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Abstract

Bone marrow edema (BME) or bone marrow lesion (BML) is the name attributed to an observed
signal change within the bone marrow in magnetic resonance imaging (MRI), more commonly de-
tected in the hip, knee, ankle or foot. The condition is generally diagnosed when areas of high sig-
nal in fluid-sensitive sequences - T2 or proton-density (PD) weighted images with fat-suppression,
or short tau inversion-recovery (STIR) - and medium or low signal intensity areas in T1-weighted
images are detected in MRI. The recent developments in machine learning techniques, such as
deep learning with the use of convolutional neural networks(CNN), allow increasingly more com-
plex problems, such as the ones found on medical imaging, to be solved with good results. The
purpose is to explore bone marrow edema, focusing on their detection in MRI and in X-ray imag-
ing with the help of appropriate machine learning algorithms. The possibility of detecting the
condition in X-ray imaging could prove to be a very useful tool as it is a more widespread tech-
nique and thus would help on an early diagnosis and intervention; however, this type of imaging
appears to have very low correlation with the detection of BME since X-rays usually don’t reveal
signs to suggest the pathology. This low correlation is coherent with the fact that the best classifier
used in the tests performed in this experiment achieving merely 56.3% of accuracy. With gathered
images from 72 patients, through a patch-based strategy, both a random forest and a CNN were
trained and tested, with the latter achieving 72.1% balanced accuracy.

Keywords: Machine Learning, Deep learning, Computer Vision, MRI, X-ray, Bone Marrow
Edema, Bone Marrow Lesions
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Resumo

O edema medular 6sseo € o nome dado a uma alteracdo de sinal observada na medula éssea
em imagens de ressonincia magnética (RM), mais frequentemente encontrada na 4rea da anca,
joelho, tornozelo ou pé. Habitualmente este problema é diagnosticado quando sio detetadas em
RM zonas de hipersinal em sequéncias sensiveis ao liquido - imagens ponderadas em T2 ou den-
sidade proténica com supressdo de gordura, ou short tau inversion-recovery (STIR) - e dreas de
sinal intermédio ou hipossinal em T1. Os ultimos avangos em aprendizagem automatica aplicada
ao contexto médico, como é o exemplo da aprendizagem profunda com o uso de redes neuronais
convolucionais, permitem que problemas cada vez mais complexos, tais como os de imagiologia
médica, serem resolvidos com bons resultados. O objetivo € explorar o problema do edema medu-
lar 6sseo com foco na sua dete¢do em imagens de RM e radiografia (Rx) com a ajuda das técnicas
de aprendizagem automética apropriadas. A possibilidade de detecdo deste achado em Rx podera
ser util visto ser uma técnica mais acessivel, facilitando assim o seu diagndstico mais precoce e
intervencdo. Contudo, este tipo de imagem aparenta ter um grau de correlacdo muito baixo com a
detecdo de edema medular 6sseo, dado que Rx habitualmente nao revela sinais que sugiram edema
medular ésseo. Esta baixa correlacio € coerente com o facto do melhor classificador utilizado nos
testes desta experi€ncia apenas atingir uma precisao de 56%. Com imagens de 72 pacientes, uti-
lizando um estratégia a base de fragmentos de imagens, tanto um random forest tal como uma rede
neuronal convolucional foram trainadas e testados, sendo que a dltima atingiu 72.95% de precisao
equilibrada.

Keywords: Aprendizagem Automatica, Aprendizagem Profunda, Visao por Computador, Ressonan-
cia Magnética, Raio X, Edema Medular Osseo
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Chapter 1

Introduction

1.1 Context

Bone marrow edema (BME) is the name given to an observed signal change on magnetic reso-
nance imagining (MRI) scans, more specifically, areas of high signal in fluid-sensitive sequences
- T2 or proton-density (PD) weighted images with fat-suppression, or short tau inversion-recovery
(STIR) - and intermediated or low signal intensity areas in T1-weighted images in MRI. The term
was initially used in 1988 by Wilson et al.[60] and is usually found in areas like the hip, knee, an-
kle, foot, shoulder or spine. The presence of BME is an unspecific but sensitive sign with a widely
differential diagnosis, that may act as a guide that leads to a systematic and correct interpretation of
the MR examination. Fluid-sensitive MR sequences are more sensitive than T1-weighted images
in the detection of BME. While MRI is the predominant detection method for bone marrow edema
it has its own set of problems, one of them being the changes happening at the biochemical level
in the bone marrow. More specifically, bone marrow composition changes occur physiologically
along with the development of the skeleton and with non physiological events such as traumatic
insult, disease onset or with some types of therapy. This makes the detection and diagnosis pro-
cess more difficult[36]. However, a recent study has shown some correlation between BME and
changes in water and fat percentage, which can be measured using techniques such as Magnetic
Resonance Spectroscopy[50] or using more robust fat suppresion techniques in fluid-sensitive se-
quences, e.g. the Dixon method[45]. BME is usually associated with conditions like trauma or
osteoarthritis but can be observed in patients with other illnesses. Rheumatoid arthritis, ankylosing
spondylitis, psoriasis, osteomyelitis and diabetic foot are just some of the conditions where bone
marrow edema has also been identified. This signal change in MRI scans has generated some
controversy with regards to its causes and clinical impact; however, it has been increasingly more
correlated with pain and making limb motion more difficult[11]. There are various ways to treat
it, usually through the means of surgery or medication such as prostacyclin analogs and bispho-
sphonates. Prostacyclin is a vasodilator that helps with the passage of blood in tissues with bad
blood flow and bisphosphonates is a class of medication that help preserve bone density. These

medications are very helpful for pain relief[18].
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1.2 Motivation

Bone marrow edema is a feature often found in both athletic and non-athletic individuals, with the
athletic ones sometimes being asymptomatic[53]. Some studies have suggested that BME is not
a good indicator for severe pathological complications in these asymptomatic cases[14][47][39];
however, other studies have associated it with pain[38][33]. Bone marrow edema is also associ-
ated with common pathological issues such as arthritis, osteoporosis and ankle pain so develop-
ing a solution to aid in solving these problems would benefit a lot of patients that are suffering
from the symptom since, to the extent of the research done, it still has no standardized method
for automated detection yet. Furthermore, if the patient has osteoarthritis, BME will generally
get worse. X-ray imaging plays a minor role in the diagnostics of BME. This technique can be
useful revealing findings that allow the diagnosis of conditions in which BME association is com-
mon. Detection of osteopenia that could be related with BME by health professionals in X-rays is
extremely challenging and much less frequent and accurate than in MRI[63]; even so, if this de-
tection was somewhat possible using machine learning models, physicians could be aware of this
finding much sooner, due to X-ray imaging being usually the first imaging technique performed in
the clinical setting. By having a streamlined tool for this effect, one could reduce the variability
and general subjectivity of human identification. Having an accurate and reliable method to pre-
maturely detect this finding could help health professionals in the management of these patients’
diagnose with a prompt intervention. It could also help health professionals perform early inter-
vention. In a recent study, Felson et al[21] found that 272 out of 351 (77.5%) persons with knee
pain had bone marrow lesions so this type of solution may help patients from being affected by
pain in their everyday life. Having more tools could also improve the understanding of how the
symptom progresses and help to reduce errors made during diagnostic and treatment, improving

the quality of life of patients[41].

1.3 Objectives

The general objective of this dissertation is to explore the problem surrounding bone marrow
edema. To do this, a set of machine learning models will be carefully trained and tested to deter-
mine the feasibility of detecting the condition in magnetic resonance imaging scans and X-rays
in an automated computer environment. With advancements made in this area, it is believed that
radiologists could be assisted with tools to automatically detect and possibly quantify BME in
MRI, also helping in monitoring patients’ progression as well as act as an early detection methods

in Rx imaging, which is not possible at the moment.

1.4 Contributions

The following contributions were made from the experiment:
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* The development of a procedure for extracting annotation and image data from DICOM
files

* The development of a machine learning algorithm that can detect bone marrow edema to a

certain degree

* The experiments made, parameters selected and results obtained and discussed

1.5 Document Structure
This document has 5 chapters, with the following structure:

e In Chapter 1, Introduction, the problem in study, the goals as well as the motivation is

described;

* In Chapter 2, State of the Art, the current knowledge of the studied matter as well as the
most advanced techniques are presented;

* In Chapter 3, the experimental implementation of the solution is described and presented,

along with the parameters chosen for testing;
* In Chapter 4, the metrics and performance of the algorithm is discussed;

* In Chapter 5, the inferences made from results are presented in a final manner.
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Chapter 2

State of the Art

In this chapter, it will be described what exactly is Bone marrow edema (BME) , how it is usually
detected, the many treatment methods available and the most appropriate technology to be used for

detection and quantification of the symptom available as of the time of writing of this document.

2.1 Background

BME or bone marrow lesions (BML) is the generic name given to specific alterations found in the
signal on magnetic resonance imagining (MRI) scans[11]. The term was first used in the year 1988
by Wilson et al[60] to describe the condition in patients with transient osteoporosis in the knee
or hip. At the time, these patients had debilitating pain in the affected area but this symptom was
spontaneously resolved in all 10 cases, which led to the name "transient marrow edema syndrome",
also coined by the authors. This clinical finding can be a symptom of many different conditions,
usually trauma or osteoarthritis but can also be present in patients diagnosed with a wide spectrum
of illnesses. Rheumatoid arthritis, ankylosing spondylitis, psoriasis, osteomyelitis and diabetic
foot are just some of the conditions where BML has also been identified[11]. Patients affected by
this usually complain about pain or difficulties with motion in the affected body area, but can also

show no symptoms.

2.1.1 Identifying bone marrow edema on MRI scans

Magnetic resonance imaging scans are by far the most common method to detect bone marrow
edema. It is detected by high signal intensity in fluid-sensitive sequence, such as on figure 2.1, and
low signal intensity in T1-weighted scans[18]. Logically, this type of image has a high correlation
with the detection of edema. In figure 2.2, one can see the difference between the different image

types and how edema in shown on each one.
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Figure 2.2: Comparison of different scans of a patient with edema. From left to right, the T1-
weighted MRI image, the fluid-sensitive sequence image, the original X-ray and the X-ray with
the annotated region where the edema was found in MRI.

2.1.2 Identifying bone marrow edema on X-Ray imaging

Regarding X-Ray imaging, there has not been as much research done in the detection of BME as
in MRI. Some articles have even gone as far as arguing that the manifestation of the condition is
not visible at all in X-ray scans[18]. While that may be true for humans, computer vision models
like CNNs have been noted to have better accuracy than human beings on certain tasks. One
such example is the usage of CNNs for characterizing bioleaching bacterial biofilm composition
by Buetti-Dinh et al.Researchers managed to achieve an accuracy of 92.8% on the classification
problem, while human experts fell behind at 51.5%[12].
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2.1.3 Treatment

There are numerous ways to treat the symptoms of BME. If the patient is willing to undergo sur-
gical intervention there is a combination of core decompression, i.e. drilling holes in the area
affected by BME, along with possible injections of hydroxyapatite cement[62] or autologous bone
marrow stem cells, depending on the cause of the BME[29]. For less invasive manoeuvres, ex-
tracorporeal shock wave therapy is a possible solution. This therapy is compromised of sending
mechanical shocks of a certain magnitude to the area affected by the lesions. Regarding pharma-
ceuticals, some suggested medication includes prostacyclin analogs and bisphosphonates. Prosta-
cyclin is a vasodilator that helps with the passage of blood in tissues with bad blood flow and
bisphosphonates is a class of medication that help preserve bone density. These medications are

very helpful for pain relief[18].

2.2 Machine Learning

Machine learning is the general study of computational algorithms that try to map a certain input
to a certain output through complex rules. This can be compared to how a regression model
in regression analysis tries to map a series of points to a mathematical function, but with more
complex problems and solutions. In this field, there is gathered experience in the form of a series of
input data and the corresponding output, usually collected from some sort of human process (e.g.,
visually identifying the breed of a dog, classifying the subject of a book, etc) or data reading from
an observed phenomenon (e.g., weather readings for forecasting, stock market statistics, etc). This
experience is initially split into train, test and sometimes validation sets for the different stages of
the usual workflow process. The train set is fed to the machine learning model (algorithm), either
entirely at the same time or with a specific strategy (e.g., through a series of batches), while the
algorithm changes its inner parameters to adapt to it. After this is done, the model receives the
input data of the previously mentioned test set, tries to predict its output and various metrics are
calculated from the comparison of the predicted output with the observed output of this set. Some
methods that train in an iterative manner, like CNNs, utilize the validation set to measure the
performance of the model at each stage.

The data is one of the most important components of this procedure and has a deep effect
throughout the entirety of the process. Making sure that it explores the data space in a thorough

and meaningful way is key to having good results.

2.2.1 Traditional machine learning

Traditional machine learning is loosely defined by the process done by machine learning models
that have existed before the increase in popularity of deep learning models. Some of these models
include nearest neighbours, decision trees, logistic regression, random forests and support vector
machines, among others. These types of models are generally faster during the training process

than deep learning methods but are also slower in generating predictions as well as requiring



8 State of the Art

more time and domain knowledge in the data preparation stages. Due to these factors, traditional
machine learning algorithms are still very relevant and widely used in the current machine learning
landscape. The reason why deep learning is getting more attention is mainly due to the increasing
size of data, the automatic process of selecting highly relevant features and the layered architecture

capable of making analysis at different points of abstraction[16].

2.2.1.1 Support Vector Machines

Support vector machines are a type of machine learning model for supervised and unsupervised
learning that is capable of solving problems for both classification and regression[9]. Developed
by Vapnik and his colleagues in the 1990s, this algorithm works by constructing a set of hyper-
planes in high-dimensional space to try to reach a ruleset for capable of separating data points with
the aid of the kernel function, as can be seen exemplified on figure 2.3. These hyperplanes can be
defined as a set of points such that the dot product is constant with a vector in the space, generating
a set of orthogonal vectors[32]. Although it was initially proposed for linear classification, SVMs
can perform non-linear classification with the aid of the kernel trick, allowing different kernels to
be used[1]. The chosen kernel defines the type of function used by the support vector machine to
separate points. By using complex kernels, the support vector machine can better model the sepa-
ration between points, but also spends more time performing calculations. A schema denoting an

example of digit classification can be seen on figure 2.4. Usual kernels include:
* Linear kernel
* Polynomial kernel
¢ Radial basis function (RBF) kernel
* Hyperbolic tangent (sigmoid) kernel
* Sigmoid kernel
* Multiquadric kernel
* Graph kernel
* Cauchy kernel

Support vector machines have been used to relative success in medical imaging tasks, e.g.,
Alquran et al.[4] managed to use support vector machines to detect and classify melanoma skin
cancer images with a classification accuracy of 92.1%. These results are especially important due
to the nature of the cancer to spread to other areas of the body, making early detection extremely
important. Additionally, these models have also been used for MR image classification of breast
tissue for cancer detection. Chien-Shun Lo and Chuin-Mu Wang[46] were able to detect the
condition in their tests with an accuracy of over 90%. Another study collected data from over 480

patients with 23 features each with the purpose of training machine learning models, including
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SVMEs, to identify signs of coronary artery diseases, reaching results of testing accuracy between
72.92% and 79.17%. These results were achieved in part by using component analysis, reducing

the dimensionality of the dataset to maximize the model’s performance[7].

A .

. Maximized Separation .

© O
N

. Support Vectors

. -

Figure 2.3: The Support Vector Machine model and the separation of classes inside the hyperspace.
"Support vector machine", 20 November 2016.
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Figure 2.4: Classification of hand-written digits using support vector machines. From Cortes at
al.[15]
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2.2.1.2 Ensemble learning

Ensemble learning is a technique in machine learning that consists of combining multiple models
that, by themselves, would be considered weak, into a better one. This technique is used mainly in
the form of 3 processes. One of these processes available by ensemble learning is bagging, which
is the process of creating multiple datasets and multiple learners so that a can combination of them
creates a theoretically better learner. This specific technique can improve the performance of the
model and reduce overfitting[13]. Boosting is yet another technique made available my ensemble
learning and consists of iteratively training weak learners while giving more importance to learn-
ers that can correct the wrong classifications of the previous ones[59]. Both these processes are
displayed in a summarized manner on figure 2.5. Although this can improve the overall accuracy,
it also tends to overfit training data. These are just some of the techniques encompassed by en-
semble learning but they can create some very useful machine learning models like the random
forest, AdaBoost or gradient boost. Ensemble learning has been used to classify similar problems
to the detection of bone marrow edema. A Random Forest feature subset selection wrapper and
an ensemble meta-algorithm were used in a 2019 article to discriminate between low-grade and
high-grade cartilaginous bone tumours based on parameters extracted from MRI scans.Gitto et
al.[25] have noted that "All tumours were manually segmented on T1-weighted and T2-weighted
images by drawing bidimensional regions of interest, which were used for first-order and texture
feature extraction". Results yielded 85.7% and 75% accuracy on training and testing, respectively,
which is promising taking into account that the musculoskeletal radiologist correctly graded 13

out of 16 (81.3%) of cartilaginous tumours from the test cohort.

Bagging Boosting

Independent weak learner training Iterative weak learner training

Figure 2.5: Visual representation of bagging and boosting. From Gonzélez et al.[26]
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2.2.1.3 Random Forest

The Random Forest model is one of the most used machine learning models in the context of
medical imaging. This model type has changed the medial imaging area, especially in the context
of image segmentation[37]. This system was first theorized by Ho et al.[31] in an article published
in 1995 named "Random decision forests".

It consists of an array of decision trees with randomized values, which are fed the input data,
generate their own output and then combine it in such a way that a conclusion is achieved. The
easiest way to do this is by averaging the output of all the trees, in a regression problem, or taking
the class that the majority of trees chose, in the case of classification[55]. Using a large number of
trees helps to reduce variation when compared to regular decision trees[20]. An example of this
type of model performing image classification can be seen on figure 2.6. One study was able to
delimit the femur in MRI scans using this model of machine learning. By supplying this model
with 839 images, they were able to achieve a point-to-curve error of less than 0.9 mm for 99% of
said images. These 839 images of variate quality were manually annotated for the femur contour
and then reevaluated 10 months later to assess the amount of intra-observer variability[44].

In an article by Yang et al.[61], a series of machine learning models were trained to detect
bone fractures. To study this, 40561 images were feature extracted by a convolutional neural
network(CNN) by exporting the 3 highest-level feature layers, fc6, fc7 and fc8, into three differ-
ent types of classifiers, extreme learning machines (ELM), support vector machines (SVM) and
random forests(RF). They were able to achieve fc6, fc7 and fc8 accuracy of 74.17%, 74.37% and
73.90%, respectively using the random forest model, which was the second-best result, losing only
to the support vector machine model with 78.05%, 77.74%, 77.55% accuracy in the same metrics.

In summary:

Advantages:

Has the ability to withstand irrelevant features[58]

* Is capable of handling both classification and regression problems

» Shows good accuracy even with small amounts of data

» Can output the relevance of each feature

Disadvantages:

* Computational complexity is high.

* Can overfit datasets with noise, especially in regression.

* Can struggle if class imbalance is present in the dataset.
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Semantic Neighbors

Semantic Neighbor Set

Figure 2.6: Example of random forest model performing multi-class classification. Adapted from
Hao Fu, Qian Zhang, and Guoping Qiu in "Random Forest for Image Annotation"[23].

2.2.2 Deep learning

In machine learning, there is a multitude of different algorithms and approaches to solving a spe-
cific problem. Conventional machine learning methods usually have difficulties with performance
if the data is not carefully prepared into an efficient format, which, in some cases, requires thor-
ough domain knowledge and a great deal of time[42]. Throughout the years there have been sub-
stantial developments in machine learning, more specifically in artificial neural networks, which
have generated a lot of interest from many different industries, one of them being medical imag-
ing. These advancements are especially important in problems such as fraud detection where the
dataset is hard to define in an efficient feature set[30][8]. These types of algorithms utilize multiple
layers, each one transforming the input in some way, increasing the level of abstraction and allow-
ing the modelling of complex functions. This area of machine learning is called deep learning and
presents models which utilize techniques from representation learning which allow the models to
discover efficient representations of the dataset for feature selection using prior knowledge in an
automatic manner, replacing a big part of the manual feature engineering process[10]. Another
reason these models provide such good results is the increasing amount of size and dimensional-
ity of data in recent history. Due to this factor, a lot of the information contained in the data is
lost without the automatic feature selection process and a complex enough system. An additional
important factor in the deep learning paradigm is the capability of these networks to analyse data
at a varying degree of abstraction. Abstraction can be loosely compared to how a human being
would look for more specific features when trying to visually identify an object in its day to day
life. For example, when trying to identify the species of an animal, a person would intuitively try
to identify simple shapes and patterns such as circles or high contrast areas in a dalmatian dog. It
has been more formally defined as a space where one can map the ground truth of a problem to
an easier abstract representation of it, make deductions and then generate a ground solution from

such[35]. Abstraction has been previously theorized to be linked with the increase in knowledge



2.2 Machine Learning 13

of a specific model as the layers are progressed, with a few exceptions, mainly in Pooling and
ReLu layers. This abstraction remains low in the initial layers of deep learning methods but gen-
erally increases according to depth[40]. The automatic feature selection process of deep learning
algorithms is also considered a form of abstraction[35].

Some of the models used in this subject include:
¢ Convolutional neural networks
¢ Recurrent neural networks

¢ Autoencoders

Deep belief networks[51]

* Deep Boltzmann machines[57]

2.2.2.1 Convolutional Neural Networks

In recent years, convolutional neural networks have been thoroughly studied, leveraging from
the many benefits added to deep learning in the process such as improvements in the processing
speed of computers and increases in data size and dimensionality[28]. Originally inspired by
David H. Hubel and Torsten Wiesel whose work described relationships between the animal visual
cortex and specific neurons[34], Yann LeCun among others proposed and later improved the CNN
architecture at the end of the 1980s and the start of the 1990s. These networks are comprised of
multiple layers of different types; the 3 main layer types being:

* Convolutional layers
* Pooling layers
* Fully-connected layers

Convolutional layers are the first and main type of layer used in convolutional neural networks.
These layers generate features by performing a convolution operation between the image pixels
and different filters according to a kernel of arbitrary shape, producing a new representation of the
image called a feature map, as seen on figure 2.7. The purpose of this stage is, in a way, to find the
most appropriate filter for the images so that an efficient feature set can be extracted.

The pooling layer’s job is to downsample the feature map by generating a numeric value for
each independent matrix of pixels of specific size, thus increasing abstraction and discarding in-
formation, as seen on figures 2.8 and 2.9. This process is usually done by selecting either the
maximum value of the matrix or the average value of the matrix, the former being the most popu-
lar strategy[27]. After layers of these 2 types process the feature set enough, the model connects
the feature map with multiple dense fully-connected layers of neurons, similar to a traditional ar-
tificial neutral network, into the output layer with the shape of the chosen output. CNN’s are cable

of creating very efficient representations of the data, while also preserving the spatial relationships
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Figure 2.7: The convolution process applied on convolutional layers of CNNs. Adapted from
Albawi et al.[3]

found in it[48]. The issue with training the neural networks is that they heavily rely on the amount

of data that is fed to them, which may be an issue in the medical context, especially when research-

ing new or rare illnesses[43]. Furthermore, these machine learning models require heavy amounts

of computing power, as well as domain knowledge to use them effectively[24]. In summary:
Advantages:

* The ability to extract features automatically from image/video, these features are often

highly correlated with the problem

 The ability to outperform conventional machine learning methods on various types of image-

related problems

» Capacity to preserve the spatial relationships of the images fed through the model (can

identify objects anywhere in the image)
Disadvantages:

* They require a large amount of computing power but often take advantage of the graphical

processing unit’s capabilities to perform mass calculations
* They usually require a large enough dataset to outperform other machine learning methods
* They require the domain knowledge to use them effectively

Image scans used by health professionals to visually identify anomalies in the body of a pa-
tient, like magnetic resonance or x-ray imaging, end up being a big data storage for deep learning
algorithms to learn useful patterns, like breast cancer diagnosis[24] among many others. An ar-
ticle published no April of 2019 managed to develop a CNN model capable of achieving 79.5%

accuracy in classifying whether or not an MRI scan contained a bone marrow edema lesion in the
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Figure 2.9: Visual representation of the inner workings of convolutional neural networks. From
Lundervold et al.[48]

knee. To get this result, it was fed 1435 MRI scans from the knee region[5]. In another study,
CNNs were used for outlining bone marrow edema lesion on knee MRI scans. The Dice similar-
ity coefficients (DSC) and Pearson’s R2 were reported as being 0.70 and 0.94, respectively, on a
dataset of 600 subjects and 1782 scans and were 90% faster than a human doing the same task[56].
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2.2.3 Metrics and the confusion matrix

To more accurately understand how a model behaves, one needs to understand metrics and their
importance. A multitude of different metrics are used to evaluate these algorithms, some of them
being accuracy, precision, recall, specificity, balanced accuracy, F1 score and the Matthews cor-
relation coefficient (MCC) for classification problems or mean squared error and mean absolute
error for regression problems, among many others[22]. Furthermore, the confusion matrix allows
the analysis of the output of classification problems in a more intuitive way and is compromised of
the following 4 numeric values: true positives (TP), true negatives (TN), false positives (FP) and
false negatives (FN)[49], as seen on figure 2.10. A lot of the aforementioned metrics are based on

the values obtained by this matrix, as can be seen in the following equations:

Accuracy:
TN+TP
Accuracy = (TN+TP)
(TN+TP+FP+FN)
Precision: .
Precision = ———
(TP+FP)
Recall: .
Recall = ————
(TP+FN)
Specificity:
TN
Speci ficity = ————
pecificity TN FF)
Balanced accuracy:
Balanced accuracy = (Recall + Specificity)
2
F1 score:
F1 score =2x (Recall x Specificity)
(Recall + Specificity)
MCC:

TN xTP—FN x FP
V/(FP+TP)x (FN+TP) x (FP+TN) x (FN+TN)

MCC =

Mean squared error:

Z?:l(yt —)’p)2
n

Mean squared error =

Mean absolute error:

Y v —Yp |
n

Mean absolute error =

, where 7 is the number of data points, y, is the observed output and y, is the predicted output
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Figure 2.10: Schema denoting the multiple components of the confusion matrix. From Luque et
al.[49]

Furthermore, the receiver operating characteristic (ROC) curve allows the visualization of a
binary classifier’s diagnostic performance throughout all its classification threshold levels. This
curve is used to intuitively identify the ideal value for the trade-off between specificity and sensi-
tivity. The area under the curve (AUC) of the ROC can be used to measure how well a machine
learning model can distinguish between two classes[19]. To be able to analyze the relationship
between two different variables, Spearman’s rank correlation coefficient was used. This measure-
ment is used to evaluate how well these two variables can be fit into a monotonic function and
can evaluate relationships that need not be linear. It is more formally defined as a measurement of
rank correlation[52][6]. It is expressed by the following mathematical formula:

Spearman’s rank correlation coefficient:

6y d?

. . C
Spearman’s rank correlation coef ficient = 1 w2 —1)

, where d; is the difference of ranks and » is the amount of observations
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Chapter 3
Methodology and Experimental Setup

Over the course of a few months, our work has been primarily divided into 2 problems, detecting
and annotating BME in MRI scans as well as annotating the expected region to be affected in the
X-Ray based on the MRI findings. Detection in MRI images is overall simpler than in X-ray since
MRI is a very complete and complex method with several types of sequences that captures images
at different levels of the studied region, while an x-ray compacts all that information into a single
image. This makes it so that the BME region is overlapped with bone and skin, making human
detection extremely challenging. It also doesn’t contain the depth dimension found in MRI scans,
making less data available. Alongside this, edema doesn’t seem to be detected by the nature of the

X-ray images.

3.1 Data Preparation

In the initial phases of the implementation, most of the work focused on gathering the necessary
data and treating it for future use in the development of the algorithms. Images of knee X-ray,
see figure 3.3 as well as T1-weighted and fluid-sensitive sequence images of MRI scans were
collected from 72 different patients under the age of 18, provided by the University Hospital
Center of Sao Jodo. Of these 72 patients, 36 had BME detected by health professionals and were
manually annotated with regions of interest on the respective slices with zones identified with
BME, as can be seen on figure 3.1. The latter 36 non-edema patients were annotated in the bone
region so that the algorithms could learn healthy bone composition as well, as seen on figure 3.2.
A patch-removal strategy was employed in order to have enough data so that the random forest
classifier and especially the CNN classifier can have enough images to work with and reduce the
impact of outliers, among other factors. Each patient had a folder and a label specifying if the
patient has edema in their scans or not. Having that, the patient folder contained multiple items,
including an executable to view the scans, an XML file with details about the exam and the scan
file distribution and the binary data of these scans in the Digital Imaging and Communications in
Medicine (DICOM) format.

19
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Figure 3.1: A single slice of an MRI scan with multiple annotated edema findings.

Figure 3.2: Image of an MRI scan with two non-edema regions annotated.

The reading of these images is made using a python script with the help of the pydicom
package, which provides an interface for us to read the encoded data from the DICOM format.
This format first proposed in 1985 works by distributing information object definitions (I0Ds)
to the multiple objects collected by the scan thus linking them together. The XML file called
"CONTENT.XML’ contains the patient details, the exam details and the description of the multiple
images resultant from the scans. This information allows us to isolate types of scans (MRI, X-ray)
and types of files (annotation file, scan file). As can be seen on listing 3.1, this file can be used to
discover the location of various scans. After discovering all relevant files, scans and annotations

are subsequently opened using pydicom and matched according to their Service-Object Pair (SOP)
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Figure 3.3: Example of an X-ray image.

identifiers (ID).The topology of the DICOM format, according to SOP IDs can be seen on figure
3.4. The pydicom API allows access to the DICOM attributes of scan and annotation files, which
are multiple variables containing information regarding the files. A summarized version of the
attributes used can be seen on table 3.1 The annotation images can then be extracted from the files
and used as image masks to isolate the edema and non edema regions of interest in the scan files
using the data available from reading the scan and annotation images using the pydicom API, as
can be seen summarized in figure 3.5. The corresponding image for the file opened is obtained
through either the pixel_array field for the case of scans or the overlay_array method for the
case of annotations generated from opening the DICOM file using pydicom. With both images
as well as the annotation origin, a mask is applied such that only the pixels inside of the ROI are
visible, in order to isolate the edema or non-edema bone regions apart from the rest of the image.
Subsequently, small patches of arbitrary size are extracted from the masked image and added to
the pool of images to feed to the models later on. This process can be seen in a more intuitive way

in figure 3.6.
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1 <study id="AAOFB43E">

2 <study_data>

3 <description />

4 <accession_id>F245A1B5ZU</ accession_id>

5 <exam_i1d>F242B1B5ZU</exam_id>

6 <body_part>LEFT KNEE</body_part>

7 <modality>MR</ modality>

8 <instance_uid>5.0.632.46.1.8267238467.485472</instance_uid>
9 </study_data>

10 <series i1d="00001156">

11 <series_data>

12 <modality>MR</ modality>

13 <number>17</number>

14 <description>knee_mri</description>

15 </series_data>

16 <image id="FBOC54A9">

17 <datetime>21/07/2019 14:26:42</datetime>
18 <utc_date>07/21/2019</utc_date>

19 <utc_time>14:26:42</utc_time>

20 <dicom_file>

21 <src>../DICOM\O0OOOF5A9\AAABD847\ AAOFB43E\00003FDC\EEDECO017</f$rc>
2 <index>0</index>

23 </dicom_file>

2 </image>

25 </series>

2% </study>

Listing 3.1: An example of a section of a CONTENT.XML file

Multiple parameters were considered for the data preparation process in order to assure that
every model has the best environment possible to learn. Some of the parameters considered were
patch size, which was, whether patches would have overlapping between each other or not, the
very hyper-parameters of the models. The patch size considered was of size (10,10) and (18,18),
due to being the most adequate for the average size of the edema. A normalization process was
also applied, where a perfect circle annotated in the muscle region would be identified alongside
the edema or non-edema region, averaged and subtracted from every pixel in the region of interest,
which was tested and showed results supporting the method. This annotated circle can be seen on
figure 3.7. Since the annotations are closed curves, there are patches in the cropped edema region
that overlap with non-edema regions; thus it was decided to use a cutoff of 10% of non-edema
region for considering whether a certain patch is valid or not. An image of a patch that goes out of

bounds of the edema can be seen on figure 3.8

After all this is done, there are multiple patients with scans that have multiple images, broken
down into patches of "edema" and "non edema" regions which can now be fed into our machine

learning models.
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Figure 3.4: The topology of the DICOM format. Shows the usage of SOP instances.

Attribute name DICOM tag Description
A data structure containing the
referenced SOP ID found
on annotation files. This ID
should match the SOP ID found
on the corresponding scanned
image.

The SOP ID of the scan files.
This ID should match the
one found on the annotation
file.

The array containing the value
of each pixel of the annotation
RO, i.e. the annotation image.
This array, along with the
origin, defines the region of
interest.

The origin of the annotation file.
This attribute is used to place the
annotation image correctly
on the scanned image.
Table 3.1: The attributes of the DICOM format used to read the scan and annotation files, along

with their tag and a brief description.

Referenced Series Sequence | (0008,1115)

SOP Instance UID (0008,0018)

Overlay Data (60xx,3000)

Overlay Origin (60xx,0050)
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Figure 3.5: The process of reading DICOM image files. This procedure consists of reading both
the image as well as the annotation file, followed by the merge of these images and the subsequent
crop of the region of interest area.
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Figure 3.6: Schema representing the dataflow of patches to the machine learning models.

3.1.1 Class imbalance

Due to the fact that edema regions are generally small, even though the number of patients is
balanced, the resulting number of patches can be seen in figure 3.9 as being very unbalanced,
resulting in additional difficulties for the algorithm and generally worse performance. To combat
this, both undersampling and oversampling of the patches was performed, the latter being the
strategy with most efficiency. This process, however, is not perfect and can also affect the model

negatively. This further complicates the already short amount of data.

3.1.2 Agein BME detection

Age is a relevant factor when considering the problem of BME. In children, a crucial component
of their skeleton called the epiphyseal plate might interfere with BME edection. This component
is very hyperintense in fluid-sensitive sequences - T2 or proton-density (PD) weighted images

with fat-suppression, or short tau inversion-recovery (STIR) - and appears in regions that may



3.1 Data Preparation 25

Figure 3.7: Image of an MRI scan with annotated circles for normalization and an edema region.

Figure 3.8: Image of a patch erogenously capturing pixels outside of the edema region

overlap with edema regions. Considering this along with the fact that BME is also detected by
very hypersensitive regions in the previously mentioned images, confusion may arise in the BME
detection process. Moreover, this component shrinks in size and loses hyperintensity as the child
grows, increasing the difficulty of the detection from a machine learning perspective[54]. Due
to the affect of age in the detection of BME, the ages of the patients used in the dataset were
collected. A box plot of the ages of patients with or without edema findings can be seen on figure
3.10. From this statistic it can be seen that most of the patients are between 11 and 17 years old,
which is a range that can still be affected by the aforementioned problems; hence there may be

some correlation between patient age and model accuracy.
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Figure 3.9: The distribution of patches generated between edema and non-edema patients.
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Figure 3.10: The box plot of patients with or without edema findings.

3.2 Algorithm Validation

While implementing the algorithms, we will also focus on how to correctly evaluate them. Know-

ing how to correctly measure the developed models’ performance is crucial in many different
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stages. It is important to monitor the performance of a proposed solution so that it can be adjusted
in a way that improves the results. Unfortunately, there is not one perfect approach, and there are
often benefits to evaluating a solution using different metrics depending on the goal of the project.
In classification, we will mainly use the confusion matrix and the values generated from it, the

accuracy, the balanced accuracy, the precision, the recall, the F1 score and the MCC score.

3.3 Models

Due to the research made on the State of the Art chapter, the proposed solution will focus on
2 types of machine learning algorithms, random forests and convolutional neural networks due
to their accuracy, convenience and versatility. Random forests work well with limited data and
irrelevant features and have shown great results on many different computer vision tasks and sce-
narios but require a good deal of data preparation to extract good features. CNN’s have shown
very good results in modern problems although they require a large amount of data to achieve
higher accuracy. It is not easy to make a prediction on how well these techniques will work on
the gathered data as it depends on a number of factors such as the amount of noise in the dataset,
and the size of the dataset, how well the data space is explored, etc. These models receive a series
of inputs(images) and outputs("edema" or "non-edema" classifications) and try to infer rules to
generalize the problem. In this case, they were trained and tested in order to be able to identify if
the patch of a scan contains edema or not.

Regarding the CNN model, it was decided that the Keras API would be the interface of choice,
due to its flexibility and consistency, as well as its ease of use. The model topology seen on table
3.2 and figure 3.11 was used with focus on a balance of speed and accuracy. These types of
models discover their own features from the training data through the means of its weight-sharing
architecture and filter application, which makes the training process much more convenient when

compared with traditional approaches.

Layer (type) Output Shape Param #
conv2d (Conv2D) (None, 10, 10, 32) 896
max_pooling2d (MaxPooling2D) (None, 5, 5, 32) 0
conv2d_1 (Conv2D) (None, 5, 5, 64) 18496
max_pooling2d_1 (MaxPooling2D) (None, 2, 2, 64) 0
conv2d_2 (Conv2D) (None, 2, 2, 128) 73856
max_pooling2d_2 (MaxPooling2D) | (None, 1, 1, 128) 0
flatten (Flatten) (None, 128) 0
dropout (Dropout) (None, 128) 0
dense (Dense) (None, 512) 66048
dense_1 (Dense) (None, 128) 65664
dense_2 (Dense) (None, 2) 258

Table 3.2: Text-based representation of the chosen CNN topology listing layers, the output shape
of the layers and the number of parameters each layer has.
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input: | [(?, 10, 10, 3)]
output: | [(?, 10, 10, 3)]

conv2d iput: InputLayer

input: | (2,10, 10, 3)
output: | (2, 10, 10, 32)

conv2d: Conv2D

nput: | (?, 10, 10, 32)
output: | (2,5, 5,32)

max_pooling2d: MaxPooling2D

nput: | (?,5,5,32)
output: | (2, 5,5, 64)

conv2d 1: Conv2D

put: | (2, 5,5, 64)
output: | (7, 2,2, 64)

max_pooling2d_1: MaxPooling2D

input: (7, 2,2, 64)
output: | (2,2, 2, 128)

conv2d_2: Conv2D

input: | (?,2,2,128)
output: | (7,1, 1, 128)

max_pooling2d 2: MaxPooling2D

Q

mput: | (2, 1,1, 128)
output: (7, 128)

flatten: Flatten

nput: | (7, 128)
output: | (7, 128)

dropout: Dropout

nput: | (?, 128)
output: | (?, 512)

dense: Dense

nput: | (?, 512)
output: | (?, 128)

dense 1: Dense

nput: | (?, 128)
output: (7,2)

dense 2: Dense

Figure 3.11: Visual representation of the chosen CNN topology

Regarding the random forest model, it was decided that the sklearn API was to be used .This
type of model works by having a network of decision trees, where each one of these trees votes on

the class it thinks the input data is from and picks the majority, in the case of classification. When
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focusing on regression this network uses statistics like mean or average of the output of each tree
to infer a decision. A k-fold cross validation process was applied to the ensure that an optimal
setup of hyper parameters would be used. This procedure indicated that a random forest with a
minimum amount of 100 trees, the number of features to ponder when looking for the best split
to be the square root of the total number of features, no upper bound on tree length, the minimum
number of samples to split a node of 2 and bootstrapping was optimal. These parameters, the
interval of values pondered for each of them and the optimal value found can be seen on table 3.3.
This process involves the partitioning of the data into k groups of training and testing, as can be
seen on figure 3.12, such that every data point serves as either test or training data and that each
point is part of the testing set in exactly one of the k iterations. After this, the algorithm runs for
k iterations, where it trains and tests a model at each iteration with its specific train and test set,
extracts metrics and saves the model with the best chosen metric such as accuracy. In order to
extract relevant features from each patch image, the pyradiomics' package was used, which is an

open-source project aimed to extract radiologic features from medical images.

Parameter name Interval Chosen value
number of estimators {190k + 100 | k € [0,10]} 100
max_features {'sqrt"} sqrt’
max_depth {9.(63)k+4 | k€ [0,11]} UNone None
min_samples_split {2,5,10} 2
bootstrap {'Trué') False'} True

Table 3.3: The random forest parameters and the multiple values considered. The k-folds cross
validation process iterates over the parameter values inside the chosen intervals and locates the
best combination according to a specific metric such as accuracy.

Each one of these types of models was trained and tested 20 times using random partitioning
for train, test and, in the case of the CNN, validation sets, and then the results averaged out, due to
the volatility of the low amount of scans gathered. This experiment utilized 54 of patients gathered
for training and the remaining 18 for testing. In the case of having a validation set, 5 of the 54
patients utilized for training are removed from this set and used for validation effects.

The main procedure followed by health professionals in the detection of this condition involves
looking at MRI scans of a patient in the affected area by the use of visual analysis.

On these types of images, both CNNs and random forest classifiers provide a way to detect
bone marrow edema in our tests with some level of accuracy. In this case, the CNN is the more
modern approach, having the ability to generate its own feature set by using image filters and con-
volutional operations[17], while the random forest is recognized as the more traditional machine
learning workflow, using a multitude of decision trees to vote for specific classes (in this case,
either "edema" or "not edema").

The detection in X-ray images suffers from the fact that it consists of the overlapping of multi-

ple different components of the human body, namely bone, skin and cartilage, into a single image,

Thttps:/pyradiomics.readthedocs.io/en/latest/
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Figure 3.12: The k-fold cross validation method works by partitioning the train and test data such
that every data point serves as either test or training data and that each point serves as test in

exactly one iteration. Gufosowa, 18 September 2019.

providing limited analysis. This property makes it so that the edema region is probably obfuscated
to a high degree and thus, health professional are unable to detect it in these images. Furthermore,
this means that less data is inherently available to be used since the depth dimension of the MRI
scan is not available in this case. Alongside this, edema simply doesn’t seem to be detected by

X-ray. It is intended to find out if this process can be more successful than the near impossible

human detection.



Chapter 4

Results and Discussion

During the experiments done, it was found that oversampling was the most appropriate method
to try to rectify the class imbalance found after patch extraction, generating about 1% balanced
accuracy gain over undersampling and about 6% over no class balance. T1-weighted and fluid-
sensitive sequence MRI images we considered and tested, the latter one generating about 4% more
accuracy over the former. It is theorized that this happens due to the increased amount of textures
found on T1-weighted images, which acts mostly as noise to the machine learning algorithms.
A patch size of either (10,10) or (18,18) was used, with the former being the chosen value due
to achieving better results. Moreover, using a much bigger size such as (18,18) showed that a
large number of edema regions would not get any patches extracted since, they were too small
compared to the patch size, whereas using a smaller size would reduce the predictive quality of
patches. Normalization showed results that indicate that this process has very low relevance to
the problem. This is suspected to be due to the fact that the data preparation process of the CNN
model and the pyradiomics module applies filters that are very similar to the normalization process

or the generated features are not very affected by it.

The best result achieved in our tests was using a CNN of patches of fluid-sensitive sequence
MRI images with size of (10,10) with normalization applied, achieving 72.1% of balanced ac-
curacy, as seen on table 4.1. The graph of the area under the curve and the confusion matrix of
this test can be seen on figure 4.1 and 4.2, respectively. These two images were extracted from
the results of the 20 execution concatenated into a single set. These results seems congruent with
previous experiments[56] and helps better establish the baseline performance on the understudied
problem of edema detection in radiology. As previously thought, X-ray scan images are not a suf-
ficiently strong predictor for the presence of BME, mainly due to its poor visibility. The following

results were obtained for X-ray as well as fluid-sensitive sequence MRI images:

The best classifier produced in the tests done was subsequently utilized to classify patches in
separate images, producing the results found in figures 4.3, A.1 and A.2, for case of edema and
figures 4.4, A.3, A.4 for the case of non edema. The edema patch appear to have a high percentage
of matches, but the non-edema patches show signs of confusion.

31
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Image type | Model | Normalize | Balanced accuracy | Precision | Recall F1 MCC | AUC
MRI CNN yes 72.10% 72.30% | 71.66% | 0.7198 | 0.4421 | 0.79
MRI CNN no 71.74% 71.83% | 71.54% | 0.7168 | 0.4348 | 0.78
MRI RF yes 69.11% 69.61% | 67.84% | 0.6871 | 0.3423 | 0.75
MRI RF no 68.39% 69.53% | 65.49% | 0.6745 | 0.3685 | 0.74
X-ray CNN no 56.32% 58.67% | 42.79% | 0.4949 | 0.1314 | 0.58
X-ray RF no 56.03% 59.13% | 42.21% | 0.4852 | 0.1374 | 0.58

Table 4.1: Results obtained in the multiple tests done
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Figure 4.1: The AUC curve of an execution of the CNN model.

Confusion matrix

Tue label

non_sdema

edema

Predicted label

30000
27500
25000
- 22500
- 20000
- 17500

r 15000

- 12500

Figure 4.2: The confusion matrix of an execution of the CNN model.
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Figure 4.4: First example of an execution of the CNN model on a non-edema patch.

4.1 Agein BME detection

Age is a relevant factor when considering the problem of BME. To analyze the possible effect
this had on the models used, statistics such as the mean and the standard deviation of the age of
patients’ patches were compared against the models’ accuracy values using the Spearman’s rank
correlation coefficient. Using 20 executions of a CNN model, the rank correlation between either
the mean or the standard deviation of the ages of patches used and either the training accuracy,
the validation accuracy or the testing accuracy was calculated and resulting in the table 4.2. These
values lead to believe that there is a moderate positive correlation between the model’s accuracy
and the ages of the patients, supporting what was previously said in chapter 3 about the epiphyseal
plate. More specifically, the correlation value between the testing accuracy and the age mean of
0.48, along with its low p-value of 0.034 show that there is moderate positive correlation along
with strong statistical significance in this calculation[2]. The scatter plot for these two variables

can be seen in figure 4.5. This may pose a major issue with BME detection using machine learning
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First variable Second variable Correlation | P-value
Training accuracy Age mean 0.20 0.387
Validation accuracy Age mean 0.45 0.046
Testing accuracy Age mean 0.48 0.034
Training accuracy | Age standard deviation -0.47 0.037
Validation accuracy | Age standard deviation -0.09 0.691
Testing accuracy | Age standard deviation -0.24 0.307

Table 4.2: Values generated by the calculation of the Spearman’s rank correlation coefficient.

models and is suspected to be the cause of some of the false positives encountered in the tests

performed.
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Figure 4.5: The scatter plot of testing accuracy and patient mean age.

4.2 Discussion

The previous results were an inherent consequence of the experimental nature of the research

done. The experiments done show promising results but also show that the BME detection is

a complicated problem, due to a multitude of reasons. Firstly, MRI images are highly variant

making the amount of patients gathered was sub-par compared to what seems to be necessary to

fully explore the data space in an efficient and meaningful way, confirmed by the high variability

between different train and test sets. Additionally, these images are affected by the machine pa-

rameters used by health professionals in their scans. The normalization process tried to mitigate

this effect but showed low relevance to the accuracy score of the models. The age of the patients is
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also suspected to diminish the accuracy of the results due to physiological changes in the bone, as
seen previously; however, due to the low amount of patients, it is uncertain how much of a factor
this may have been. Another issue with the BME detection problem is the imprecise definition of
BME in health professionals, making the training data generated from human classification some-
what subjective and less reliable to model. Even with what was considered to be a small amount of
data, the CNN architecture showed to be on par or better in terms of accuracy when compared with
the random forest model receiving pyradiomics-generated features, reinforcing the usefulness of
deep learning in the subject. showed to be These results seem to coincide with was expected from
analysing similar experiments done and also seems to be congruent with the results produced from

applying the algorithms to individual images after the training was done.
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Chapter 5

Conclusions

Bone marrow is a radiologic finding that is usually associated with common conditions such as
trauma or osteoarthritis, making it a field of study that could potentially impact the lives of millions
of people. With the purpose of exploring the problem of detecting this finding in MRI and X-
ray images, a CNN and a random forest model were trained and tested from 72 patients under
the age of 18; 36 of those having findings and 36 having no findings of edema. The images
from these patients were manually annotated in the corresponding regions of interest and broken
down into small patches which were subsequently fed into the aforementioned models. The best
accuracy achieved was 72.1%, resultant from using a CNN model with fluid-sensitive sequences -
T2 or proton-density (PD) weighted images with fat-suppression, or short tau inversion-recovery
(STIR). These results showed that some machine learning models are capable of detecting BME
to certain degree; however, they also show that this problem requires additional research and that

better results may be achieved.

5.1 Future work

These results show some level of correlation between the input images and the observed edema,
i.e., the machine learning algorithms seem to be able to learn how to classify BME but would
require more thorough study to achieve great results. Some ways considered to possibly improve

on the experiment are as follows:

* One way to better the work done would be to train a separate machine learning model
to segment the bone from the rest of the scanned images in order to be able to use the

neighbouring patches of the edema regions of interest.

* With the addition of many more patients, the patch strategy could be changed to using the
entire segmented bone section and training a CNN to receive these types of images, in hopes
of it locating the edema regions on different locations of the bone, since CNN generally

perform better with larger datasets.
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Conclusions

Reducing the standard deviation and increasing the mean of the patient age could also im-
prove results, as the opposite has been suspected to reduce the model performance due to

the epiphyseal plate.

To counter the imprecise definition of BME, one could make more strict restrictions for
the human classification data used in the machine learning models. This would be done to

reduce the uncertainty that could arise with certain cases of this classification process.

Using circles in the non-edema part of the bone instead of the muscle region for the normal-
ization process may produce better results as this area seems to be more correlated with the

problem and could help reduce some of the confusion of the algorithms.

Experimenting with other machine learning algorithms could reveal a better setup for the

experimente
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Apendix

Figure A.1: Second example of the best classifier on an edema image.

Figure A.2: Third example of an execution of the CNN model on an edema patch
[Third example of an execution of the CNN model on an edema patch.]
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Apendix

Figure A.3: Second example of an execution of the CNN model on a non-edema patch.

Figure A.4: Third example of an execution of the CNN model on a non-edema patch.
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