent convolutional units
(a) Forward convolutional units, (b) Residual convolutional units [28] (Conv is a
convolutional layer and ReLU is the Rectified Linear Unit activation function)

Software Package Version
python 3.10.12
cuda 11.8.0
nnUNetv2 2.6.0
torch 2.6.0+cull8
dynamic-network-architectures 0.3.1
batchgenerators 0.25.1
pillow 11.1.0

Table 4.3: The relevant software packages used and their versions
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Parameter Value

natial _lr le — 2

weight _decay 3e —5
num__iterations per _epoch 250
num_val iterations per _epoch 50
num__epochs 200

Table 4.4: Segmentation Model Hyperparameters

4.1.3 Training

Most of the training hyperparameters are determined automatically by nnU-Net.
It could be worth fine-tuning some of the parameters manually when a hyper-
parameter does not align with our prior knowledge. However, this might not be
time well spent as nnU-Net most likely decides the best hyperparameters. A Z-
score normalisation is used for normalising the images. NnU-Net is not designed
to automatically determine every hyperparameter based on the provided dataset,
because they are mostly independent of the dataset. Some are manually set to
the number that is deemed optimal in most situations. These can be found in 4.4.
The only hyperparameter that has been tweaked in this thesis is the number of
epochs. The code has been modified to store checkpoints at 50-epoch intervals,

allowing for evaluation of whether the model is overfitting.



4.1 SEGMENTATION 30

4.1.4 Metrics

For evaluating the segmentation model, two metrics have been chosen to assess
its performance. The first metric is the Dice score (also known as Sgrensen-
Dice)[30][31]. This is an overlap metric, which means it examines how well the

prediction aligns with the mask. Dice first wrote it down as:

hn

= (4.1)

Where a is the number of elements only in class A or also in B, b is the number
of elements only in class B or also in class A, h is the number of elements in both
class A and B, and n is the total number of elements|[31]. This is analogous to the

more common representation:
2|AN B
Al + [ B

(4.2)
where |A| refers to the cardinality, or the length, of the set of elements in A,
similarly for B. |A N B| denotes the intersection of elements in both A and B.
The dice score is widely used for segmentation. It is easily interpretable because
it is a score between 0 and 1, where 0 represents the worst and 1 represents the
best, and it is straightforward to compute. The reason it is used in this case is
that this problem is a straightforward semantic segmentation. There are no small
objects to detect, and most of the masks have a similar size. There is, however,
one downside to this version of the Dice scores. It has a positive bias towards the
size of the ground truth mask, i.e., a higher number of pixels in the mask will lead

to a higher Dice score [32]. Raina et al [32] propose a scaling factor at the recall

rate to reduce the bias towards the fraction of positive pixels in the mask.
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Consider Equation 4.2 in this binary segmentation problem. We can rewrite
this equation in terms of True Positives (TP), False Positives (FP) and True Neg-

atives (TN) to
2TP
2P+ FP+ FN

(4.3)

since |A N B| accounts for the pixels from the prediction B that belong to the
ground truth mask A, or the TP pixels. |A| accounts for the TP pixels but also
the FP pixels, and | B| accounts for the TP pixels and the FN pixels. Combined,
the resulting equation is 4.3. Finally, this can be rewritten with some terms

substituted to
2

_— (4.4)
2+p+n

FpP

where p = %5

and n = %. The scaling factor, as mentioned above, is calculated
by
h(r=t —1) (4.5)

where h is the ratio between the number of positive pixels and the number of
negative pixels. The r is the average lesion load for all the images. Lesion load,
in this sense, refers to the average number of positive pixels. Then, this scaling
factor is applied to the p to yield the nDSC.

The nDSC will be the reported metric for segmentation because it is less biased
towards the size of positive labels. The pseudo dice that nnU-Net reports in the
graphs they produce of the training is still the normal Dice score. However, it is
called pseudo because it is the Dice score of the validation set. The idea is that

this approximates the Dice score for the eventual test set, hence the term 'pseudo
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Dice’.

nDSC =22+ kp+n)"" k=h(r"'—1) (4.6)

Next to an overlap metric, Maier et al. |33] recommend including a boundary-
based metric, such as Hausdorff distance or Normalised Surface Distance (NSD),
for semantic segmentation problems. The human-annotated masks for the seg-
mentation are not entirely perfect. It does not make sense to strictly adhere to
that segmentation for evaluating the model. In such cases, an NSD metric can be
included to correct for imperfections in the masks [33].

The NSD is a metric that compares how well the boundaries overlap between
the prediction and the mask. Around the border of both masks, there is a boundary
region. The amount of border from the mask that falls within the boundary of the
prediction and vice versa is added and then divided by the total border area. See
Figure 4.2 for a schematic overview of this metric.

A tolerance parameter was chosen with consultation of the experts who label
the images. It has been determined that a tolerance of 25 pixels around the border
is a suitable option, as the imperfections in the manual segmentation fall within
this 25-pixel range. The tolerance cannot be too high, as this would result in the
entire segmentation being in the overlap, and the value of the NSD score would

be lost. A visual of what this boundary looks like can be seen in Figure 4.3.
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Figure 4.2: Explanation of the NSD metric [34]
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Figure 4.3: An image with the 25 pixel tolerance boundary around the gold stan-
dard. The cyan colour shows the gold standard and the purple shows the prediction
from the model.
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Level ‘ Label 0 ‘ Label 1 ‘ Label 2 ‘ Label 3 ‘ Total
Patient 9 16 27 32 64

Image 14 21 40 52 127

Table 4.5: Amount of images and patients per label for the Inferior Temporal brain
region. The individual patient counts included per label do not add up to the total
number of patients because some patients appear in multiple labels.

4.2 Classification

4.2.1 Data Partitions

Due to the size of the files at their original size and the size of the pre-processed
files, we chose to verify the architecture and setup using data from the Inferior
Temporal brain region only. The total number of images that were used was 127.
Recall Table 3.1, where 147 images belonging to the Inferior Temporal region were
given an iron score. In theory, all of those images were usable for the classification.
However, in practice, some images could not be pre-processed. The exact cause of
this technical issue remains unknown. The images that could not be pre-processed
have been left out.

Similar to the segmentation in 4.1.1, the images per fold are split on the patient
level. The total amount of images used per label can be found in Table 4.5.

As explained in Section 3.2.3, there are two hyperparameters when it comes to
the data. There are downsampling and patch size considerations. The downsample
factor will be either 4x or 8x, and the patch size will be either 256 x 256 or 512 x
512, as was determined in Section 3.2.3. There is one more hyperparameter that
will be tweaked in this experiment, and that is the colour correction. This results

in the following eight configurations for the classification, as shown in Table 4.6.
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Experiment | Downsample | Patch Size | Colour Correction
1 4x 256x256 Yes
2 4x 256x256 No
3 4x 512x512 Yes
4 4x 512x512 No
) 8x 256x256 Yes
6 8x 256x256 No
7 8x 512x512 Yes
8 8x 512x512 No

Table 4.6: Data Configurations for the Classification Training

4.2.2 Model

The model used for the classification is the CLAM-MB model [24]. CLAM is a
Clustering-constrained Attention Multiple Instance Learning method designed for

classifying WSIs. More specifically, the multi-branching version is used.

4.2.3 Training

Although CLAM does not automatically determine the correct hyperparameters
like nnU-Net does, numerous hyperparameters still need to be tuned. However,
most of the hyperparameters have been kept at the value recommended by the
authors of CLAM. An overview of the relevant hyperparameters can be found in
Table 4.7. The dropout parameter is used to drop a certain number of connections
after a fully connected layer, thereby avoiding overfitting. In this case, that means
that 25% will be dropped after a fully connected layer. For CLAM, a hyperparam-
eter is the mazimum epochs. The reason for the maximum amount, rather than
a definite amount, is that CLAM has a built-in early stopping mechanism. If the
validation loss has not decreased in 20 epochs, the model will stop. This way, it

will automatically stop overfitting.
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Hyperparameters | Value
max _epochs 200

initial _lr 2e-4
weight _decay le-5
drop _out 0.25

Table 4.7: Classification Model Hyperparameters
4.2.4 Metrics

The metrics for classification are accuracy and AUC. The accuracy is defined as

TP+TN
TP+TN+ FP+ FN

Accuracy =

However, it represents the average accuracy calculated from all the trained folds.
The AUC is the Area Under the Curve of the ROC Curve. The Receiver
Operating Characteristic (ROC) curve plots the True Positive Rate (TPR) against

the False Positive Rate (FPR). The TPR is calculated by

TP
TPR= ————
h TP+ FN
and the FPR is calculated by
FP
FPR= ————
h FP+TN

Plotting the TPR against the FPR shows how good the TPR can get before the
FPR increases beyond a desired boundary. This desired boundary depends on the
use-case. The ideal scenario would be a square graph where the TPR would be 1
when the FPR is 0. When a straight diagonal line exists in a binary classification

problem, the model’s performance is equivalent to guessing 50/50.
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For the classification problem in this thesis, there is no binary classification
problem, but a multi-class classification problem. This means that it is not possible
to produce this plot directly. That is why the AUC is modified to be a one-vs-rest
AUC. This means that the AUC is computed by treating one class as a positive
case and the remaining classes as negative cases. Then the average is taken over

the n different AUC values.



5 Results

5.1 Segmentation Results

5.1.1 Ewvaluation of the scores and metrics

This chapter will give an overview of the segmentation results. A significant portion
of this analysis will be numerical, as it is the most tangible approach. In reality,
these segmentations need to be accurate enough to be used for classification. The
numbers provide a good indication of how well the segmentation has performed,
but the results were also visually checked by an expert.

A comprehensive overview of the average Normalised Dice and NSD scores
for the test set, including both colour and non-colour correction, is provided in
Table 5.1. It can be seen that the Normalised Dice scores are all above 0.86. An
overview of the spread of the scores is provided in Figure 5.1. From this figure,
it can be concluded that not only is the average performance good, but the 25th
and 75th quartiles are also above 0.85. There are only a few outliers below 0.80,
but even these are still above 0.70. When comparing these results across the two
datasets, i.e., the colour-corrected dataset and the non-colour-corrected dataset,

there is little to no variation. The only differences in scores are found in the
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second decimal. This indicates that the colour-correction is not relevant for the
segmentation.

The pattern we see for the Normalised Dice scores is quite comparable to the
pattern for the NSD scores. These scores are slightly lower than the Normalised
Dice scores, ranging from 0.821 to 0.948, but most scores fall within the 0.85 range.
The reason for the higher average score for label 0 is that there is only one test
case, and that case just happened to have a higher-than-average score. There are
also minimal differences between the two datasets. The large difference between
the NSD scores and the Normalised Dice scores is due to the greater spread of the
NSD scores, as shown in Figure 5.2. The NSD scores exhibit significantly more
variability, with some dropping below 0.7. When comparing the highest and the
lowest score for the non-colour corrected dataset in Table 5.1, the scores are still
all above 0.8.

In Figure 5.3, there are two cases from the non-colour corrected dataset pre-
sented for visual inspection with their corresponding NSD scores. On the left is
the worst case with a score of 0.68, and on the right is the best case with a score
of 0.97. The two images have two borders around them. The cyan border is made
by the human annotator. This border also has a 25-pixel error margin to indicate
the border area used in calculating the NSD score. The purple border is the pre-
diction made by the segmentation model. The left case has segmented some of the
tears and folds in the tissue that the human annotator did not include. However,
this does not mean that it is bad to include these pieces of tissue. This means
that, although it received the lowest score due to the inclusion of tears, the rest
of the segmentation is still good. In the best case, we can see that the model has

predicted near-perfect borders compared to the human annotator and the tissue.
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When examining both the Normalised Dice and NSD scores for both the colour-
corrected and non-colour-corrected datasets, we observe a relatively narrow spread
across the four labels. This is a significant result because it demonstrates that the
segmentation model is agnostic to the label, even though the boundaries between
images from labels 0 and 3 may differ significantly. For some images, the boundary
is more visible than for others. To see the complete distribution for each of the
labels for the Normalised Dice and NSD scores for the two datasets, have a look
at the appendix A.1.

We also investigated whether the segmentation performance differed per brain
region.. In Table 5.2, an overview can be found when the Normalised Dice and
NSD scores are split by brain region. The same pattern that can be seen in Table
5.1 repeats itself here again. The Normalised Dice scores remain relatively stable,
showing minimal variation across the different brain regions and consistently aver-
aging around the same value. When examining the NSD scores, they reveal a bit
more. We can see that the parietal region underperforms compared to the other
areas. However, the scores of all regions stay above 0.80.

The final feature we can split the scores on is the size of the region. In Fig-
ure 5.4, a plot can be found where the area of the tissue is plotted against the
Normalised Dice score. This is a check to verify that the performance of the seg-
mentation is not correlated or somehow connected to the area of the tissue it has
segmented. Ideally, it should not be connected, and as can be seen in the image,

there is little to no correlation between the area and the segmentation score.
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Subset | Normalised Dice Score | NSD Score | Normalised Dice Score | NSD Score
All 0.858 0.849 0.866 0.851
Label 0 0.876 0.951 0.886 0.948
Label 1 0.857 0.894 0.871 0.886
Label 2 0.867 0.837 0.869 0.835
Label 3 0.833 0.825 0.850 0.851

Table 5.1: The Normalised Dice and NSD scores for the test set per label

Normalised Dice Score

Boxplot of Normalised Dice Scores (h = 35, set = Test)

1.00

Colour Corrected Non-Colour Corrected

Figure 5.1: The Normalised Dice scores for the colour corrected vs the non-colour

corrected set

NSD Score

Boxplot of NSD Scores (n = 35, set = Test)

Colour Corrected Non-Colour Corrected

Figure 5.2: The NSD scores for the colour corrected vs the non-colour corrected

set
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Figure 5.3: The worst (left, 0.68) and best (right, 0.97) NSD scores

Subset Normalised Dice Score | NSD Score | Normalised Dice Score | NSD Score
Frontal 0.890 0.836 0.912 0.840
Temporal 0.837 0.873 0.840 0.850
Parietal 0.860 0.803 0.871 0.805
Occipital 0.910 0.869 0.914 0.877
Cingulate 0.834 0.861 0.835 0.895

Table 5.2: The Normalised Dice and NSD scores for the test set per region

Scatter plot of Normalised Dice Scores by Area (n = 35, set = Test)
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Figure 5.4: The area of the tissue plotted against the Normalised Dice score
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5.1.2 Evaluation of overfitting

Overfitting is always a problem when using machine learning. The goal is to
generalise the model as much as possible, such that it can also perform well on
unseen cases. This section will assess how much the segmentation model may have
overfitted.

During training, NnU-Net produces a graph similar to the one in Figure 5.5,
where it plots the training and validation losses. This can be very insightful to
evaluate overfitting. Generally speaking, when the validation loss increases but the
training loss decreases, the model is likely overfitting. The validation loss starts
increasing again around the 100-200 epoch mark, while the validation Normalised
Dice score barely increases. This meant that 1000 epochs was too much, but it
does not immediately tell how many epochs could be the optimal amount.

Although subjectively, a decision was made to train the segmentation model
and save the model at intervals of 50 epochs, so at 50, 100, 150 & 200 epochs.
The Normalised Dice scores for the segmentation model at 50-epoch intervals are
shown in Table 5.3. The Normalised Dice scores go down by 0.02 as the epochs
increase. Although they go down, which is interesting, the difference is too small
to be significant. Typically, we would expect the Normalised Dice scores to grow
with more training. The performance does not improve, but the model continues
to learn from the cases, which could be harmful. This is harmful because the
model is no longer generalising and is overfitting on the training dataset. This is
not what we want.

The NSD scores increase by no more than 0.05 between the 50th and 200th

epochs. This suggests that the 200-epoch variant is slightly better than the 50-
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epoch variant. The Normalised Dice and NSD scores do not agree in the sense
that Normalised Dice scores decrease, but the NSD scores increase as the number
of epochs trained increases. Since the difference is so slight, it could also be a
chance finding.

An expert review has been introduced to give more information about which
epoch variant of the model performs best. Four segmentations have been made
for nine randomly selected images. These four segmentations correspond to the
four saves that each model has made, namely, at 50, 100, 150 and 200 epochs.
Two experts have reviewed these four segmentations and have selected the best
segmentation. The results can be found in Table 5.4. The results in this table show
which segmentation was preferred. However, in most cases, all of the segmentations
were acceptable.

Upon examining the scores, we observe a slight preference for the 50-epoch
save. In some instances, the 200-epoch is the better version. The fact that the
50-epoch version is the most favourable does match the theory. If the Normalised
Dice score does not improve within 150 epochs, then the model is likely overfitting
and no longer generalising. If that is the case, we should stop training at 50 epochs,
which agrees with the fact that the 50-epoch variant was most preferred.

In conclusion, the segmentation model performs well, achieving an average
Normalised Dice score of approximately 0.85 for all tested brain regions, regardless

of the staining intensity in the histology sections.
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Epoch | Normalised Dice Score | NSD Score | Normalised Dice Score | NSD Score
200 0.858 0.849 0.866 0.851
150 0.850 0.851 0.871 0.848
100 0.857 0.846 0.866 0.842
50 0.873 0.814 0.882 0.800

Table 5.3: The Normalised Dice and NSD scores for the test set per interval
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Figure 5.5: The train and validation loss for the first experiment using 1000 epochs
on nnU-Net. The blue line is the training loss, the red line is the validation loss
and the green line is the Normalised Dice score of the validation. It is called pseudo
because it is not from the test set but from the validation set.
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Slide 1D Expert 1 | Expert 2
2015-035_0OCC 15 150 150
74587057 1 CAL 200 200

E14-50 T 3 50 50
E14-50 F 15 100 50
ANW746 _OCC 15 50 20
82478522 1 AG 50 50
51791453 1 MF 150 150
2015-009 P 17 50 -
29821047 1 CG 100 100

Table 5.4: Epochs of the best model for the segmentation chosen by the experts

5.2 Classification Results

5.2.1 Planned Experiments

This chapter will give an overview of the results for the classification model. The
results from the planned experiments will be shown and discussed.

An overview of the accuracy and AUC scores for the planned experiments, as
mentioned in Table 4.6, is shown in Table 5.5. The accuracy is very bad. The
model is unable to predict these cases. When looking at Figure 5.6, we can see
that the model does not know how to differentiate the classes from each other.
The only reason the accuracy is still 0.45x is that there are many cases with label
3, and it predicted label 3 for every one of them. Although this figure only shows
the confusion matrix for this experiment, they all look alike. The accuracy for
each of the experiments also remains constant, except for experiment 2, where it
decreases by 0.02.

Regarding the AUC, the results are also poor. In a binary classification prob-
lem, when the AUC is below 0.5, it means that the model performs worse than

guessing. Although not directly applicable, it does suggest that an AUC of around
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Experiment | Downsample | Patch Size | Colour Correction | Accuracy | AUC
1 4x 256x256 0.450 0.433
2 4x 256x256 0.431 0.445
3 4x 512x512 0.451 0.430
4 4x 512x512 0.451 0.423
5 8x 256x256 0.451 0.511
6 8x 256x256 0.451 0.523
7 8x 512x512 0.451 0.515
8 8x 512x512 0.451 0.515

Table 5.5: Accuracy and AUC scores per configuration (averaged over 5 folds)

0.5 is not ideal. There is a slight difference of around 0.06 between the 4x down-
scale and the 8x downscale. This indicates that the 8x downscale performs slightly
better.

When considering the patch size and colour correction, there is no difference.
For example, in experiments 3 and 4, the difference lies in the use of colour cor-
rection versus no colour correction. However, there is no difference in accuracy
or AUC. The same goes when comparing experiments 1 and 3. Here, the only

difference is the patch size, but the accuracy and AUC are the same.

5.2.2 Additional Experiments

This section will briefly describe some of the results from additional experiments,
as they provided interesting insights. One of these experiments is the one where
the data was downsampled by a factor of 20, similar to the data from the segmen-
tation. This experiment used a patch size of 16x16 to compensate for the level of
downsampling. It was only run using the colour-corrected dataset. Nonetheless,
the results are better than those of the planned experiments. The accuracy is

higher by 0.22, and the AUC is higher by at least 0.3. When looking at the con-
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Figure 5.6: The confusion matrix for experiment 6. The confusion matrix of
probabilities shows the probabilities for each class.
fusion matrix in Figure 5.7, the model is now able to distinguish the classes from
each other. The performance for class 0 is not very good. The model is uncertain
about the choice because it has assigned equal probability to both classes 0 and
1 overall. The performance is the worst for class 1, where it has predicted more
cases to be class 2 than class 1, even with a higher probability, meaning it is more
certain of its mistake. The accuracy and probability increase for class 2. Although
it currently predicts many cases as class 2, it is not entirely sure of its decision.
When it comes to class 3, both the predictions and the probability are good. This
means that it currently identifies the most cases as class 3 and is also very specific
about this classification. To conclude, although the results from experiment 9 are
not great, they still improve over the planned experiments.

To assess whether the model is unable to classify at higher resolutions or if

something else might be the problem, another experiment was conducted at a
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Experiment | Downsample | Patch Size | Colour Correction | Accuracy | AUC
9 20x 16x16 0.671 0.851
10 16x 16x16 0.395 0.394
11 16x 16x16 0.422 0.392
12 16x 32x32 0.422 0.474
13 16x 32x32 0.439 0.495

Table 5.6: Accuracy and AUC scores per configuration for the unplanned experi-
ments(averaged over 5 folds)
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Figure 5.7: The confusion matrix for experiment 9. The confusion matrix of
probabilities shows the probabilities for each class.
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downsampling rate of 16x with patch sizes of either 16x16 or 32x32. This exper-
iment showed a similar pattern to the results of the 4x and 8x downsampling.
The results of these experiments can be found in Table 5.5 at experiments 10-
13. Although the experimental setup for 9 was almost the same as that for the
downsample and the patch compared to 10-13, there was a notable difference in

performance, nearly twice that of the others.



6 Conclusion & Discussion

This research aimed to automate the classification task that experts currently
have to perform manually. This task is time-consuming, but more importantly,
it lacks consistency across various human experts. It was previously unknown
which pre-processing steps and other requirements were necessary to emulate this
task. For example, human experts need the colour intensities to be normalised
for accurate classification, but is this also necessary for a machine? How well can
we segment the grey matter from the image? What classification approach gives
an accuracy above a satisfactory level? To answer these questions, we set out to
build a pipeline to automate this process. Meanwhile, various experiments were
conducted to evaluate the impact of colour correction and to determine the optimal
settings for both the segmentation and classification models. In this chapter, we

conclude with a summary of our findings and a discussion of their limitations.



6.1 CONCLUSION 53

6.1 Conclusion

In this research, we have demonstrated the effectiveness of using the nnU-Net
framework to segment grey tissue from images. The results presented in section
5.1 show that this model comes very close to the gold standard set out for this
task and sometimes outperforms the gold standard. In addition to the model’s
good performance, we have demonstrated its independence from the label, brain
region, tissue area size, and the colour correction. This indicates that the model
generalises well and that colour correction is not necessary for segmentation.

All of these facts combined show that nnU-Net can be an effective solution.
Additionally, it is very time-saving due to its ease of use. Although time-saving in
the development is not a goal, it can be an added benefit.

The planned experiments, along with some additional experiments, suggested
that CLAM could not be an effective architecture. Still, one of the additional
experiments, the first one to be performed, suggested that it might be possible.
This makes it difficult to conclude on the effectiveness of CLAM for this classifica-
tion problem because further work is required to verify it correctly. Although the
results from the segmentation and the classification appear to show no difference
in colour correction, the classification results are not reliable enough to justify

claiming that the colour correction has no impact.
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6.2 Limitations & Future Works

6.2.1 Lack of comparison for segmentation

The goal of the segmentation model was not to get the highest Dice or NSD score.
The segmentation needed to be effective enough to be useful for classification.
The numbers and visual inspection indicate that it is indeed the case. However,
due to the lack of comparison with other network architectures for the segmenta-
tion model, we cannot determine how the performance of the segmentation model
affects the classification model. Although it may not be the most interesting, it
could be investigated whether a different architecture or model behaves differently,

thereby improving the classification.

6.2.2 Lack of segmentation evaluation metric

Although Dice is a widely used metric to evaluate performance, it is only as good
as the gold standard it compares with. Usually, the gold standard is near-perfect,
but in our case, it was not. If the predicted mask is better than the gold standard,
the Dice score will decrease instead of increase. Our case could have benefited
from a usability metric that tells us how regular the segmentation border is. For
example, it could calculate the accumulated length of the segmentation or the
irregularity of the border.

Additionally, a downside of the NSD score is that it is not standardised. The
reason for this is that the user determines the tolerance. This means it is subject
to the user’s opinion. There is no standard for the tolerance parameter, neither in

research nor in industry.
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6.2.3 Performance of the classification model

Unfortunately, it is unclear why the performance of the classification model is so
poor. The first experiment performed on the classification framework was the
unplanned experiment with the 20x downsampled data. Although theoretically
incorrect, it demonstrated that the framework could learn from the patches. This
data was generated early on, as it was also necessary for the segmentation. How-
ever, subsequent experiments failed to learn from similar data.

The CLAM framework was designed for full-quality images [24], suggesting
that downsampling is not necessary. Ashtaiwi et al. [35| indicate that a higher
resolution is better for detecting breast cancer. But, Peng et al. [27]| found that
using a downsampling rate of 8x was the best for detecting glomeruli in Renal
Direct Immunofluorescence. Both these examples had comparable resolution to
the data in this thesis. Although these domains differ from the case here, the fact
remains that the size of the features determines the combination resolution and
patch size, and in essence, the model’s performance. This is in contrast with the
results in this thesis. Combined with the fact that the results yield such a strange
outcome, where the model appears to be unable to learn, this suggests that there
is something wrong with the code, rather than with the experimental setup. This
is further verified by the unplanned experiment with a downsampling rate of 16x.
This experiment was conducted most recently to confirm the suspicion that a bug
exists in the code. The experiment of 16x downsampling should be similar in this
sense to the experiment of 20x downsampling at the beginning, in that it would
yield similar results. However, it does not. Its results are analogous to those of

the planned experiments, indicating an error somewhere.
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6.2.4 Improvements given a successful CLAM implementa-
tion

Although it is not proven in this thesis, CLAM may remain an effective archi-
tecture for this classification problem. If that turns out to be the case, several
hyperparameters and other issues require further investigation.

The first issue to solve is the class imbalance. There are a lot of images for
higher class labels than for the lower ones. The results from the 20x downsample
show that the model is better at classifying labels 3 and 2. It might be that these
are easier to classify, but it could also be that there are more images for these
labels to train on.

The second item that requires further research is the encoder used for feature
extraction. Currently, the default ResNet encoder is used; however, other encoders
may yield better results. Breen et al [36] found that for the classification of ovarian
cancer in histopathological images, the UNI foundation model performed better
than the ResNet50 encoder. The UNI foundation model is supported as an encoder
for the CLAM framework. This foundation model has been pre-trained on over
100 million H&E-stained images. This is more specific to our use case than the
general images ResNet has been trained on. Connected with this, further work
could be done to investigate what the best dimension size is for the feature vector.
The default is currently 1024, however, other sizes may perform better.

The third item that requires further research is the patch size. The issue with
having a single, definitive patch size for this specific dataset is that it is challenging
to capture every feature. Currently, the amyloid plaques are confined to a single

patch, as illustrated in Section 3.2.3. However, the glial cells are approximately
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four times smaller than the patch size. Is the model capable of capturing this?
Next to this, the large cortical layers, as explained in Section 1.2, are also crucial
for the classification. These will not fit a small patch. CLAM addresses this multi-
scale challenge through its attention-based multiple instance learning framework,
which aggregates information from patches at different spatial locations and scales.
However, it is not verified whether CLAM is capable of doing this in this case.
An improvement that can be made in further work is to maintain the same
train, validation, and test splits for both the classification and segmentation mod-
els. If they are kept the same, we can properly verify how an untrained case
performs for both models. Especially since the goal of this research was practical,
we want to know how well untrained cases perform. This is an idea we attempted
to pursue after completing the training for the segmentation model. However, it
turned out that the distribution of the cases for the randomly generated splits for
the segmentation was not good and balanced for the classification. This meant
that to keep this goal in mind, we had to either retrain the segmentation or accept
a performance hit to the classification. The decision was made to forego this idea.
Lastly, not every image at our disposal was used for training and testing due
to some technical errors. There were some technical problems, most likely due
to the size of the images, that caused the scripts written to upscale the mask,
extract the segmentation, create the patches and extract the features to crash.
This was the case for about 20 images. Ideally, every image would have been
used. However, it was determined that assessing whether CLAM was a usable
architecture was more relevant than ensuring that every image was retained during
each step. Additionally, the error messages provided were not descriptive, requiring

extensive debugging to determine the exact cause of the issue.
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6.3 Final thoughts

To conclude, we have examined and proven the effectiveness of nnU-net for this
segmentation problem. However, we were unable to create a working classification
model using CLAM. We have gained a lot of insights into the problem, but have
not yet found the root cause. Nonetheless, the first steps have been made towards
an automated classification pipeline that will aid the researchers working with

these images.
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Appendix A Figures

A.1 Dice and NSD Scores



A.1 DICE AND NSD SCORES
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Figure A.1: An overview of the Dice scores for the colour corrected dataset split

out by label
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Figure A.2: An overview of the Dice scores for the non-colour corrected dataset

split out by label
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A.1 DICE AND NSD SCORES A-3

Color Corrected: Boxplot of NSD by Label (n = 35, set = Test)
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Figure A.3: An overview of the NSD scores for the colour corrected dataset split
out by label
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Figure A.4: An overview of the NSD scores for the non-colour corrected dataset
split out by label



Appendix B Usage of Al

Code Generation

I have utilised GitHub CoPilot and ChatGPT for certain aspects of code gen-
eration. These parts were used to aid in programming the scripts needed for
visualisation. They did not alter the data in any way and only saved time by writ-
ing the required function for visualising the data. I have reviewed all the results
to confirm their accuracy.

Grammar Checking

I have Grammarly Pro for spell checking. This ranged from ensuring that the
English grammar was correct to rewriting certain parts of the sentence for greater
clarity. It also changed some words to reduce monotony and increase variability
in word usage.

Rewriting for clarity

I have used Claude Al to rewrite specific paragraphs for clarity. When I had writ-
ten a paragraph containing my personal ideas and was not satisfied with the way
I had written it, I did not entirely know how to improve it. I then used Claude Al
to rewrite the part. By writing this piece myself first, the ideas are still mine, and
I retain complete control over the content of the paragraph. This way it is better

readable for other audiences.
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