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Deep Learning in Early Osteoarthritis Detection via Biomarkers
Deep Learning for Differential Diagnosis in Equine Osteoarthritis: Exploring Syn-
ovial Fluid Biomarkers
SIRADA KAEWCHINO
Department of Physics
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Abstract
In the past, radiographic techniques have been used to diagnose osteoarthritis (OA),
a common joint disease leading to lameness in racehorses. However, these methods
typically only reveal the disease once irreversible damage has occurred. In this
thesis, the focus shifts from imaging to biological biomarkers for earlier detection.
Using synovial fluid biomarkers, this work explores the potential for deep machine
learning models to accurately classify early stages of OA, thereby enabling timely
interventions to prevent disease progression. In addition, a user-friendly web appli-
cation was developed to assist practitioners in making real-time diagnoses. Based
on preliminary results, deep learning approaches, particularly those involving neu-
ral networks, can effectively differentiate between stages of OA, offering a promising
tool for diagnosis and treatment. These findings suggest significant potential for
improving diagnostic accuracy and, consequently, treatment outcomes in veterinary
medicine.

Keywords: Deep Machine learning, engineering, biomarkers, osteoarthritis, diagno-
sis, treatment
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1
Introduction

This thesis presents a study conducted in collaboration with Chalmers University
of Technology, the Swedish University of Agricultural Sciences, the University of
Gothenburg, and Sahlgrenska University Hospital. The focus is on early detection
of osteoarthritis (OA) using deep learning techniques. The objective is to develop a
decision support system for practitioners, enabling early identification of structural
changes in joints. This is done through a deep machine learning model applied to
biomarkers. This system aims to detect cartilage degradation long before clinical
symptoms appear. This will allow for earlier intervention and improve our under-
standing of OA’s complex nature.

1.1 Problem Specification
The research aims to utilize deep learning techniques to accurately classify OA stages
in horses, facilitating an effective decision-support system for veterinary practition-
ers. The significance of this approach lies in detecting early cartilage degradation
before clinical symptoms manifest, allowing for predictions of disease progression.
Early detection and intervention are crucial for improving health and welfare by
halting or reversing disease progression.

In this study, the dataset consists of synovial fluid samples collected from horses,
categorized into four classifications: Healthy, Mild Osteoarthritis, Moderate Os-
teoarthritis, and Severe Osteoarthritis. The analysis focuses on four specific biomark-
ers: NGF, COMP664, COMP156, and BGN262, selected for their relevance in di-
agnosing and understanding OA progression.

1.2 Research
Recent advancements in OA treatment have focused on developing disease-modifying
osteoarthritic drugs (DMOADs) that alleviate symptoms and slow joint damage pro-
gression. A recent randomized, triple-blinded controlled clinical study highlighted
a novel treatment combination (TC) involving sildenafil, mepivacaine, and glucose,
which significantly reduced osteoarthritic symptoms and markers of extracellular
matrix degradation in horses. This underscores the importance of developing up-
dated DMOADs and utilizing biomarkers for precise diagnosis and treatment mon-
itoring. This will enhance early intervention and improve OA management in both
veterinary and human medicine [2].

1



1. Introduction

1.3 Hypothesis
The central hypothesis of this research posits that OA progresses through four dis-
tinct stages. It also posits that early diagnosis before clinical symptoms emerge is
feasible through specific biomarker identification. This thesis assumes that a deep
machine learning model can accurately categorize newly collected data into one of
the four classifications. The investigation aims to explore and validate a methodol-
ogy that, with more comprehensive datasets in the future, could enhance diagnostic
accuracy and improve equine health outcomes.

1.4 Limitations
One of the principal challenges is the necessity to apply selection criteria to ensure
dataset relevance and specificity to OA diagnostic markers. This filtration process,
essential for isolating samples exhibiting the targeted biomarkers indicative of OA,
leads to a substantial reduction in dataset size. Such a contraction poses potential
risks to the study’s robustness and applicability. The dataset may not fully cap-
ture the diversity and complexity of OA’s manifestations across different stages and
individuals. This may affect the generalizability of the predictive model developed
from this research.

Furthermore, relying on a limited set of proteins as diagnostic parameters might
overlook other biomarkers that could offer additional insights into the disease’s dy-
namics. While the chosen proteins are based on current scientific understanding
and believed to play critical roles in OA. However, the evolving nature of biomedi-
cal research could reveal new markers that provide more comprehensive diagnostic
capabilities.

Acknowledging these limitations, this study emphasizes the importance of continu-
ous data collection and expanding datasets to include a wider range of biomarkers.
It also includes more extensive samples reflecting OA’s diverse manifestations. Such
advancements are crucial for refining predictive models, enhancing diagnostic accu-
racy and reliability. They also contribute more effectively to the early detection and
management of osteoarthritis in horses.
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2
Background

Osteoarthritis (OA) is a form of joint disease and the most prevalent type of arthri-
tis. It frequently affects human athletes and is the leading cause of lameness and
suboptimal performance in animal athletes, including racehorses [3]. Early detection
of OA allows for timely interventions, which prevent chronic and painful joint tissue
deterioration. This chapter will offer a concise overview of the research project,
outlining the fundamental aspects of the disease and the relevant biomarkers.

2.1 Osteoarthritis
In horses, high-intensity activities and repetitive joint loading are significant con-
tributors to OA. Horses with OA typically present with lameness, joint swelling,
stiffness, and reduced range of motion. Clinical signs vary depending on the stage of
the disease and the specific joints affected. Diagnosis of OA involves a combination
of clinical examination, imaging techniques (such as radiography, ultrasound, MRI,
and CT), and analysis of synovial fluid. Early diagnosis is crucial for effective man-
agement and slow disease progression. OA management in horses includes both non-
pharmacological and pharmaceutical approaches. Non-pharmacological treatments
involve rest, controlled exercise, weight management, and physical therapy. Pharma-
cological treatments include non-steroidal anti-inflammatory drugs (NSAIDs), corti-
costeroids, hyaluronic acid, and disease-modifying osteoarthritis drugs (DMOADs).
Intraarticular injections and regenerative therapies, such as platelet-rich plasma
(PRP) and stem cell therapy, are also used[4].

2.2 Anatomy and Function of Synovial Joints
The joint is a functional unit formed by anatomical structures and is shown in Figure
2.1. In the musculoskeletal system, synovial joints are also known as diarthrodial
joints or movable joints. Fibrous capsules are enclosed in a synovial membrane.
This membrane holds synovial fluid and connects adjacent bones covered by articu-
lar cartilage [5][6][7]. Synovial joints facilitate bone movement and absorb impacts
shocks. Their function and structure classify them into high motion joints, prone to
osteochondrosis, and low motion joints, often associated with osteoarthritis. While
they provide strength and impact resistance, they have limited flexibility and repair
capacity [8].

Joint cartilage is tissue without blood vessels, nerves, or lymphatic vessels. It is

3



2. Background

made up of cells called chondrocytes and a substance known as the extracellular
matrix (ECM) [9][6]. The ECM contains key components that help it function prop-
erly. Biglycan (BGN), a type of protein, contributes to forming the ECM structure.
Another protein, called Cartilage Oligomeric Matrix Protein (COMP), stabilizes the
collagen network by binding to collagen molecules. ECM proteoglycans attract wa-
ter, which helps cartilage resist compression. Collagen fibers give cartilage strength.
Calcified cartilage connects the cartilage to the bone [6]. Joint pain is usually caused
by the innervated bone and other surrounding components.

Synovial fluid (SF) is primarily an ultra filtrate of blood plasma [6]. Due to the
vascularized joint capsule and the lack of a basement membrane, blood can freely
pass through the synovial cavity. In order to facilitate nutrient delivery and waste re-
moval, hydrostatic pressure and colloid osmotic pressure differences are used during
loading. In addition to maintaining joint homeostasis, SF also coordinates commu-
nication between articular tissues and distributes pressure when loading is applied
[9].

Figure 2.1: A cross section of a healthy synovial joint [1]

4



2. Background

2.3 Biomarkers
In order to diagnose the disease earlier the focus has been shifted to biological
markers, also known as biomarkers. Biomarkers can be measured in a biological
system, and can be chemical, physical or biological [10]. Biomarkers can be used
as a diagnostic tool when examining a biological process, such as the destruction
of joint tissues in OA. Biomarkers are often measured in synovial fluid and serum,
as these fluids reflect the joint’s metabolic state. This study focuses on a variety
of biomarkers reflecting cartilage degradation, bone turnover, and inflammation in
joints. Key biomarkers include COMP, BGN, and since OA leads to severe pain, a
relevant biomarker is the Nerve Growth Factor (NGF) [11].

2.4 Cartilage Oligomeric Matrix Protein COMP
The COMP protein, known as thrombospondin 5, is composed of five subunits,
each containing 755 amino acids [12]. A damaged collagen network in joints leads
to irreversible osteoarthritis (OA) [12]. In the early stages of OA, cartilage COMP
levels increase. Inhibition ELISAs are used to detect COMP fragments in synovial
fluid and serum, which serve as indicators of joint damage and monitor disease
progression. Further details on ELISA methodology can be found in Section 2.4. As
an indicator of early joint changes and OA in horses, COMP neoepitope levels in
serum are useful for monitoring age, training intensity, and acute lameness impact on
joint health. This supports its use for early OA detection and assessing therapeutic
interventions [13].

2.4.1 Cartilage Oligomeric Matrix Protien (COMP156)
SF COMP156 levels in horses treated with Celestone® bifas® (CB) were signifi-
cantly elevated, indicating severe cartilage damage, in a study by Skiöldebrand et al.
(2023). This suggests the treatment might harm cartilage. Normally, effective OA
treatments should reduce markers of cartilage damage like COMP156. The increase
suggests that CB might negatively affect cartilage health, making COMP156 an ap-
propriate biomarker for assessing OA progression and treatment effects. Monitoring
COMP156 can help evaluate OA treatments’ effectiveness and safety by tracking
cartilage health. This makes it a valuable tool for predicting OA progression and
adjusting treatments accordingly [2].

2.4.2 Cartilage Oligomeric Matrix Protien (COMP664)
In a study by Arrhult et al. (2024), the relationship between exercise, joint health,
and OA biomarkers in horses is explored. The findings establish a groundwork for
larger-scale investigations into the roles of these biomarkers in diagnosing and mon-
itoring OA and joint health in equine athletes. The study highlights that COMP664
levels in saliva can serve as indicators of joint response to exercise, potentially distin-
guishing between physiological and pathological responses. These biomarkers hold
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2. Background

promise for early detection and management of OA in horses, paving the way for
further research and potential therapeutic interventions [14]

2.5 Nerve Growth Factor, NGF
NGF plays a role in nerve cell development and survival, as well as pain and inflam-
mation. NGF levels have been associated with OA in humans and other animals.
The correlation between NGF levels and OA clinical signs, such as lameness and
joint inflammation, was assessed. Horses with OA had significantly higher NGF
concentrations in their synovial fluid than healthy controls. This suggests that
NGF is upregulated in response to joint degeneration and inflammation. Higher
NGF concentrations were associated with more severe lameness and a greater in-
flammatory response. The findings support the potential use of NGF as a biomarker
for diagnosing and monitoring OA in horses [11].

2.6 Biglycan, BGN
BGN is a small leucine-rich proteoglycan (SLRP) in the ECM of various tissues, con-
sisting of a protein core with leucine-rich repeats and two chondroitin sulfate/der-
matan sulfate chains. It regulates collagen assembly and influences cellular growth,
differentiation, and injury response [15]. In bone and cartilage dynamics, bigly-
can affects osteoblasts and chondrocytes. Elevated levels indicate disorders such
as osteoarthritis and osteoporosis, often found in damaged bone and cartilage ar-
eas. BGN262 is a specific neo-epitope derived from biglycan, which is a predictive
biomarker for early osteoarthritis (OA) changes in subchondral bone, correlating
with OA severity in synovial fluid, making it useful for early diagnosis and mon-
itoring OA progression. Combined with COMP156, it provides a comprehensive
assessment of joint health and treatment efficacy [16].

2.7 ELISA
From various Swedish veterinary clinics, synovial fluid was collected from horses.
Research team developed an inhibition ELISA to quantify biomarker concentra-
tions in samples and to convert raw data into data. An ELISA, or enzyme-linked
immunosorbent assay, is a plate-based technique used to detect specific antigens,
antibodies, proteins, or hormones in samples. The process involves immobilizing
an antigen (or antibody) on a plate, which is then exposed to and attached to an
antibody (or antigen). This linked antibody or antigen is attached to an enzyme
that, when combined with a substrate, produces a measurable color change. Vari-
ous forms of ELISA exist depending on the antigen-antibody combination, and the
research team developed and used an inhibition/competitive ELISA for their study.
This technique is highly sensitive and suitable for high-throughput studies [17]
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3
Theory

This chapter provides an introduction to machine learning fundamentals and ex-
plains how the performance of the algorithms used in this thesis is evaluated. Ad-
ditionally, it covers the synthetic data generation.

3.1 Machine Learning
Machine learning has revolutionized industries, including healthcare, finance, and
marketing. As a result of its ability to analyze large amounts of data and uncover hid-
den patterns, it has enabled more accurate predictions and faster decision-making.
Automated processes, fraud detection, personalization of customer experiences, and
other uses of machine learning are all possible through machine learning models.
Computational algorithms enable computers to learn from data and make predic-
tions or decisions based on it. Machine learning is based on these models, which allow
systems to improve their tasks performance without being explicitly programmed.
In order to understand data, they identify patterns, which they use to build math-
ematical models [18].

3.2 Neural networks
Neural networks are a type of machine learning model inspired by human brain’s
structure and functions. They consist of interconnected nodes, or "neurons," that
work together to process and analyze data. Neural networks are particularly power-
ful in tasks such as image and speech recognition, natural language processing, and
deep learning. They can learn complex patterns and relationships in data, making
them a key component in advancing the capabilities of machine learning [19]. Deep
learning can be used to analyze complex biological data and diagnose diseases such
as osteoarthritis in horses. This includes images of joints or patterns in synovial
fluid biomarkers. This can identify subtle signs of disease that may not be visible
to the human eye or detectable by traditional diagnostic methods. Despite these
advancements, deep learning is not without its challenges. One of the primary lim-
itations is the dependency on large volumes of labeled data, which can be scarce
or expensive in specialized fields. Furthermore, models can inadvertently learn and
perpetuate biases present in the training data, leading to skewed or unfair outcomes.
Additionally, the "black box" nature of artificial neural networks, where the decision-
making process is not transparent, poses challenges for interpretability and trust in
AI-driven decisions [20].
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3.3 Layers and Neurons
Deep neural networks consist of an input layer, multiple hidden layers, and an output
layer. Each layer contains units or neurons, where each neuron in one layer connects
to neurons in the next layer. Neurons are the fundamental processing units of a
neural network. Each neuron receives inputs from either the dataset or the previ-
ous layer’s outputs. Every neuron applies weights to its inputs, sums them, and
optionally adds a bias term. This sum is then passed through a non-linear activa-
tion function, which is crucial for learning and approximating complex functions [19].

As shown in figure 3.1, each node receives an input from some set of nodes, processes
it, and sends out an output to another set of nodes. The input layer is the initial
point of data entry into the neural network. The neuron receives the raw features
of the dataset with one neuron for each feature in the data. For example, in an im-
age recognition task, each neuron might correspond to a different pixel value. This
layer does not perform any computation. It serves to pass the feature data to the
hidden layers. Hidden layers comprise the bulk of a neural network. These layers
are called "hidden" because they do not directly interact with the input or output
data but work internally to process the inputs they receive. The different layers are
shown in 3.1. The output layer produces the final predictions of the network. For
regression tasks, this might be a single neuron that outputs continuous values. In
classification tasks, each neuron corresponds to a class label. The network typically
outputs either logits or probabilities (after applying a softmax function) indicating
the likelihood of each class.

Figure 3.1: Neural network

Connections between neurons in a neural network are denoted by weights, which are
crucial adjustable parameters. During training, these weights are tuned to minimize
prediction error. Each neuron computes a weighted sum of its inputs, incorporating
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a bias before passing the sum through an activation function. This weighted sum
can be expressed mathematically as follows:

y =
n∑

i=1
wixi + b

where wi are the weights, xi are the inputs, b is the bias, and n is the number of
inputs to the neuron. Each neuron in these layers performs a weighted sum of its
inputs followed by a non-linear transformation through an activation function. This
process allows the network to learn complex patterns from the data. The number
of hidden layers and the number of neurons in each layer define architecture depth
and capacity. More layers and neurons typically allow the network to capture more
complex relationships but can also lead to overfitting and increased computational
cost [21].

3.4 Backpropagation
Backpropagation is the algorithm used for training neural networks, where the loss
function’s gradient with respect to each weight is calculated. This process involves
two main phases:

Forward Pass: The network computes predictions and the resulting loss, prop-
agating the data forward from inputs to outputs [21].

Backward Pass: The loss function gradient is computed with respect to each
weight by applying the chain rule of calculus. This gradient tells us how the weights
should be adjusted to reduce the loss [21].

Mathematically, the gradient with respect to a weight w can be expressed as:

∂L

∂w
= ∂L

∂a
· ∂a

∂w

where L is the loss, and a is the activation that the weight influences [22]. The
weight adjustments are typically performed using an optimization algorithm, such
as Gradient Descent. In this algorithm weights are updated in a way that minimally
decreases the loss, according to:

w = w − η
∂L

∂w

where η represents the learning rate, a small positive scalar determining the size of
the steps taken in the gradient direction during each iteration [22].

The iterative process of forward and backward propagation, with repeated adjust-
ments to the weights, enables the network to gradually improve its predictions. This
minimizes the overall loss across training epochs.
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3.5 Activation Functions
As the network learns complex patterns in its data stream, activation functions
play a pivotal role by introducing non-linearity, which allows the network to operate
in a nonlinear way. Without these functions, a neural network, regardless of its
depth, could only learn linear relationships. Activation functions allow the network
to transition between different layers of the network, which allows it to model more
complex relationships. Without these functions, the network would not be able to
learn complex relationships, as it would be limited to linear relationships.

3.5.1 Rectified Linear Unit (ReLU)
The Rectified Linear Unit (ReLU) is widely used in deep learning, particularly in
hidden layers, due to its ability to introduce non-linearity efficiently. It is defined
as:

f(x) = max(0, x)
Graphically, ReLU resembles a ramp function, activating a neuron only if the input
is positive; otherwise, the output is zero. The mathematical representation is:

f(x) =

0 if x ≤ 0
x if x > 0

The derivative of ReLU, important for the backpropagation, is:

f ′(x) =

0 if x ≤ 0
1 if x > 0

Advantages of ReLU include a reduced likelihood of the vanishing gradient problem
and the creation of sparse activations. This is where only a subset of neurons
activates at any time, enhancing the network’s efficiency and effectiveness.

3.5.2 Sigmoid activation function
The sigmoid activation function, often symbolized by σ, is a classical activation
function used predominantly in neural networks, particularly for binary classification
problems. It is mathematically defined as follows:

σ(x) = 1
1 + e−x

The domain of the sigmoid function is all real numbers (−∞ < x < ∞), and its range
is between 0 and 1 (0, 1), making the function ideal for probability interpretations
[23]. The derivative of the sigmoid function is notable for being expressible in terms
of the function itself:

σ′(x) = σ(x) · (1 − σ(x))
This derivative is essential for the backpropagation in neural networks, facilitating
the gradient calculation of the loss function with respect to the weights [23].
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Figure 3.2: a) Relu fucntion b) Sigmoid function

This sequential processing from the input layer to the output layer constitutes for-
ward propagation. It is during this phase that the neural network makes initial
predictions based on the current weights and biases. These predictions are subse-
quently refined through backpropagation, where the model learns from the errors in
its predictions and adjusts its weights and biases accordingly.

3.6 Loss Function

Neural networks are quantitatively assessed using a loss function, also known as a
cost function. This function measures the discrepancy between the network’s pre-
dicted outputs and the actual target labels provided during training. The choice
of loss function depends on the specific type of learning task—common. In clas-
sification tasks within neural networks, the softmax activation function and cross-
entropy loss are pivotal for model accuracy. These components are especially crucial
in multi-class classification scenarios.

3.6.1 Softmax Activation Function
The softmax function converts logits—the raw predictions from the neural network’s
final linear layer—into probabilities. It computes the exponentials of each output
and normalizes these values by dividing them by the sum of all exponentials. This
ensures that the outputs are interpretable as probabilities that sum to one [24].
Mathematically, the softmax function is defined for a class i in a multi-class system
as follows:

Softmax(zi) = ezi∑
j ezj

where zi represents the logit or raw output for class i, and the denominator is the
sum of the exponentials of all raw outputs across all classes j [24].
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3.6.2 Cross-Entropy Loss
Cross-entropy loss, or log loss, quantifies the difference between predicted probabili-
ties and the actual distribution. If the predicted probabilities are close to the actual
labels, then the probability is minimal, and for perfect predictions, the probability
is zero. For a classification model with C classes, the cross-entropy loss is defined
as:

L = −
C∑

i=1
yi log(pi)

where yi is a binary indicator (0 or 1) if class label i is the correct classification for
the observation, and pi is the predicted probability of the observation belonging to
class i [25].

Combination of Softmax and cross-entropy are typically used together in the output
layer of neural network models for multi-class classification tasks. The softmax func-
tion converts logits to probabilities, and the cross-entropy loss measures the error
in these probabilities compared with actual labels. This arrangement is conducive
to training the model to minimize errors efficiently by adjusting the model weights
through backpropagation.

3.7 Optimization Algorithms
Optimization algorithms play a crucial role in the training of neural networks by
determining how to adjust the model’s weights based on the gradients computed
during backpropagation. The objective is to minimize the loss function iteratively
over many epochs—each epoch representing a full pass through the training dataset.

3.7.1 Stochastic Gradient Descent (SGD)
Stochastic Gradient Descent (SGD) is one of the most basic yet effective optimiza-
tion methods. Unlike traditional gradient descent, which uses the entire dataset to
update the weights once, SGD updates the weights incrementally for each training
example:

w = w − η∇wL(xi, yi, w)

where η is the learning rate, w denotes the weights, ∇wL is the gradient of the loss
function L with respect to the weights, and (xi, yi) is a single training example.
This method is particularly effective for large datasets, offering faster convergence
by frequently updating the weights [26].

3.7.2 Adaptive Moment Estimation (Adam)
Adam is an optimization algorithm that computes adaptive learning rates for each
parameter. In addition to storing an exponentially decaying average of past squared
gradients like RMSprop, Adam also keeps an exponentially decaying average of past
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gradients, similar to momentum:

w = w − η√
v̂ + ϵ

m̂

where m̂ and v̂ are estimates of the first moment (the mean) and the second moment
(the uncentered variance) of the gradients, respectively, and ϵ is a small scalar used
to prevent division by zero. This method is well-suited for problems with large
datasets or parameters with very noisy/stochastic gradients [26].

3.8 Multiclass classification task
Multiclass classification is a type of classification problem where the objective is to
assign inputs into one of three or more classes. Unlike binary classification, which
deals with two classes, multiclass classification handles problems where each instance
belongs to one of multiple categories as shown in figure 3.3. This overview provides
a theoretical foundation for understanding multiclass classification models, their
metrics, and evaluation techniques.In multiclass classification, the model’s objective
is to assign an input feature vector to one of several classes. The model learns from a
training dataset, which includes examples of input vectors and their corresponding
class labels. The training process adjusts the model parameters to minimize the
error in predicting the class labels [27].

Figure 3.3: Binary classifation vs Multiclassification

Evaluating the performance of multiclass classification models requires different met-
rics compared to binary classification.

3.8.1 Confusion Matrix
A confusion matrix for multiclass classification is an extension of the binary confu-
sion matrix. It is a square matrix of size k × k, where k is the number of classes.
Each entry Cij represents the number of instances of class i predicted as class j [27].
The confusion matrix provides a comprehensive overview of the performance of a
classification model, allowing for the identification of errors made by the classifier.
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3.8.2 Accuracy
Accuracy is the ratio of correctly predicted instances to the total instances. It is
calculated as:

Accuracy =
∑k

i=1 Cii∑k
i=1

∑k
j=1 Cij

Accuracy returns an overall measure of how much the model is correctly predicting
on the entire set of data. The basic element of the metric are the single individuals
in the dataset: each unit has the same weight and they contribute equally to the
Accuracy value [27].

3.8.3 Precision
These metrics can be computed for each class and then averaged. Precision for class
i is the ratio of true positives to the sum of true positives and false positives:

Precisioni = Cii∑k
j=1 Cji

Precision is a measure of the accuracy of the positive predictions. It indicates
the proportion of instances predicted as positive that are actually positive. High
precision means that the classifier makes few false positive errors [27].

3.9 K-nearest neighbours (KNN)
The k-Nearest Neighbors (KNN) algorithm is a simple, yet powerful machine learn-
ing algorithm used for both classification and regression tasks. However, it is most
commonly used for classification purposes. The KNN algorithm is a type of instance-
based or lazy learning, where the function is only approximated locally and all com-
putation is deferred until classification [28].

The KNN algorithm operates on a very simple principle: it classifies a data point
based on how its neighbors are classified. This is achieved by identifying the k near-
est neighbors to the point in question, where k is a user-defined constant, and a
distance metric measures the closeness of the points.

The choice of distance metrics is crucial to the KNN algorithm’s performance. The
most commonly used metrics are Euclidean Distance: The standard distance metric
for continuous variables, defined as:

d(x, y) =
√√√√ n∑

i=1
(xi − yi)2

where x and y are two points in Euclidean n-space, and d(x, y) is the distance
between them [29].
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3.10 Logistic Regression
Logistic regression is a statistical model commonly used for binary classification
tasks, though it can also be adapted for multiclass classification. It operates on the
principle of probability prediction. Logistic regression models the probability that a
given input belongs to a particular class (e.g., success or failure) based on the input
features.

The logistic regression model utilizes the logistic function, also known as the sigmoid
function, which is defined as:

σ(t) = 1
1 + e−t

where t is a linear combination of the input features, and e is the base of the natural
logarithm [30]. The logistic regression equation is:

P (Y = 1 | X = x) = σ(wT x + b)

where X = x are the input features, w is the weight vector, b is the bias or intercept,
wT x+b is the linear combination of inputs and σ(·) denotes the sigmoid function[30].
Parameters in logistic regression (weights w and bias b) are typically estimated using
maximum likelihood estimation (MLE). The likelihood function L to be maximized
is:

L(w, b) =
n∏

i=1
P (Y = yi | X = xi)yi(1 − P (Y = yi | X = xi))1−yi

where n is the number of training samples, yi is the observed class label, and
P (Y = yi | X = xi) is the predicted probability [30].

While logistic regression is naturally suited for binary classification, it can be ex-
tended to multiclass classification using the one-vs-all (OvA) approach. In the OvA
approach, a separate binary classifier is trained for each class. Each classifier pre-
dicts the probability that a sample belongs to its respective class versus all other
classes. For a multiclass problem with K classes, the one-vs-all approach involves
training K logistic regression models. Each model k (where k ∈ {1, 2, . . . , K}) is
trained to distinguish class k from the rest of the classes. The logistic regression
equation for class k is:

P (Y = k | X = x) = σ(wT
k x + bk)

where wk and bk are the weight vector and bias for the classifier corresponding to
class k.
During prediction, the class with the highest predicted probability is chosen as the
final class label:

Ŷ = arg max
k∈{1,2,...,K}

P (Y = k | X = x)

This approach allows logistic regression to handle multiclass classification problems
effectively by leveraging multiple binary classifiers to make a final decision [31].
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3.11 Random Forest Algorithm
Random Forest is an ensemble learning technique that constructs a multitude of
decision trees at training time and outputs the class that is the majority vote of
the classes (classification) or mean prediction (regression) of the individual trees.
Random Forests correct for decision trees’ habit of overfitting to their training set.
Random Forest builds on the concept of bagging (bootstrap aggregating) and the
decision tree algorithms. By building multiple trees and merging their outputs, Ran-
dom Forest mitigates the overfitting problem typical of decision trees and boosts the
overall accuracy [32]. Random Forest starts by creating multiple bootstrap samples
from the original dataset. This means that each bootstrap sample is created by
randomly selecting observations with replacement. For each bootstrap sample, a
decision tree is grown. When splitting a node during the construction of the tree,
a random subset of the features is chosen as split candidates from the full set of
features. This randomness helps in making the ensemble model more robust than
a single decision tree. After many trees are built, Random Forest aggregates their
predictions. For classification tasks, this aggregation is typically the mode of the
classes predicted by individual trees (majority voting). For regression tasks, it is
typically the average of the predictions [32].

The effectiveness of Random Forests often requires an understanding of the statistics
used in aggregating predictions:

In classification, the prediction of the ensemble is given by:

ŷ = mode{y1, y2, . . . , yn}

where yi is the prediction of the i-th decision tree. In regression, the prediction is
the average across all individual trees’ predictions:

ŷ = 1
n

n∑
i=1

yi

where yi is the prediction from the i-th tree and n is the number of trees [32].

3.12 Data distribution
In statistical analysis, fitting distributions to data is a fundamental step to under-
stand the underlying probabilistic characteristics of the data. This process involves
estimating the parameters of a theoretical distribution that best matches the ob-
served data. The choice of distribution depends on the nature of the data and the
specific analysis goals. We focus on three widely used distributions: the normal
distribution, the log-normal distribution, and the gamma distribution.

By fitting these distributions to data, analysts can perform a range of tasks from
probabilistic assessments to predictive modeling. This process not only aids in un-
derstanding the data’s behavior but also in applying statistical methods to derive
insights and make decisions based on the modeled distributions.

16



3. Theory

3.12.1 Normal Distribution
The normal (or Gaussian) distribution is characterized by its bell-shaped curve and
is defined by two parameters: the mean (µ) and the standard deviation (σ). The
probability density function (PDF) of a normal distribution is given by:

f(x|µ, σ) = 1
σ

√
2π

e− (x−µ)2

2σ2

The mean (µ) represents the central tendency of the data, while the standard devi-
ation (σ) quantifies the dispersion around the mean [33].

3.12.2 Log-normal Distribution
A log-normal distribution is applicable to data that, after a logarithmic transforma-
tion, follows a normal distribution. This distribution is particularly useful for data
that cannot take negative values. The PDF of a log-normal distribution is:

f(x|µ, σ) = 1
xσ

√
2π

e− (ln x−µ)2

2σ2

for x > 0, and where µ and σ are the mean and standard deviation of the distribu-
tion’s logarithm [33].

3.12.3 Gamma Distribution
The gamma distribution is another choice for modeling positively skewed data. It is
defined by a shape parameter (α), a scale parameter (θ), and optionally, a location
parameter. The PDF is given by:

f(x|α, θ) = xα−1e−x/θ

θαΓ(α)

for x > 0. The fitting function estimates α, θ, and fixes the location parameter at 0,
making it suitable for data that begin from a minimum of 0. The shape parameter
influences the distribution’s general form, while the scale parameter adjusts its width
[33].

3.13 Evaluate Distributions
The selection of the most appropriate probability distribution to model empirical
data is a critical step in statistical analysis. This process involves comparing the
empirical cumulative distribution function (ECDF) of the observed data against
the cumulative distribution functions (CDFs) of candidate theoretical distributions.
One of the most effective methods for this comparison is the Kolmogorov-Smirnov
(K-S) test, which provides a quantitative measure of the fit between empirical and
theoretical distributions.
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Figure 3.4: Comparison of Normal, Log-normal and Gamma Distributions

3.13.1 Kolmogorov-Smirnov Test
The Kolmogorov-Smirnov test, as detailed by Massey (1951) and further discussed in
numerical recipes by Press et al. (1988), is a nonparametric test that quantifies the
discrepancy between the ECDF of an empirical dataset and the CDF of a theoretical
distribution. The K-S statistic, D, is defined as the maximum absolute difference
between these two functions over the range of data:

D = max
x

|Femp(x) − Ftheo(x)|

where Femp(x) denotes the ECDF of the empirical data, and Ftheo(x) denotes the
CDF of the theoretical distribution.

3.13.2 Implementation and Evaluation
The computational implementation of this method involves visualizing both the em-
pirical and theoretical CDFs to qualitatively assess the fit. Quantitatively, the K-S
statistic serves as a clear criterion for selecting the distribution that best represents
the underlying data structure. Incorporating the K-S test into distribution fitting
provides a robust approach to model selection, ensuring that the chosen model ac-
curately reflects the distributional properties of the empirical data. In generating
synthetic data, we employ uniform random sampling within specified bounds, deter-
mined by the minimum and maximum values observed for each principal variable in
our dataset. This method relies on the uniform distribution, which is fundamental
for synthesizing data that adheres to the observed range constraints.
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This study is based on a dataset of synovial fluid samples collected from horses di-
agnosed with osteoarthritis at various stages of their condition and healthy horses.
A total of four categories of samples were created on the basis of these observations:
Healthy, Mild Osteoarthritis, Moderate Osteoarthritis, and Severe Osteoarthritis.
The amount of the different classes in the original data is shown in table 4.1. Vet-
erinarian experts evaluated the clinical data and classified the animals based on
diagnostic imaging results. By doing so, it was possible to guarantee the relevance
and specificity of the data with respect to the diagnostic markers of osteoarthritis.

In this study, four specific proteins were analyzed as biomarkers: COMP664, BGN262,
COMP156, and NGF . As a result of their roles in cartilage synthesis and degra-
dation, these proteins were selected based on the literature that identifies them as
potential indicators of Osteoarthritis, due to their roles in cartilage synthesis and
degradation.

Table 4.1: Distribution of Diagnosis Categories: 0 represents healthy horses, 1
indicates horses with mild OA, 2 denotes horses with moderate OA, and 3 signifies
horses diagnosed with severe OA.

Diagnosis 0 1 2 3
Frequency 68 64 33 33

4.1 Statistical Analysis of the Dataset

The generation of synthetic data was preceded by a comprehensive statistical anal-
ysis aimed at fully understanding the inherent properties of the dataset. This was
before synthetic data development could start. In order to ensure the validity and
relevance of our research findings, it was important to conduct this analysis. This
was to verify that the synthetic data closely mirrored the real dataset’s statistical
behavior. The data was analyzed to identify key patterns, outliers, and correlations.
The synthetic data was also checked for statistical significance to ensure accuracy
and reliability.
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4.1.1 Distribution Analysis
The initial phase of our statistical analysis involved the computation of descriptive
statistics for each key variable: COMP664, BGN262, COMP156, and NGF . This
included measures of mean, median, standard deviation and variance. A baseline
was established for understanding the dataset’s characteristics based on these met-
rics. This provided insights into the distribution, spread, and shape of our data.
A combination of visual aids such as histograms and line charts, along with assess-
ments of statistical normality, was used to explore how well the data corresponded
to various theoretical distributions. Examining distribution models in the genera-
tion of synthetic data was essential for identifying the most appropriate distribution
models to apply to the generation of synthetic data.

Based on comprehensive assessments comparing various theoretical distributions
including Normal, Log-Normal, and Gamma distributions across different OA diag-
nosis classes, it was observed that the log-normal distribution provided the best fit for
each variable at different OA stages. Appendix 1 visually demonstrates these results,
highlighting the normal distribution’s superiority. Consequently, the log-normal dis-
tribution was chosen for synthetic data. This decision ensures that synthetic data
preserves the statistical characteristics of the original dataset while enhancing future
analyses’ robustness and reliability.

4.1.2 Application of Findings to Synthetic Data Generation
Statistical analysis directly influenced how we generated synthetic data. The sta-
tistical parameters enabled us to ensure that synthetic data accurately replicated
the original dataset’s central tendencies and variability. In addition, it maintained
its correlation structure and distribution features. Replicating the original dataset’s
central tendencies and variability is crucial for ensuring that the synthetic data
accurately represents the original data characteristics.

4.2 Generation of Synthetic Data
The flowchart presented in figure 4.1 outlines the systematic approach taken to
generate synthetic data from the original dataset. This method ensures that the
synthetic data retains the statistical properties of the original dataset, enabling
robust analysis and machine learning applications. In order to create a synthetic
dataset that reproduces the statistical properties of our original dataset, an ap-
proach that leverages Python’s Pandas and NumPy libraries was used to achieve
this. By using this method, it ensured that the synthetic data contained the under-
lying distributions and relationships between variables observed in the original data.

The dataset was loaded from an data file. The columns COMP664, BGN262, NGF,
and COMP156 were converted to numeric values, replacing commas with dots to han-
dle decimal values properly. The Diagnosis column was also converted to numeric
values to ensure consistency. The Diagnosis contains the different classes, Healthy,
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Mild Osteoarthritis, Moderate Osteoarthritis, and Severe Osteoarthritis.

For each unique Diagnosis class in the Diagnosis column, the data was filtered
based on the current Diagnosis class and non-negative values for each selected col-
umn. Synthetic data was generated using a log norm and a normal distribution with
the mean and standard deviation calculated from the filtered data. If no data was
available for a column and duration class, an array of NaN values was generated.

To better understand the distribution of the data, it was grouped into histograms.
This process involved categorizing the data into bins, which allowed for a visual rep-
resentation of the frequency distribution for each Diagnosis and duration class. By
grouping the data in this manner, we can more easily observe patterns and trends
within the dataset.

The synthetic data for each Diagnosis class was stored in a temporary dictionary
and then converted to a DataFrame. All DataFrames containing the synthetic data
for each duration class were concatenated into a single DataFrame. This combined
DataFrame was saved as a CSV file.The dataset was generated in two sizes, one
with 80000 data rows and the other with 8000 data rows.

Log-normal distritubtion

Once the filtered data is prepared, the code applies a logarithmic transformation,
taking the natural logarithm of each data point. This transformation helps normalize
skewed data, making it more suitable for log-normal distributed data. Next, the code
calculates the mean (mu) and standard deviation (sigma) of the log-transformed
data, representing the average value and the variation, respectively. Using these
parameters, synthetic data points are generated from a log-normal distribution,
ensuring a large dataset for analysis.

Normal distribution

After the code filters the dataset to isolate data points relevant to a specific diagnosis
class and column. This ensures that only valid, non-missing data is used. For each
column in the filtered dataset, the mean (mu) and standard deviation (sigma) of
the data points are calculated. The mean represents the average value of the data,
while the standard deviation measures the amount of variation or dispersion from
the mean. Using these parameters, synthetic data points are generated from a
normal distribution. Here, the mean of the distribution, scale sets the standard
deviation, and size specifies the number of synthetic data points generated. This
method ensures that the generated synthetic data mirrors the statistical properties
of the original data. This provides a large dataset for robust analysis and machine
learning applications.
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Figure 4.1: Flowchart illustrating the process of generating synthetic data using
log-normal and normal distributions.
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4.2.1 Application in Distribution Fitting
The procedure for employing the Kolmogorov-Smirnov (K-S) test in distribution fit-
ting begins with calculating the empirical cumulative distribution function (ECDF),
Femp(x), from the observed data. This step function increases by 1/n at each data
point, where n is the total number of observations. Next, the theoretical cumulative
distribution functions (CDFs), Ftheo(x), are computed by fitting the parameters of
candidate theoretical distributions (e.g., normal, log-normal, and gamma) to empir-
ical data. The K-S statistic, D, is then calculated for each candidate distribution,
measuring the maximum distance between Femp(x) and Ftheo(x). The distribution
with the smallest K-S statistic is considered the best fit, as it has the minimum de-
viation across the range of values. The K-S statistic quantifies the distance between
the empirical distribution function of the sample data and the cumulative distribu-
tion function of the reference distribution. A lower K-S statistic indicates that the
CDF of the synthetic data is closer to the CDF of the actual data, implying a better
fit of the distribution to the data.

4.3 Neural network
The full process of the Deep Neural Network that was used in this thesis had this
overall setup seen in figure 4.2. This diagram provides a comprehensive overview of
the entire process, from data preprocessing to the final evaluation of the model.

Scale the
features

Convert data into
PyTorch tensors

Create dataset
and dataloaders

Define and
initialize model

Train the modelEnd Evaluate the
mode

Start
Load and

preprocess
data

Split data into
train/test set

Figure 4.2: Flowchart over the full deep machine learning process

The process begins with loading the data file. Once the data is loaded, rows with
missing values are dropped to ensure the dataset is clean. The next step involves
separating the dataset into features (X) and target (y). The target variable (y) is
then encoded to prepare it for machine learning algorithms. The preprocessing steps
included:

• Scaling: Feature values were standardized using the StandardScaler to nor-
malize the data, ensuring that the model’s input features have a mean of zero
and a standard deviation of one.

• Encoding: The target variable (‘Diagnosis‘ indicating the stage of Osteoarthri-
tis) was encoded into discrete class indices using a LabelEncoder to facilitate
model training and evaluation.

After encoding, the dataset is split into training and test sets to facilitate model
training and evaluation. The features are scaled to standardize the data, which
improves the model’s performance and convergence. The scaled data is then con-
verted into PyTorch tensors, which are the primary data structure used in PyTorch.
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With the data prepared, PyTorch datasets and dataloaders are created to handle
batch processing during training and testing. The PyTorch model is then defined,
specifying the neural network architecture. Following this, the model is initialized
along with the loss function, optimizer, and learning rate scheduler.

Training the model involves multiple epochs. For each epoch, the training process
includes several steps: zeroing the gradients to prevent accumulation, performing
a forward pass to compute the model outputs, computing the loss, performing a
backward pass to compute gradients, updating the model parameters using the op-
timizer, and finally, computing the training accuracy and loss.

The neural network model used in this study is a multi-class classification model
designed to predict Osteoarthritis stages based on four selected biomarkers: NGF,
BGN262, COMP664, and COMP156. The model architecture consists of several
layers. It starts with an input layer that accepts the four biomarker values. The
first hidden layer contains 128 neurons and incorporates batch normalization to sta-
bilize and accelerate training. This is followed by the ReLU activation function to
introduce non-linearity into the model.

The second hidden layer consists of 64 neurons and includes batch normalization
and ReLU activation. The third hidden layer has 32 neurons, again using the ReLU
activation function to enhance the model’s ability to capture complex patterns in
the data. The output layer is a fully connected layer with a number of neurons equal
to the number of Osteoarthritis stages (classes), which in this case, are encoded into
numerical values.

The output from the final layer provides raw logits, which are used by the CrossEn-
tropyLoss function during training and evaluation. The model is trained using the
Adam optimizer with a learning rate of 0.001. The learning rate is adjusted during
training by a step learning rate scheduler. This architecture is designed to effectively
classify the stages of osteoarthritis by processing and learning from the patterns in
the biomarker data. This is done through multiple layers of transformation and
non-linear activation functions.

After training at each epoch, the model is evaluated on the test set. This involves
performing a forward pass to compute the model outputs, computing the loss, and
then computing the test accuracy and loss. Upon completing all epochs, a final
evaluation is conducted to calculate the final accuracy of the PyTorch model. The
process concludes with reporting the final model accuracy.

4.4 Model Evaluation
Model performance was evaluated on a separate test set not used during the training
phase. The primary metric for evaluation was accuracy, calculated as the percentage
of correct predictions. Additionally, the loss on the test set provided insight into the
model’s generalization capabilities.
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To assess the statistical significance of the findings, results from the model were
compared using standard statistical methods suited to classification tasks, such as
confusion matrices. These analyses helped determine the model’s ability to distin-
guish between Osteoarthritis stages.

4.5 Machine Learning
The flowchart detailing the process of training and comparing multiple models is
illustrated in Figure 4.3. The next steps involve training four different models: a
deep neural network (DNN), k-nearest neighbors (KNN), random forest, and linear
regression. Each model undergoes a training phase where it learns from the training
data. After training, each model’s performance is evaluated on the testing set, and
accuracy metrics are recorded. Finally, the accuracy of each model is compared
to determine which model performs best on the given dataset. This comparison
helps in selecting the most suitable model for the classification task. The flowchart
thus encapsulates the entire process from data preprocessing to model training,
evaluation, and comparison.

Start

End

Load and preprocess the
data

Train Deep
Neural Network

Train K-Nearest
Neighbour

Train
RandomForest

Train Linear
Regression

Compute DNN
accuracy

Compare
Accuracies

Compute KNN
accuracy

Compute RF
accuracy

Compute LR
accuracy

Figure 4.3: Flowchart illustrating the process of training and comparing multiple
models: deep neural network (DNN), k-nearest neighbors (KNN), random forest,
and logistic regression.
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This comparison aims to underscore the deep neural network’s capabilities in han-
dling the intricacies of the dataset, potentially outperforming traditional algorithms
in specific scenarios pertinent to our research objectives.

4.6 Web Application
To facilitate the practical application of the predictive model in veterinary medicine,
a web application was developed. This application is specifically designed to pre-
dict different classes of OA, enhancing decision-making processes in clinical settings.

The web app, built using modern web technologies, offers a user-friendly interface
that allows veterinary professionals to input patient data and receive immediate
predictive insights regarding OA. The application is designed to run locally on a
computer, ensuring data privacy and speed by eliminating external servers depen-
dency.

Key features of the app include data input forms tailored to veterinary use, inter-
active elements for displaying predictive results, and a backend designed for rapid
calculations. This setup not only makes it accessible to non-technical users but also
ensures its seamless integration into existing veterinary practice workflows.

By providing a tool that simplifies the prediction of OA classes, the web appli-
cation stands to significantly improve the efficiency and accuracy of OA diagnostics
in veterinary medicine.
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Results

This chapter will provide a presentation and visualization of the results gained from
the implemented machine learning models.

5.1 Synthetic Dataset
The analysis in Appendix A indicates that the log-normal and normal distributions
provided the best fit for the data. Consequently, the gamma distribution was dis-
carded. By employing the log-normal and normal distribution models, we assessed
their performance in producing synthetic datasets that closely resembled the distri-
butional patterns of the original data. The distributions for each biomarker can be
found in Appendix B.

5.1.1 Log-norm Distribution
The utilization of the log-normal distribution model resulted in synthetic datasets
that closely mirrored the distributional characteristics of the original data. As shown
in figure 5.1, the synthetic data generated using the log-normal distribution aligns
well with the original data, preserving key statistical properties such as the mean,
variance, and skewness. The log-normal distribution model was particularly effec-
tive in handling the biomarkers with high variability and non-normality, which are
common in biological datasets.

5.1.2 Norm distribution
In contrast, the utilization of the normal distribution model resulted in synthetic
datasets that did not mirror the distributional characteristics of the original data
as effectively as the log-normal distribution. As shown in figure 5.2, the synthetic
data generated from the normal distribution exhibited less alignment with the orig-
inal data, particularly in cases where the original data was skewed. The normal
distribution assumes symmetry and constant variance, which may not be applicable
for all biomarkers in the dataset.The synthetic datasets generated using the normal
distribution were less effective in capturing the tails of the distribution, leading to a
loss of critical information about the variability and extremes present in the original
data. This limitation can impact the reliability of the synthetic data for predic-
tive modeling and other analyses that rely on accurate representation of the data’s
statistical properties.
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Figure 5.1: Comparison between original data and synthetic data from the log-
normal distribution

Figure 5.2: Comparison between original data and synthetic data from the normal
distribution
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5.2 Machine learning
This section analyzes the performance of various machine learning models trained
on both log-normal and normal distribution datasets. The models were evaluated
based on their training and test accuracy, which provide insights into how well the
models can generalize to new, unseen data.

5.2.1 Accuracy and loss
The dataset that was synthetic data with two different sizes. The synthetic data
generation process yielded valuable insights into the efficacy of different statistical
methodologies in capturing the essential characteristics of the original dataset. The
following table illustrates the training and test accuracy for models trained on both
log-norm and norm distributions. Notably, while the training accuracy is reasonably
high, the test accuracy, particularly for the log-norm dataset, is significantly lower.
In contrast, the norm dataset shows a more consistent performance between training
and test phases, suggesting better model stability.

Table 5.1: Training and Test Accuracy of Various Models Using Log-norm and
Norm Datasets with Different Dataset Sizes (A = 80000 data points, B = 8000 data
points). All models were trained for 50 epochs

Model Dataset Size Training Accuracy Test Accuracy
Log-norm dataset A 0.6027 0.6111
Log-norm dataset B 0.6006 0.5944
Norm dataset A 0.7084 0.7093
Norm dataset B 0.7055 0.6737

5.2.2 Log-norm distribution
For the log-norm distribution dataset two normalized confusion matrixes was made.
One trained with 50 epoch and one with 20. Table 5.2 outlines the test accuracy’s
achieved by each model on the log-norm distribution dataset. Notably, the Deep
Neural Network (DNN) model exhibited the highest accuracy. These results un-
derscore the efficacy of these models in accurately predicting target classes using
synthetic data from the log-normal distribution. Next, let’s explore the results ob-
tained after 20 epochs of training. Notably, the Multiclass Classification (DNN)
model performs similar to 50 epochs.
Figure 5.3a illustrates the normalized confusion matrix derived after 50 epochs of
training. This matrix offers a comprehensive view of the model’s accuracy across
different classes, shedding light on both correct and incorrect predictions. Further-
more, Figure 5.3b portrays the normalized confusion matrix resulting from 20 epochs
of training.
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Table 5.2: Test Accuracy of Various Models for Data points on Log-normal distri-
bution dataset

Test Accuracy
Model Epoch 50 Epoch 20
Multiclass Classification (DNN) 0.6111 0.6091
K-nearest neighbour (KNN) 0.5525 0.5525
Random forest 0.5851 0.5851
Logistic Regression 0.5428 0.6032

(a) Epoch 50 (b) Epoch 20

Figure 5.3: Normalized confusion matrix after training the model for 50 and 20
epochs on data generated from a log-normal distribution.

5.2.3 Norm distribution
For the dataset generated from the normal distribution, confusion matrices were
also generated for different numbers of training epochs.

Table 5.3: Test Accuracy of Various Models for Data points on the Normal dis-
tributed dataset

Test Accuracy
Model Epoch 50 Epoch 20
Multiclass Classification (DNN) 0.7093 0.7108
K-nearest neighbour (KNN) 0.6663 0.6663
Random forest 0.6887 0.6887
Logistic regression 0.5428 0.5428

Figure 5.4a illustrates the normalized confusion matrix obtained after training the
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model for 50 epochs. This matrix provides insights into the model’s performance
when trained on data generated from a normal distribution. Similarly, Figure 5.4b
displays the normalized confusion matrix resulting from training the model for 20
epochs.

(a) Epoch 50 (b) Epoch 20

Figure 5.4: Normalized confusion matrix after training the model for 50 and 20
epochs on data generated from a normal distribution.
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5.3 Analysis of each biomarker
This section delineates the results of a systematic investigation into the impact of
individual biomarkers on the predictive performance of our multi-classification mod-
els and other machine learning models. Each biomarker was sequentially omitted
from the analysis, allowing for a detailed assessment of its influence on model accu-
racy. The dataset used for this part is the log-norm dataset. Due to little change in
accuracy for the different sizes of datasets, this part used the bigger dataset for its
analysis.

5.3.1 NGF
The exclusion of the Nerve Growth Factor (NGF) biomarker decreased the models’
accuracy across all algorithms, as shown in the table 5.4a and figure 5.4b .

Model Test Accuracy
Multiclass Classification (DNN) 0.5748
K-nearest neighbour (KNN) 0.5139
Random forest 0.5388
Logistic Regression 0.5329

(a) Test Accuracy for all models when NGF was re-
moved

(b) Confusion matrix for the DNN when NGF was removed

Table 5.4: Confusion matrix for the DNN when NGF was removed
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5.3.2 BGN
The removal of the BGN biomarker resulted in a decrease in accuracy for all models
as well. This biomarker appears integral to capturing the underlying pathology
of Osteoarthritis, potentially due to its direct involvement in cartilage degradation
processes.

Model Test Accuracy
Multiclass Classification (DNN) 0.5877
K-nearest neighbour (KNN) 0.5284
Random forest 0.5483
Logistic Regression 0.5189

(a) Test Accuracy for all models when BGN was re-
moved

(b) Confusion matrix for the DNN when BGN was removed

Table 5.5: Confusion matrix for the DNN when BGN was removed
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5.3.3 COMP664
The removal of the COMP664 biomarker demonstrated a significant reduction in
model accuracy, reinforcing its pivotal role in diagnosing osteoarthritis (OA).

Model Test Accuracy
Multiclass Classification (DNN) 0.4899
K-nearest neighbour (KNN) 0.4283
Random forest 0.4521
Logistic regression 0.4349

(a) Test Accuracy for all models when COMP664 was
removed

(b) Confusion matrix for the DNN when COMP664 was re-
moved

Table 5.6: Confusion matrix for the DNN when COMP664 was removed
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5.3.4 COMP156
Similarly, the removal of COMP156 resulted in diminished test accuracies, high-
lighting its critical role in the predictive framework.

Model Test Accuracy
Multiclass Classification (DNN) 0.5720
K-nearest neighbour (KNN) 0.5130
Random forest 0.5412
Logistic Regression 0.5148

(a) Test Accuracy for all models when COMP156 was
removed

(b) Confusion matrix for the DNN when COMP156 was re-
moved

Table 5.7: Confusion matrix for the DNN when COMP156 was removed
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5.4 Webb Application
The application is straightforward and serves as an excellent tool for veterinarians,
especially when the model demonstrates high accuracy. The simplicity of the inter-
face ensures ease of use, making it accessible even for those with limited technical
expertise. Additionally, the application can be enhanced by incorporating more
diagrams and other useful features to further streamline the user experience and
provide valuable insights.

To provide readers with a more comprehensive understanding of the application’s in-
terface and functionality, a screenshot showcasing its layout and features is included
below 5.5. This visual representation highlights the user-friendly design and the
various tools available within the application, illustrating how it can be seamlessly
integrated into daily veterinary practice.

By adopting this innovative technology, veterinarians can leverage the power of
machine learning to enhance their diagnostic capabilities, ultimately leading to bet-
ter outcomes for the animals under their care. This development is a testament to
our commitment to advancing veterinary medicine through cutting-edge technology
and practical solutions.

Figure 5.5: Screenshot of the webbapplication
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6.1 Dataset
Both synthetic datasets showed a significant difference in accuracy across all models.
As shown in Table 5.1, the normal distribution dataset exhibited better accuracy
compared to the log-normal dataset. This result is surprising, given that Figures
5.1 and 5.2 both indicate that the log-normal dataset fits the original data better
than the normal distribution.

One possible explanation for the discrepancy between accuracy and data fit could
be the presence of outliers in the log-normal dataset. Outliers can have a substantial
impact on model performance, potentially leading to lower accuracy despite a better
fit to the overall data distribution. These outliers may skew the results, causing the
models to perform less effectively even though the general data pattern aligns more
closely with the original dataset.

6.2 Machine Learning
Table 5.1 illustrates the impact of dataset size on model performance. In this case,
the dataset containing 80,000 data rows performs slightly better than the dataset
with 8,000 data rows. This result suggests that larger datasets are more effective
for this type of analysis.

The improved performance of the larger dataset underscores the importance of
dataset size in predictive modeling. Larger datasets capture a more comprehen-
sive range of variability and patterns within the data, leading to more accurate and
reliable models. This finding highlights the necessity of using extensive datasets to
achieve robust and valid data analysis results.

6.2.1 Log-norm distribution
This approach proved effective in capturing the skewed nature of the biomarker dis-
tributions present in the dataset. By leveraging the log-normal distribution’s ability
to model positively skewed data, we achieved synthetic datasets that exhibited sim-
ilar patterns of variability and concentration around central tendencies as observed
in the original dataset.
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The log-normal distribution also demonstrated robustness in capturing the tails
of the distributions, ensuring that extreme values were adequately represented in
the synthetic datasets. This fidelity to the original data distribution is essential for
maintaining the integrity of subsequent analyses and modeling tasks, as it preserves
the underlying statistical properties inherent in the dataset.

In the lognorm dataset, the test accuracy for the multiclassification model was 0.6,
while the test accuracy for the other machine learning models was lower. Consider-
ing that we want the accuracy to be as close as possible to 1, that is a low accuracy.
Due to our four classes, if the model made a random prediction we would have a
0.25 accuracy score, so the 0.6 is a good score.

The multiclassification model has a higher accuracy than the other machine learning
model, but the difference is not that great. Perhaps the model does not capture the
complexity of the dataset because of the data structure. Figure 5.1 shows that when
we train the model for more epochs, the model seems to prefer class 2 over class 3.
There is a possibility that this could be the result of the fact that class 2 and 3 have
a large overlap when it comes to the concentrations of the different biomarkers. An-
other observation from figure 5.3a is that the model tends to misclassify the closest
classes most frequently, which is actually beneficial. This is because we prefer the
model to avoid misclassifying a healthy horse as severely ill, or vice versa.

6.2.2 Normal distribution
In spite of the fact that the normal distribution is a widely used statistical model
in statistical analysis, it is inherently limited in its ability to capture skewed or
non-normally distributed data. The synthetic datasets generated using the normal
distribution exhibited deviations from the original data distribution, particularly
in the tails. Synthetic datasets may not adequately represent the variability and
patterns present in the original datasets, leading to biases or inaccuracies in down-
stream analyses and modeling efforts. In the normal distribution dataset, we can
see that the accuracy for the multiclassification model is higher than the log-norm,
but also that the accuracy for the other models is higher than the lognorm as well.
Observing the confusion matrix, we can see that the model seems to be making a
more accurate prediction for the healthy or severe categories regardless of whether
it was trained for 50 or 20 epochs.

6.3 Analysis of each biomarker
If the accuracy of a model decreases after the removal of a biomarker, this indicates
that the biomarker was having a significant impact on the model’s ability to predict
the outcome. A conclusion that can be drawn from this observation is that each
biomarker plays a very important role in the predictive framework. A biomarker that
is evidently contributing valuable data that enhances the model’s ability to make
precise predictions, when it is excluded, causes a noticeable drop in accuracy when
excluded from the model. For this reason, retaining such biomarkers is essential for

38



6. Conclusion

maintaining the robustness and effectiveness of the predictive model.

6.3.1 NGF
As shown in Table 5.4a, accuracy decreased across all models when NGF was re-
moved. The confusion matrix 5.4b also reveal a tendency for the model to predict
class 2 as opposed to class 3. This observation may be explained by NGF being a
biomarker for pain. A key role played by NGF as a pain biomarker is crucial to the
accurate diagnosis of severe osteoarthritis, where pain is a significant symptom. In
the absence of NGF, the model will be unable to incorporate this essential infor-
mation, which will result in reduced accuracy and incorrect predictions since NGF
cannot be incorporated into the model.

6.3.2 BGN
The removal of the biomarker biglycan (BGN) from the model resulted in a decrease
in accuracy, as illustrated in Table 5.5a. Despite the accuracy drop, the confusion
matrix in figure 5.5b clearly shows that the model’s effectiveness diminished, partic-
ularly in predicting severe and moderate stages of OA. This may be due to BGN’s
crucial role in collagen fibril assembly, where it controls collagen fiber diameter and
spacing. Regulation is vital for the proper formation and maintenance of these
structural components. Functionality and durability of joints are directly influenced
by collagen integrity.

In addition, BGN affects the growth and differentiation of osteoblasts and chon-
drocytes in conjunction with other cellular components. These cells are essential
to maintaining bone and cartilage health. In the aftermath of injury or degra-
dation, this is particularly important. The absence of BGN data complicates the
assessment of tissue degradation. Consequently, the model’s reduced performance
in accurately predicting severe and moderate OA likely stems from the omission of
these key biological data. Therefore, including BGN in the biomarker panel will
enhance diagnostic accuracy and ensure effective monitoring of OA progression.

6.3.3 COMP664
The removal of COMP664 from the predictive model leads to a significant reduction
in accuracy, as detailed in table 5.6a and figure 5.6b. Interestingly, this decline in
accuracy surpasses that observed when other biomarkers or the original dataset are
excluded, supporting COMP664’s pivotal role in the model. It serves as a sign of
cartilage degradation prior to onset of other clinical symptoms as COMP664 is a
neo-epitope of an enzyme called Cartilage Oligomeric Matrix Protein. Biological
fluids such as synovial fluid and saliva contain this biomarker, which correlates with
cartilage matrix breakdown.

The COMP664 responds to mechanical loads on joints, making it an effective indi-
cator of how joints respond to strain or physical activity. By monitoring changes in
COMP664 concentrations, clinicians and researchers can determine whether physical
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activities adversely affect joint health, an assessment crucial for managing conditions
like osteoarthritis in athletes or working animals. It is also invaluable for predicting
future joint conditions due to its dynamic changes in response to joint stress and
damage. A predictive capability like this can significantly influence the trajectory
of diseases like osteoarthritis and potentially slow their progression.

The biomarker could be the first sign of osteoarthritis (OA) because when the bones
begins to breakdown, they can release the biomarker. This early release is why
COMP664 has a significant effect on machine learning models used for predicting
OA. Its unique ability to capture complex biological interactions within the joint
that other biomarkers might miss has a significant impact on model accuracy fol-
lowing its exclusion. As a result, COMP664 is critically important for effective joint
diagnosis and ongoing monitoring as part of comprehensive biomarker panels.

6.3.4 COMP156
The exclusion of COMP156 from the predictive model, as shown in table 5.7a
and figure 5.7b, results in a noticeable decrease in overall accuracy. Even with-
out COMP156, the model still predicts severe cases of osteoarthritis (OA) well.
COMP156 is particularly important in accurately predicting the intermediate stages
of OA, as demonstrated by this observation.

COMP156, a fragment of Cartilage Oligomeric Matrix Protein (COMP), acts as
an early biomarker of cartilage degradation. Detection of this protein in biological
fluids such as synovial fluid or serum is directly related to the breakdown of key car-
tilage matrix components, as occurs in osteoarthritis. Monitoring COMP156 levels
regularly allows early detection and intervention of cartilage deterioration. When
COMP156 levels decrease following treatment, it may indicate cartilage degrada-
tion has been reduced or the joint has been stabilized. Conversely, an increase in
COMP156 levels may indicate that damage persists despite treatment efforts, sig-
naling a need to adjust therapy.

COMP156 plays a critical role in enhancing predictive models’ accuracy. As a re-
sult, the model’s ability to predict joint disease progression and evaluate treatment
responses is significantly enhanced. This makes COMP156 an essential component
of comprehensive biomarker panels for diagnosing and monitoring joint health.

6.4 App
The development of our application marks a significant milestone in bridging the
gap between machine learning technology and veterinary practice. Designed for local
deployment, this application represents an important first step towards enhancing
the disease prediction processes for veterinarians. By integrating advanced machine
learning algorithms, the application aims to provide more accurate and timely di-
agnostics, ultimately improving animal health care outcomes.

40



6. Conclusion

The application has been tailored to meet the specific needs of veterinary profes-
sionals, featuring an intuitive interface that ensures ease of use even for those with
limited technical expertise. Its robust functionality includes real-time data analysis,
predictive modeling, and customizable reporting features. These capabilities enable
veterinarians to make more informed decisions, streamline their workflow, and allo-
cate resources more efficiently.

Furthermore, the application is built with scalability in mind, allowing for future
updates and enhancements as machine learning technologies evolve. This adapt-
ability ensures that the application will remain relevant and effective in addressing
emerging veterinary challenges.

6.5 Future work
A significant step for future work is to collect more data for the biomarkers. Veteri-
narians often face challenges in classifying different stages of the disease due to the
complex relationships between biomarkers. Therefore, it is crucial to gather exten-
sive data and perform statistical analyses to understand how the different biomarkers
influence each other.

Additionally, utilizing deep neural networks is a promising approach for the future
discovery of biomarkers that may have a substantial impact on OA. Should a new
biomarker be identified in the future, machine learning can be effectively employed
to analyze its influence on the disease, providing deeper insights and improving
diagnostic accuracy. For future work, it would be advantageous to use regression
tasks instead of classification tasks. This approach could provide more nuanced in-
sights by predicting the continuous levels of biomarkers, allowing for a more detailed
understanding of their impact on joint health and the progression of osteoarthritis.
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A
Appendix 1

In this appendix, the series of distribution figures that serve as a important informa-
tion to our analysis on the progression timeline of Osteoarthritis (OA). Each figure
showcases the original dataset corresponding to a distinct class within our study,
overlaid with fitted models of Normal, Log-Normal, and Gamma distributions.

These graphical representations are designed to illustrate how each distribution
aligns with the empirical data across different duration classes, thereby providing a
visual examination of the statistical properties and variability inherent in the OA
progression timeline. The implications of these distribution fits are further explored
upon within the the document, underscoring their relevance to our analytics on OA.

Table A.1: K-S Statistics and Best Fitting Distributions by Diagnosis

Diagnosis Variable Normal Log-Normal Gamma
0 NGF 0.1253 0.1339 0.1264
0 BGN262 0.1551 0.2037 0.1702
0 COMP664 0.1436 0.1210 0.1293
0 COMP156 0.2964 0.1938 0.2448
1 NGF 0.0770 0.1486 0.1181
1 BGN262 0.2546 0.1487 0.1626
1 COMP664 0.1291 0.1612 0.1488
1 COMP156 0.1404 0.1224 0.1297
2 NGF 0.2351 0.2753 0.2553
2 BGN262 0.2381 0.1501 0.1759
2 COMP664 0.0843 0.0897 0.0821
2 COMP156 0.1908 0.1490 0.1093
3 NGF 0.0761 0.0913 0.0746
3 BGN262 0.1534 0.1887 0.1425
3 COMP664 0.2454 0.1053 0.1600
3 COMP156 0.1850 0.1741 0.1860
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A. Appendix 1

Figure A.1: Distribution Analysis for all variable within diagnosis class Healthy.

Figure A.2: Distribution Analysis for all variable within diagnosis class Mild OA.

Figure A.3: Distribution Analysis for all variable within diagnosis class Moderate
OA

Figure A.4: Distribution Analysis for all variable within diagnosis class Servere
OA
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Appendix 2

In this section, a comparative analysis of the original and synthetic data for each
biomarker used in the study. The purpose of this comparison is to illustrate the
similarity between the original dataset and the synthetic dataset generated for the
research. Each biomarker’s data is plotted to visually demonstrate the distribution
and characteristics of the data points in both the original and synthetic datasets.

Figure B.1 shows the distribution of NGF, BGN262, COMP664, and COMP156
biomarkers in the healthy class for both original and synthetic datasets. For the
mild OA class, Figure B.2 provides a comparison of the same biomarkers between
the original and synthetic datasets. In the case of the moderate OA class, Figure B.3
illustrates the distribution comparison for these biomarkers between the original and
synthetic datasets. Finally, Figure B.4 depicts the distribution of NGF, BGN262,
COMP664, and COMP156 biomarkers in the severe OA class for both original and
synthetic datasets.

The synthetic data closely mirrors the distribution of the original data across all
classes, indicating that the synthetic data generation process has effectively cap-
tured the key characteristics of the biomarkers. This validation ensures that the
analysis and modeling conducted in this study are based on robust and reliable
data.
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B. Appendix 2

Figure B.1: Distribution of biomarkers in original and synthetic datasets for
healthy horses.

Figure B.2: Distribution of biomarkers in original and synthetic datasets for Mild
OA horses.
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Figure B.3: Distribution of biomarkers in original and synthetic datasets for Mod-
erate OA horses.

Figure B.4: Distribution of biomarkers in original and synthetic datasets for Severe
OA horses.
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