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ABSTRACT

USING MACHINE LEARNING ALGORITHMS FOR ORTHOPEDIC
CLASSIFICATION

ALSAEDI, Mohamedsadeq Abdulkhudhr,
M.Sc., Electrical and Computer Engineering ,Altinbas University,
Supervisor: Prof. Dr. Osman Nuri UCAN
Date: 10/2021
Pages: 45

Prediction and classification are the two class of problems to which machine learning algorithms
are applied. Prediction algorithm takes one or more feature values and predict outcome that is
continuous. Classification algorithm takes one or more feature values to predict categorical
outcome. The classification outcome of a target variable may be binary or multinomial. The
Logistic Regression algorithm can have used for classification to model a categorical outcome
and many of its application are found in medical field. Different machine learning algorithms can
be applied on same dataset, however, which ML algorithm will comparatively prove better
depends upon the nature of the data and preprocessing applied on the data. Here, three
algorithms logistic regression, decision tree and K-NN are applied on the dataset and compared
using confusion matrix.

Keywords: Machine Learning Techniques, Decision Tree, Logistic Regression, K-NN.
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1. INTRODUCTION

Prediction and classification are the two class of problems to which machine learning algorithms
are applied. Prediction algorithm takes one or more feature values and predict outcome that is
continuous. Classification algorithm takes one or more feature values to predict categorical
outcome. The classification outcome of a target variable may be binary or multinomial. The
Logistic Regression algorithm can use for classification to model a categorical outcome [1] and
many of its application are found in medical field [2]. Logistic regression is used extensively for
binary classification but it also be used for multinomial classification [3]. Another machine
learning algorithm which is widely used for classification is decision trees [4] [5], they are
effective for binary classification but are also applicable to multiclass problem. Logistic
regression is equation based where the feature variables (independent variables) in the equation
are used to predict the dependent variables where as in decision trees it is rule based. The third
machine learning model considered here to be applied on the dataset chosen is KNN [6]. KNN —
K-Nearest Neighbor is the supervised machine learning algorithm can be used to solve both
regression and classification problem. KNN does classification based on similarity identified in

close proximity by calculating distance between two points.

The healthcare industry faces several challenges while adopting technology and has demanded
changes [7] in electronic record management, computer diagnosis and data integration. Machine
learning algorithms for classification has been widely adopted in the healthcare industry. This
paper presents classification of orthopedic patients to the class-hernia, normal or
spondylolisthesis based on data captured on biochemical features using machine learning
algorithm. Different machine learning algorithms can be applied on same dataset, however,
which ML algorithm will comparatively prove better depends upon the nature of the data [8] and
preprocessing applied on the data. Here, three algorithms logistic regression, decision tree and K-

NN are applied on the dataset and compared using confusion matrix.



2. RELATED WORKS AND BACKGROUND

2.1 SIMULATION APPROACHES

The simulation methods employed in image cytometry are primarily focused on generating
suitable benchmarking data for image analysis algorithms. Their principal objective is to produce
visually plausible synthetic data, mimicking the real acquired samples. In other words, the
methods do not aim to precisely model the real-life biological processes, besides the visible
phenomena observed in the eyepiece of optical microscope. The comprehensive tools for
producing these datasets are often referred to as simulators or simulation frameworks.

The generated synthetic data is accompanied with inherent annotation, referred to as ground truth
(GT), serving as a correct result, against which the image analysis algorithms are evaluated. The
typical annotation, accompanying a synthetic sample, may include digital phantom, providing
GT for deconvolution tasks, labeled image mask, serving as GT for segmentation, or cell lineage,

serving as GT for tracking.

In following subsections, we will focus on various simulation scales, ranging from spots to
tissues, as the scope of the models has to be often limited to a particular scale due to the
computational constraints. We will also discuss the phases of the simulation, aiming to mimic the
real-life acquisition process using an optical microscope. And finally, we will review various

classes of computational models, which can be employed together in a simulator.
2.2 SIMULATION AT VARIOUS SCALES

As the microscopy and subsequent image analysis in the real world is done across a wide
spectrum of scales and for a wide spectrum of possible applications, there is a need to model
objects and structures at various scales. However, due to the high complexity of studied
biological structures, and limits of contemporary computational and memory resources, the

particular model often cannot.

be utilized for multiple scales, calling for different modeling strategies at each scale. Following
list specifies various modeling scales, corresponding to the size of biological structures of

interest, ranging from fine to coarse scale [5]:



1. spots and particles.
ii.  subcellular components.
iii.  cell nuclei.
iv.  whole cell.
v.  cell populations.
vi.  tissues.
2.3 SIMULATION PHASES

Simulation workflow of contemporary simulation frameworks can be separated into three

successive phases, mimicking the acquisition process of an optical microscope [5]:
1.digital phantom synthesis (synthetic specimen)

2.optical image formation (virtual microscope)

3.image acquisition (virtual acquisition device)

Although the term digital phantom is used in many fields with differ- Ent meanings, in the field
of biomedical simulations it is a representation of structure and components of a specific object,
such as nuclei, cell, or tissue in computer memory. Furthermore, the described object is not
affected by any noise, blur, or uneven illumination. In a sense, the digital phantom represents the
data we would be able to acquire from an ideal microscope with aberration-free optical system
and perfect camera. Object described by a digital phantom is often composed of deformed or
rotated geometrical shapes, which are filled with some procedural texture. Methods of synthesis
of digital phantoms can be divided into parametric-based and learning-based, depending on the

type of utilized modeling approach, as discussed in the following subsections.

Synthesized digital phantom, containing the structures of interest without any distortion or
degradation, is subsequently advanced to a virtual optical microscope. A virtual optical

microscope is modeling phenomena occurring in the real microscope, i.e., blurring process



occurring in the optical system, uneven illumination, and in the case of fluorescence imaging also

virtual excitation-emission filters.

Finally, the simulation sequence is concluded by submitting the image to a virtual acquisition
device. A virtual acquisition device models the phenomena manifesting themselves during image
capture using digital image detectors, which is typically a CCD camera, CMOS camera, or a
PMT detector. Among the modeled phenomena is dark current, resampling, fixed pattern noise,

quantification uncertainty, amplification, and A/D conversion.
2.4 PARAMETRIC-BASED MODELS

Development of parametric-based models typically calls for deep bi- logical understanding of the
object of interest. Gaining this prior knowledge often requires careful analysis of large datasets
acquired from the real samples. The object properties are fully controlled by a set of user-defined
parameters. However, the parameter space given by a particular parameter set is often vast,
which makes these models difficult to tune for optimal configurations.

First parametric models employed in the *90s were very limited by computational and memory
resources available at the time. Due to these limitations, the models were based solely on basic
shapes, such as spheres and ellipsoids. Furthermore, these models also completely omitted the
texture modeling to save resources. The shape was the most important property, as it was
essential for development of im- age analysis algorithms. Corresponding parametric model of a
cell utilizing only basic shapes was proposed by Lockett et al. in 1998 [19]. The early attempts of
modeling a texture for defining the internal object structure were done separately from the shape
models. The first models based on procedural generation were proposed by Perlin in 1985 [20]
and Timmer et al. in 1995 [21].

Subsequent models focused on simulation at various scales, from spots and particles presented
by Cheezum et al. (2001) [22], Costes et al. (2004) [23] and Comeau et al. (2006) [24], to
subcellular components presented by Gerencser et al. (2008) [25], cell nuclei presented by
Svoboda et al. (2007) [26], and cell populations presented by Lehmus- sola et al. (2007) [27] and
Malm et al. (2010) [28].

A simulation framework proposed by Ghaye et al. in 2012 [29] finally offered a comprehensive
tool capable of generating synthetic objects of varying shape and texture. The added texture

allowed the synthetic objects to approximate the real objects much more closely by incorporating



heterogeneity into the object structure. This made the segmentation of resulting samples much
more complicated, offering a more comprehensive analysis of the developed algorithms. A few
years later, a simulation framework proposed by Svoboda et al. in 2017 [30] implemented
detailed simulation of developing cell population. The proposed framework employed complex
parametric models of cell shape and texture, forming the digital phantom, and also included well-

developed models of virtual microscope and acquisition device.
2.5 LEARNING-BASED MODELS

Learning-based models allow to delegate the arduous process of object analysis from human
expert to a machine, which is able to automatically learn the important features from the given
data. This approach alleviates the need for a large number of user-defined parameters and
naturally offers higher variability in the generated data, as the machine is able to capture features

that human would have difficulties to notice.

Training approaches utilized in development of learning-based models can be divided into three

classes [5]:
1. principal component analysis.
ii.  diffeomorphic deformations.
iii.  deep generative models.

Among the first introduced learning-based approaches was the principal component analysis
(PCA), which is a well-known method in statistics. The samples from the given training dataset
are submitted to the analysis, producing feature vectors describing the shape of the objects. As
the PCA concentrates the most important features to small number of vectors, it allows us to
describe the shape in a compact and condensed manner by omitting the less important
information. The utilization of PCA for shape modeling was proposed by Lehmussola et al. in
2008 [31].

At a later time, approaches based on diffeomorphic deformations surfaced. Here, the shape
generation is performed utilizing an isomorphic transformation over the training samples,
mapping one object shape to another such that both the transform function and its inverse are

smooth. It other words, it is creating a function that defines a map- ping between shapes of all



objects. Models utilizing diffeomorphic deformations were proposed by Peng et al. in 2009 [32]
a Simulation frameworks utilizing combination of PCA and diffeomorphic deformations to
model the cell shape as well as the internal structure were proposed by Zhao et al. in 2007 [34]
and Murphy in 2016 [35].

The newest class of learning-based approaches covers deep generative models, which are
currently very popular among the scientific community [36, 6, 7, 8]. Generative models are able
to capture the data distribution and generate new, never-before-seen samples of similar
distribution. Furthermore, they are capable of working in an unsuper- vised manner, i.e., they do
not require annotated data. Most common approaches employ models based on Variational
Autoencoders (VAE), proposed by Kingma et al. in 2014 [12], and Generative Adversarial
Networks (GAN), proposed by Goodfellow et al. in 2014 [11].and Xiong et al. in 2010 [33].

2.6 VARIATIONAL AUTOENCODERS

Variational Autoencoders, proposed by Kingma et al. in 2014 [12], are based on the original
Autoencoder (AE), proposed by Hinton et al. in 1994 [37]. The main objective of Autoencoder is
to represent (encode) the input data to a condensed form using dimensionality reduction. In other
words, it creates a low-dimensional representation, referred to as code, of the high-dimensional
input data. In this way, it works similarly to the principal component analysis, although the

transformation itself is nonlinear. The model consists of two parts,

* Intermediate vector :
of means i I :

Training | | Encoder Decoder |1 Synthetic

sample | | — |~ . code sample
—L Intermediate vector | e

‘of standard deviations:

Figure 2.1: Conceptual diagram of the Variational Autoencoder. The encoder takes given training sample
and generates the intermediate vectors. The code is then sampled from these vectors and decoded into

synthetic sample using the decoder.

encoder and decoder. The encoder maps the input samples to a lower dimensional space with a

constructive feature representation. This process can be repeated until the desired dimensional



space is reached. The decoder is then used to regenerate original feature space using reverse
processing. The model was successfully applied for image denoising tasks and proposed as
Denoising Autoencoder by Vincent et al. in 2008 [38]. However, the Autoencoder itself is not
capable of generating new data.

The fundamental problem with Autoencoders is that the latent space of the coded samples is not
continuous. Due to this limitation, decoder is only able to properly reconstruct the same samples
that were used for training. This way, if we chose to decode random code that does not
correspond to any training sample, the decoder output would not match the training distribution.
Furthermore, we also have to impose some limits on the values of vectors p and ¢ to make all
encoded code samples reasonably close to each other, which will allow for smooth interpolation
and enable the generation of new plausible samples. In order to achieve this, the loss function
combines a classic mean square error (MSE) with Kullback- Leibler (KL) divergence, denoted
DKL, which evaluates how closely each latent variable Xi matches the normal distribution.
VAEs were originally proposed to overcome limitations of the original GANs, with amends
oriented especially towards the mode collapse [39]. However, GAN models have already
managed to take advantage of the important techniques employed in VAEs, such as divergence-
based loss functions, considered in Wasserstein GAN (W- GAN) by Arjovsky et al. in 2017 [40].
Furthermore, combining both models into one, referred to as VAE-GAN, was also attempted in a

few studies [41, 42, 15].
2.7 GENERATIVE ADVERSARIAL NETWORKS

Generative Adversarial Networks (GANSs), proposed by Goodfellow et al. in 2014 [11], are a
class of deep generative models employing machine learning. Their ability to capture important
features directly from training data allows the generation of realistically looking images without
the need of employing vast amounts of parameters or feature extraction.

During the training, two adversarial networks, generator and dis- criminator, compete in a non-
cooperative game. The generator takes input noise vector and transforms it to a new (fake)

sample, whereas.
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Figure 2.2: Conceptual diagram of the Generative Adversarial Network. The generator produces
synthetic samples, given a random latent vector. The discriminator learns to distinguish between actual
training samples and synthetic samples from the generator. The generator then learns from the loss

provided by the discriminator. Source: Alom et al. (2019) [39]

the discriminator, behaving like a standard binary classifier, tries to distinguish between (real)
samples from the training data and (fake) samples from the generator (see Figure 2.2).
Furthermore, generator is newer given the actual training samples, it has available only the
information provided by the discriminator. This training process continues until the generator is

able to produce samples similar to the training data.
GAN:S are able to perform various tasks, such as:
1. image synthesis.
ii.  image upscaling (also referred to as super-resolution).
1. image colorization.
1v.  image in painting.
v.  image manipulation.
vi.  text to image generation.

vil.  image to image generation.



The model is able to properly learn only if the training dynamics between both networks is
maintained so that neither of them is much stronger that the other, i.e., neither network wins the
game. This makes the training very sensitive to model architecture and optimization parameters

[43]. Specifically, the most common problems of GAN- based models are [44]:

non-convergence - During the training, the objective function oscillates and fails to converge

toward the equilibrium.

mode collapse - The generator distribution collapses into single modality, resulting in samples of

limited diversity.

vanishing gradient - The discriminator learns much faster than the generator and consequently

provides very small gradient for it, hence, the generator learns very slowly or not at all.

overfitting - Unbalance between the generator and discriminator causes overfitting on the

training data.

hyper parameter sensitivity - Only small portion of the hyper parameter space results in good

convergence during training, the particular values are difficult to find.

The research on GANs has advanced substantially in recent years, proposing solutions to some
of the suggested problems in subsequent variations of the model. The derived models are

discussed in the following subsections.
2.8 ORIGINAL GAN

The original GAN model, proposed by Good fellow et al. in 2014 [11], utilized two fully
connected neural networks, representing generator and discriminator. The minimax objective
(value) function, defining loss for both networks, Deep Convolutional GAN

The architecture of Deep Convolutional GAN (DCGAN), proposed by Radford et al. in 2015
[14], substitutes the fully connected architecture of the original GAN for the fully convolutional
architecture, utilizing convolutional neural networks, proposed by LeCun et al. in 1998 [45],

without any fully connected layers in both the generator (see Figure 1.4) and the discriminator.



The adaptation of convolutional network architectures for GANs allowed for generation of
images with much higher resolution. The learned convolutional kernels in every layer serve by

design as feature extractors, capturing fine details and features present in the training.

3 T T T T T T T T T

Mon-saturating loss
Original minimax loss|

Generator loss

0 0.1 02 0.3 0.4 05 0.6 0.7 (o] 0.9 1
Discriminator's response to a sample from the generator

Figure 2.3: Comparison of the gradient given by the original minimax and the non-saturating loss

functions of the generator.

The minimax loss gives low gradient when the sample is likely fake and high gradient when the sample is
already close to the real data. On the other hand, the non-saturating loss gives high gradient for fake
samples, allowing for efficient learning of the generator. data, which results in much higher fidelity of the
generated outputs. The utilization of DCGANS in the field of biomedical image generation demonstrated
their ability to generate realistic looking cellular specimens in 2D (CytoGAN), proposed by
Goldsborough et al. in 2017 [13].

3D Shape Nets, proposed by Wu et al. in 2015 [46], adapted the convolutional architecture used
previously for 2D images for the classification and retrieval of 3D shapes. The 3D convolutional

architecture of Shape Nets was subsequently adapted for generative modeling in.

10
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CONV 2

Figure 2.4: Fully convolutional generator architecture of DCGAN. The network does not utilize any

fully-connected layers. Source: Radford et al. (2015) [14]

3D GAN, proposed by Wu et al. in 2016 [15], allowing for generation of fully 3D volumetric

data, albeit thus far only in binary form.
2.9 CONDITIONAL GAN

The Conditional GAN (cGAN), proposed by Mirza et al. in 2014 [17], extends the original GAN
model by including an additional conditional information for both the generator and the
discriminator (see Figure 1.5). The conditioning is included as a supplementary input, giving
prior auxiliary information to the model alongside the ordinary input data. The additional
information may represent class labels or even data from other modalities. Consequently, this
results in more stable training process, as it allows the model to learn depending on the given

information.
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Figure 2.5: Conceptual diagram of the conditional GAN. The original GAN architecture is extended by

additional input vector y, providing supplementary information for both the generator and the

discriminator. Source: Mirza et al. (2014) [17]
for the conditioned generator G (z y).

The concept of cGANs was successfully used for conditional syn-

thesis of images, e.g., handwritten digits [17]. Furthermore, it was especially important in works
focusing on image-to-image translation, as suggested by Isola et al. in 2017 [47], and text-to-
image synthesis, presented by Reed et al. in 2016 [48], and further reiterated by Bodnar in 2018
[49].

2.10 WASSERSTEIN GAN

The Wasserstein GAN (WGAN) model was proposed by Arjovsky et al. in 2017 [40], and
further improved by Gulrajani et al. as Wasserstein GAN with gradient penalty (WGAN-GP) in
2017 [50]. The authors proposed new loss functions for the generator and the discriminator,

producing better gradient for the generator, and solving the mode collapse problem of original

12



GANSs. Furthermore, the generator loss was shown to be directly correlated with the quality of
the generated samples, unlike the original minimax loss function.

Due to the different loss function, the authors also renamed discriminator to critic, as it no longer
outputs the likelihood of a sample being real, but rather assigns an unbounded numerical score to
it. During the training, the critic tries to maximize the difference between the score on real
samples and the score on fake samples, and the generator tries to maximize the critic’s output for

fake samples.

Training
(b) a
perceptual
crop cells i loss
mom Dubee o
| @ |
Wi @ =
Inference
(© Database (d)
@ e Gel\:j;llior G

Figure 2.6: Synthesis of image and corresponding mask of the red blood cells. (a) All blood cell shape
instances are extracted and saved to a database. (b) pix2pixHD framework is trained to translate
segmentation mask to blood cell images. (c) Synthetic segmentation mask is created (inference stage). (d)
Created segmentation mask is fed to the generator network to produce the blood cell image. Source: Bailo

etal. (2019) [16]

2.11 GANS IN BIOMEDICAL IMAGE SYNTHESIS

In 2017 Goldsborough et al. [13] proposed CytoGAN for generation of cells in fluorescence
microscopy. The approach utilized simple convolutional GAN (DCGAN) [14] for synthesis of
RGB images of textured cells. However, the generated images were of low resolution and the
whole image was synthesized in one pass. This way, the model has no explicit information about
the cell shape and texture. Consequently, the network learns to produce an undesired noise
present in the training data, and is not able to generate the corresponding cell mask, which is

needed as an annotation.
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The utilization of GANs to generate labels along with the textured tissue images was proposed
by Han et al. in 2018 [10]. Most recent work, using conditional GANs (cGANs) [17] to
synthesize blood cell images with corresponding masks (see Figure 1.6), was introduced by
Bailo et al. in 2019 [16]. It employs pix2pixHD, proposed by Wang et al. in 2018 [51], capable
of high-resolution image synthesis. The authors took advantage of existing pairs of blood cell
images with corresponding segmentation mask and trained the pix2pixHD model to translate
segmentation masks to blood cell images. Subsequently, they created a database of discrete
blood cell shapes, which were cropped from the segmentation masks. By drawing random
samples from this database, the authors generated new segmentation masks, which were used to
synthesize corresponding blood cell images using the already trained pix2pixHD model. The
presented results showed very good quality of the generated pairs, although the variability of the
segmentation masks is limited by the size of the shape database. Furthermore, as the method
generates images of high-resolution, it requires substantial computational resources.

With the increasing resolution of the synthesized images, the deep learning-based models have
problems with quickly growing network complexity, and consequently, substantial
computational and memory requirements. This is even more pronounced in case of adversarial
training, where we have to train two networks of matching complexity simultaneously. An
interesting approach was proposed by Wolterink et al. in 2018 [52] for blood vessel geometry
synthesis. Instead of straight-forward generating of the blood vessel images, the authors
generated a sequence of vectors of four parameters [X, y, z, r], where X, y, and z are Cartesian
coordinates, and r is the radius of a blood vessel at these coordinates. The generated sequence is
then converted to a 3D blood vessel object. The resulting model complexity for generating such
1D parametrized data is much lower than the complexity needed for a model producing the same

vessels voxel by voxel in 3D.
2.12 DATA EVALUATION

As the simulated synthetic datasets with ground truth are intended as a substitution for real
annotated datasets, and since the simulation models are always an approximation of reality [53],
there is a natural desire to evaluate the plausibility of generated data. In other words, we want to
investigate how similar are the synthetic data to the real data to guarantee the quality of the

synthetic data for employment in validation of image analysis algorithms.
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This topic is not the main focus of the thesis, consequently, the following paragraphs are
intended purely as a brief overview of the available approaches. The evaluation of real and
synthetic biomedical image data is the main research focus of Necasova [54, 55].

As our models are focused on simulation of specimens in optical microscopy, we will
concentrate on evaluation methods for images. The evaluation methods vary, depending on
whether we want to compare pairs of data or whole datasets. Furthermore, the evaluation
methods can be divided into two groups, qualitative and quantitative, depending on the general
approach.

The qualitative approach is based on human visual comparison, utilizing the expert knowledge to
assess the data. It constitutes of a blind test where the pairs of real and synthetic images are
shown to an expert, who is asked to determine which is real and which is synthetic [56, 57].
The time an expert has to answer the query is also limited, in order to reduce deep analysis of
particular details. Unfortunately, evaluating the images in this way is a time consuming and
laborious task, which considerably limits the amount of data which can be processed.
Furthermore, the results may differ greatly between various experts [3], making them difficult to
reproduce.

On the other hand, the quantitative evaluation is a rigorous approach, producing exact, repeatable
results. It takes advantage of data analysis tools commonly employed in statistics in order to
obtain measures that are able to quantify the similarity of the data. The following measures are

suitable for the pairwise assessment, where pairs of images are considered:
1. Mean Absolute Error (MAE).
1.  Peak Signal-to-Noise Ratio (PSNR).
iii.  Structural Similarity Index (SSIM) - Wang et al. (2004) [58].

In the case of an evaluation on whole datasets, consisting of multitude of images, we can utilize
the image descriptors to extract relevant characteristics from the data. Obtained image
characteristics are then subject of the statistical analysis. The descriptors may represent

information about color, shape, or texture of the objects of interest in the images.
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3. MACHINE LEARNING

The idea of system learning, identifying patterns and making decision without human
intervention can be described as machine learning [20]. It is a branch of artificial intelligence and
depending on the learning approach can be divided into three categories as supervised,
unsupervised and semi-supervised [21]. These categories are different mainly by the existence of
labels (target values) for input data during the learning.

Several metrics are used to measure machine learning model performance:

i.  Confusion matrix.
ii.  Accuracy.
ii.  Fl-measure.
iv.  Precision.

v. Recall

By these metrics, it is possible to compare all trained models with each other. As long as the problem is
considered as classification problem, four basic metrics have to be introduced first, True vs. False and
Positive vs. Negative output from the trained model. Binary problem with positive (1) and negative (0)
classes can be taken as an example. A true positive (TP) output from models is the output that correctly
predicts the positive class, and a true negative (TN) is the predicted correctly negative class. A false
positive (FP) is an output from the model that incorrectly predicts the positive class, and a false negative
(FN) is an incorrectly predicted negative class [22].

The first used metric, confusion matrix, takes as input at least two arrays, the predicted values for the
data, and actual (original) values. As an output, it shows how many of predicted values by model
belongs to categories TP, TN, FP or FN [23]. An example of a confusion matrix with two classes is

shown in figure 3.1:
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Predicted class Predicted class

POSITIVE NEGATIVE

(spam =) (normal )
Actual class TRUE POSITIVE (TP) FALSE NEGATIVE (FN) |
POSITIVE 2 =2 5
(spam = ) 320 43

Actual class FALSE POSITIVE (FP) TRUE NEGATIVE (TN)

NEGATIVE & = =
(normal &g } 20 538

Figure 3.1: An example of the confusion matrix with two classes [24].

Second used metric is accuracy which represents the exact match of the predicted values and
original values. If the predicted value of the i-th sample is y"i, the corresponding original value is

yi, and the number of samples is n, then the accuracy can be defined as equation.

1 n—1
Accuracy(y, ) = — Z 1(9; = v;)
mn
1=0

Other used metrics are called precision, recall, and Fp-measure. Precision represents the ability
of the model to label just positive classes correctly. The recall represents the ability of the model
to classify all positive classes. The harmonic mean of the precision and recall is called the Fp-
measure. Moreover, if B = 1, then the value is known as F1-measure and means that both recall
and precision are equally

important [24]. The computation of these values in binary classification is shown in equations

Procision — TP

recision — 7],.13 EP
TP

Recall = 75T FN

precision x recall

Fg = (1+p%)

B?precision + recall

Precision, recall, and Fp-measure can be applied to each class independently in a
multiclassification task. The detailed equations with necessary notation are explained in section

Multiclass and multilabel classification of reference [24].
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3.1 SUPERVISED MACHINE LEARNING METHODS

Supervised machine learning, also called learning from exemplars, provides learning on training
data set with correct responses (targets). The algorithm generalizes to respond correctly to all
possible inputs. So, at first, all methods from the supervised category need to have correct targets
(labels) for training data, which can sometimes be challenging to obtain. If we had examples of
every possible piece of input data, then we could put them to a big look-up table, so there would
be no need to have machine learning at all. In reality, this is not a case [25].

However, the goal of the thesis is to compare the performance of the models. The chosen Python
library scikit-learn supports the wide range of methods, and it is not possible to cover all of them
in the range of this thesis. Instead, the focus was to select at least the most essential methods

from a different perspective like Linear models, Support vector machines, and so on.

3.1.1 Logistic regression

Logistic regression is a machine learning classification algorithm that is utilized to predict
the probability of a categorical dependent variable. Logistic regression can be reached by
applying sigmoid function [26] on Linear regression. Equation (.5) represents sigmoid
function whereas (.6) represents the Linear regression function with vector w = (wo, ...,
wp). Vector w represents coefficients of model. The wo represents the bias or intercept
and the (w1, ..., wp) represents the weight of the features x = (x1, ..., xp). The result of
sigmoid function is value between 0 and 1. Logistic regression can be then represented by
equation (.7) together with mapping in equation (.8). Logistic regression will predict
class 1, if the output of sigmoid function is more than 0.5. Otherwise, class 0 will be

predicted [27].

One of the most suitable model for classification of anomaly detection is Logistic regression.
Logistic regression is an algorithm based on dependent variables. It is one of the most popular and
most widely used algorithms today. The term regression appears in this name, but Logistic
regression is a classification algorithm. One of the possible implementation is realized by Python
library scikit-learn, in class Logistic Regression [28]. The class offers a lot of parameters to
be set while creating the instance. By the parameter with the name penalty, it supports

optional regularization 1 which minimizes the cost function visible in equation (.9).
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Similarly, the equation (.10) is solved as minimization of regularization 1, which is used
by default. The last supported regularization is Elastic-Net which is combination of 1,
and 1.

By parameter with the name solver, the class LogisticRegression offers to use different solvers.
Implemented ones are liblinear, newton-cg, Ibfgs, sag and saga. The solvers can be also used for
multi classification problems by setting multiclass to 'multinomial’. The acronym lbfgs is
used by an optimization algorithm the Broyden—Fletcher—Goldfarb—Shanno [29] from the
family of quasi- Newton methods [30] with limited memory. It is recommended for small
datasets due to performance issues.

In the real world, the data is rarely separable by the linear com- bination of features. It is possible
to transform features into polynomial combinations to achieve better performance for models
because it can better fit the data. Feature transformation into polynomial can be simply explained
with concrete example of two features.

X = [x1, x2] and degree 2. The transformed features into polynomial are

2].

X= [x1,x2,x1x2,x2,x
3.1.2 Support Vector Classifier

Support vector classifier (SVC) is the supervised machine learning method used for
classification. It is one from the set of Support vector machines (SVMs) implemented
also in the scikit-learn library.

SVMs were introduced by Vapnik in 1992 and became popular primarily because of
significantly better classification performance on reasonably sized datasets. As long as
they involve a data matrix inversion, which is an expensive operation for computation,
they do not work well on extremely large datasets. The algorithm constructs a hyper-plane
or set of them that separate the dataset into classes. In two dimensions and two classes, the
hyper-plane is simply a line that creates a decision boundary. The distance between the
nearest point to the decision boundary is called margin. The data points in each class that
lies closest to the decision boundary are called support vectors. The best hyper-plane for

SVM is the one with the maximum margin for data points in support vector [24].

SVMs covers a set of methods not only for classification but also for regression and

outlier’s detection. A subset of training points in the decision function, generally called
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support vectors, cause the memory efficiency of these methods. SVMs support different
kernel functions for the decision function. A custom kernel function is also possible to be
used.

Class SVC [31] is concrete implementation of SVMs by scikit-learn library. By the kernel
function, adjustable by parameter with the name kernel of the class SVC, a different
decision boundary will be found by the method, for example, linear line or polynomial one

of the features. Provided kernel functions [32] by SVMs in scikit-learn:
i.  Linear.
ii.  Polynomial.

where degree of polynomial function is specified by parameter with the name degree of

class SVC.

Radial Basis Function - parameter with the name gamma of class SVC has to be specified.
Gamma can be explained as the spread of the kernel (decision region). When the gamma
is larger, then the data points have to be closer to each other to be affected. Library scikit-
learn offer to set it to the ’scale’ defined by equation (.11) or the auto’ defined by equation

(.12).

Sigmoid - also known as Hyperbolic Tangent Kernel [33] that uses the sigmoid function as

a kernel.

The SVC method, similarly to the other supervised ones, takes as an input of fit method
the array X holding the training samples and an array Y holding the labels. In our case, the

array y contains just the values of the two classes.
3.1.3 Decision trees, ensemble methods and Random forest classifier

Decision trees (DTs): DTs are a non-parametric supervised learning method used for
classification and regression. A model that predicts the value of a target variable is
created by learning simple decision rules inferred from the data features [23]. DTs are
easy to under- stand, interpret, and visualize. The cost if predicting data by decision tree

is logarithmic in the number of data records used to train the tree. One of the most
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important disadvantages of DTs includes the significant variance between the trees,
which can be the result of small variations in the data. The solution is to use one of the
ensemble methods that will be described later. Another problem can be overfitting that

can be solved by setting the maximum depth of the tree.

~—— Have adog? ——
Yes No

. l

( Sunny? ‘ Wanna walk? )

Yes | . Yes

l No No l

v '
Long trip Short trip Stay at home Long trip

Figure 3.2: an example of the decision tree.

Ensemble Methods: The group of ensemble methods tries to com- bine the predictions
of several machine learning techniques in order to improve the robustness of single
prediction [23].

Most of the literature distinguishes between two popular groups of ensemble methods:
boosting and bagging. Boosting is based on a combination of several very poor learners
(estimators) to produce a powerful one. Bagging is the simpler ensemble method based
on the aggregation of several predictions and picking the average of them [24].

The Random forest algorithm is one of bagging algorithms based on randomized
decision trees that library scikit-learn learn includes. The Random forest algorithm is
perturb-and-combine techniques [33] specifically designed for trees. By introducing
randomness in the classifier, construction is created a diverse set of classifiers. The
ensemble of individual predictions is combined into the average pre- diction of them.
However, the Random forest classifier is a concrete supervised implementation of bagging
algorithms used for training in this thesis.

The algorithm is usable by class Random Forest Classifier [34] in the Python library scikit-learn.
By parameter with the name n estimators of constructor, it is possible to set the number of
decision trees that will be created in an ensemble from the training set. Classifier has to be also

fitted with a sparse or dense array X holding the training samples and an array Y holding the
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labels. During the construction of each tree the best split of each node is found either from all
input features or a random subset of size max features from constructor’s parameter. The reason
is to decrease the variance of the forest estimators. The minimum number of samples required to
split an internal node is defined by parameter with the name min samples split. A decision tree
recursively partitions the internal node [35] until the maximum allowable depth is reached. Let
the data at node m be rep- resented by Q. Each candidate split 0 = (j, ) consists of a feature j
and threshold #,.. The split of internal node data Q into two sub- sets Qe (@) and QOyign: (0) is
defined in equations (.13) and (.14) respectively.

3.1.4 Naive Bayes - Multinomial Naive Bayes classifier

Naive Bayes methods are a group of supervised methods based on probability. In particular,
they assume that every pair of features, given the value of the class variable, are
conditionally independent. Under the hood, it means that the probability of getting the
string of feature values (equation (.15)) is equal to the product of multiplying all of the
individual probabilities (equation (.16)).

This assumption means that the features are independent of each other, which in reality is
not true. However, this simplification is great for computation performance, and the
algorithm itself shows results comparable to the classification methods in a certain domain.
So, the classification rule of Naive Bayes’ classifier is to select class Ci for which the

computation from equation (.17) is the maximum [24].

Naive Bayes classifier is faster compared to others, more sophisticated methods because
conditional feature distribution can be estimated independently as a one-dimensional

distribution. When the number of dimensions’ increases, much more data are needed, and

this approach helps. Regarding the distribution of P (Xk = ai | Ci),

the different naive Bayes’ classifiers differ due to assumptions that they make [23].
Class Multinomial [36] is concrete implementation from Python scikit-learn library for
multinomial distributed data. It was chosen because it is usually used in text classification

[23].
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3.2 UNSUPERVISED MACHINE LEARNING METHODS

In many circumstances, it is difficult to obtain labels for the data. For example, it could involve
somebody to label the data manually. In this case, unsupervised machine learning methods are a
good choice because they do not need labels at all. The algorithm has to recognize some
similarities between input data points due to missing correct outputs. Identification of similarity
between data points can lead to the classification too [24].

Unsupervised methods, in comparison with supervised one, cannot use external error criterion
(the difference between targets and correct outputs) to learn on. They work based on the
observation that an abnormal instance usually manifests as an outlier point that is distant from
other instances. So the inputs that are closer together are recognized as similar (they are clustered
together to the same class). In contrast, the inputs that are far apart are not recognized as similar

(they are put into different classes if possible) [24].

3.2.1 K-means

K-means, one of the clustering algorithms [37], divides input data X into k disjoint clusters C of
equal variance, minimizing a criterion known as the inertia, or within-cluster sum of squares that

is defined by equation (.18).

Where pj describes the mean (usually called as the centroid) of the samples in the cluster and xi
X. Means are not values from the input, but they are from the same space [5].

Concrete implementation of algorithm is offered by library scikit-learn as a class K-Means [38].
By parameter with the name n-clusters are possible to adjust numbers of clusters k. During the
K-means algorithm, there are three steps. At first, the centroids of all clusters have to be
initialized. The simplest way is to choose them randomly, but K-means from scikit-learn library
offers a smarter way for their initialization. The basic idea is to set the values of centroids to be
distant from each other, which leads to provably better results [39]. Then, the second step covers
the assignment of all data points from X to the nearest centroid of clusters. To achieve minimal
value for equation (18), all centroids are updated to the mean value of all the data points from X
to each previous centroid. The difference between the new and old values of centroids is
computed. Loop between the second and the third steps continues until the difference between

the new and old values of centroids is less than the defined threshold.
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The distance of each data point from X to centroids is often computed as Euclidean distance, but
there are other alternatives also [24].

In general, the algorithm will always converge, but it may converge to a local minimum, not the
global one. It strongly depends on the initial value of the centroids. The class K-Means offers to
adjust the number of time the algorithm will run with the different centroid seeds by parameter
with the name n-init. The disadvantage can be a long time until the algorithm finish. The
algorithm K-means from library scikit-learn allows to be run in parallel, so it will run faster at

the cost of memory.
3.2.2 Gaussian Mixture

A Gaussian mixture model is a probabilistic model that assumes all the data points are generated
from a mixture of a finite number of Gaussian distributions with unknown parameters [23].
Gaussian distribution also known as Normal distribution, is a probability distribution that is
symmetric about the mean. The data far from the mean are less frequent than the data near to

mean. In figure 4.3 is an example of a probability density function where p represents the mean.

o

(x) 4

Figure 3.3: An example of a probability density function of Gaussian distribution.

For the fitting of the Gaussian mixture object created from a class Gaussian Mixture [37] offered
by scikit-learn library, the expectation- maximization (EM) algorithm is used. EM algorithm gets
around the problem to find out which points came from which latent component by an iterative
process. In the first step, the EM algorithm assumes random components, randomly centered on

data points or normally distributed around the origin. The number of components is possible to
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adjust by parameter with the name n components of class Gaussian Mixture. The probability of
being generated by each component for each point is computed. In the second step, one tweaks
the parameters to maximize the likelihood of the data given those assignments. Loop between
these steps continues, and the convergence is al- ways guaranteed to a local optimum [38]. The
class Gaussian Mixture offers to adjust the number of time the algorithm will run with the
different centers of components (means) by parameter with the name n init.

In the thesis, the classification of logs is discussed, so the number of components is already
known. For log classification, three types of logs (three components) are needed. In general,
selecting the number of components for the Gaussian mixture model can be more challenging. In

this case, the (Bayesian information criteria) BIC criterion [39] can be used.

3.3 SEMI-SUPERVISED MACHINE LEARNING METHODS

Semi-Supervised methods are methods introduced due to two big disadvantages of supervised
and unsupervised methods. The costly process of supervised learning on the big volume of the
data and limited spectrum of application of unsupervised machine learning methods. Semi-
supervised methods need a smaller amount of labeled data, and the rest are unlabeled. So
typically, we use clustering (unsupervised method) to cluster bigger part of the data, and the rest

we label with some supervised method [39].
3.4 MACHINE LEARNING PYTHON LIBRARIES

The programming language Python was chosen for all tools implemented in this thesis. This
decision was made because the language is easy to use, freely available, there are many useful
libraries for the usage area and it is becoming a default language for scientific computing [26].
As long as Python is a high-level scripting language, the tools don’t depend on the type of

operating system. Most well-known machine learning libraries are written in Python:

Scikit-learn [40] is an open-source machine learning library. It provides a lot of models for
supervised and unsupervised machine learning together with tools for model fitting, data pre-
processing, and so on. It is the most suitable library for this thesis. This library is built on the top
of numpy [41] (scientific computing) and scipy [42] (mathematics, science, and engineering)

libraries. This library offers model persistence. So a trained model can be easily saved to a file
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and load for data prediction anytime. There are some security and dependency limitations, but it
is beneficial to save the trained model and use it when it is needed.

CNTK is a unified deep-learning toolkit from Microsoft Corporation. It is open-source since
April 2015, and it provides us well-documented Python API [43].

Keras [44] is a high-level neural networks API. Library with a focus on fast experimentation.
Keras is capable of running on the top of TensorFlow [45], CNTK, and Theano.

PyTorch [46] is an open-source machine learning framework that accelerates the path from

research prototyping to production deployment.
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4. EXPERIMENTAL RESULTS

4.1 DATA AND DATA PROCESSING

Biochemical features of orthopedic patient dataset [9] is used to classify patients into hernia,
normal and spondylolisthesis, which are derived from the shape and orientation of the pelvis and
lumbar spine. The dataset consists of total 310 rows and 7 columns pelvic incidence, pelvic tilt,
lumbar lordosis angle, sacral slope, pelvic radius, degree spondylolisthesis, and class. All
columns have numeric data except the column- class, which is string. The column class has three
unique values- 'Hernia', 'Normal', 'Spondylolisthesis'. The dataset consists of 60 patients that
belong to class Hernia, 100 patients belong to class Normal and 150 patients belong to class
Spondylolisthesis. In this dataset column class is the target variable and all other columns are the
feature vectors. The dataset contains no null values and no duplicate values. The target variable

is encoded from text to number such that 0-Hernia, 1-Normal and 2- Spondylolisthesis.

Figure 4.1 below shows correlation between all feature vectors in the dataset. Correlation is
useful in feature selection. High positive correlation is observed between pelvic incidence and
sacral slope, pelvic incidence and lumbar lordosis angle lumbar lordosis angle and sacral slope.
Moderate positive correlation is observed between pelvic incidence and pelvic tilt, lumbar
lordosis angle and degree spondylolisthesis, sacral slope and degree spondylolisthesis. Low

negative correlation is observed between pelvic radius and sacral slope.
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Figure 4.1: Correlation Between Feature Vectors

The dataset consists of three classes, so to understand the projection of clusters, Radviz plot
[10]is plotted as shown in Figure 4.2. It is observed that almost all features in the dataset are

equally important.

Feature scaling is done using standardization. The data is split in to training and testing in the

ratio of 70:30. There are 217 samples in the training set and 93 samples in the test set.
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Figure 4.2: Radviz Plot.
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4.2 CONFUSION MATRIX

To evaluate the performance of classification models confusion matrix [17] is used. It can be
used for binary as well as multinomial classification. The target variable has positive and
negative values represented in matrix as true positive (TP), true negative (TN), false positive
(FP), false negative (FN). TP refers that the model predicted positive and actual was positive, in
TN the model predicted negative and actual was negative, in FP the model predicted positive but
actual was negative. FP is also known as type 1 error. In FN the model predicted negative but
actual was positive. FN is also known as type 2 error.

As the dataset used here has three class so the confusion matrix is 3X3. In 3X3 confusion matrix

the positive and negative are represented as shown in table 4.1.
4.3 RESULTS

In this section results obtained for confusion matrix and related indicators including accuracy

score are presented for logistic regression, decision tree and KNN for comparative analysis.

Table 4.1. Confusion Matrix (Logistic Regression).

Predicted
Hernia Normal Spondylolisthesis
Tg Hernia 9 8 1
k3] Normal 6 16 2
< Spondylolisthesis 1 2 48
Table 4.2. Precision, Recall, F1-Score (Logistic Regression)
Precision Recall F1-Score
Hernia 0.62 0.56 0.59
Normal 0.7 0.75 0.72
Spondylolisthe 0.90 0.90 0.90
sis
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M Precision H Recall F1 Score

Figure 4.3: Precision, Recall, F1-Score (Logistic Regression).

H Precision M Recall F1-Score

Figure 4.4: Precision, Recall, F1-Score (Decision Tree)
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Table 4.3: Confusion Matrix (KNN)

Predicted
Hernia Normal  |Spondylolisthesis

= Hernia 9 8 1

1":) Normal 6 16 2

< Spondylolisthesis 1 2 48

Table 4.4: Precision, Recall, F1-Score (KNN)
Precision Recall F1-Score

Hernia 0.58 0.52 0.55
Normal 0.64 0.69 0.66
Spondylolisthesis 0.92 0.92 0.92

M Precision M Recall

F1-Score
Figure 4.5: Precision, Recall, F1-Score (KNN)
As the machine learning algorithm is applied to medical data, errors in predicting all classes is

equally important. The accuracy metric is therefore a useful indicator. The accuracy score of all

the three, machine learning algorithm applied here to the data under study is as shown in table
4.6.
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Table 4.5. Accuracy Score

Sr.on Model Accuracy Score
1 Logistic Regression 0.83
2 Decision Tree 0.77
3 KNN 0.79
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5. CONCLUSION

Machine learning algorithms-logistic regression, decision tree and K-NN is used to train data
captured on biochemical features of orthopedic patients to the classify it into three classes-hernia,
normal or spondylolisthesis. Scaling of data is done using standardization before exposing it to
machine learning algorithms. The data is split to train and test data in the ratio of 70:30.
Confusion matrix and indicators-precision, recall, Fl-score and accuracy are computed to
measure performance of each of the three algorithms. Logistic regression uses parametric
approach whereas decision tree and KNN uses non-parametric approach. There are total six
features and all have continuous data, there are no categorical data in the feature vector and
therefore we observe here, comparatively, decision tree therefore is not found suited for
classification of this dataset. Also from the Radviz plot the preliminary insight gained is that the
clusters are in close vicinity and therefore classification using K-NN has also comparatively not
much accuracy to that of logistic regression. Thus, it is observed here that for the dataset the
accuracy score of logistic regression is comparatively better than the decision tree and K-NN
algorithm. Thus, it is concluded that performance of machine learning algorithm depends on the

characteristic of the data.
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