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ABSTRACT 

 

INTEGRATION OF MACHINE LEARNING AND DEEP LEARNING 

METHODS FOR THE ENHANCEMENT OF RHEUMATOID ARTHRITIS 

DIAGNOSIS 

 

ÜRETEN, Kemal 

PhD in Computer Science and Engineering 

 

Supervisor: Prof. Dr. H. Hakan MARAŞ 

January 2024, 74 pages 

 

In this study to classify normal and Rheumatoid arthritis hand radiographs, 

convolutional neural networks were used as object detectors and feature extractors. 

After pre-processing with YOLOv4, classification was performed with the pre-

trained VGG-16 model. Accuracy, sensitivity, specificity, precision, F1 score, area 

under the curve (AUC), and Cohen's kappa performance results of 90.5%, 96.0%, 

85.7%, 85.7%, 90.5%, 0.94, and 0.81 were obtained, respectively. Feature extraction 

was performed with VGG-16 model, and with this extracted features dataset, a 0.9% 

improvement in accuracy was achieved with the stacking method. Two novel 

contributions were made to the literature as a result of work performed in this thesis. 

First, segmental search property was added to the majority voting classifier, 

providing a 1% improvement in accuracy compared to VGG-16. Second, ANOVA 

and variance threshold methods were applied to the dataset for feature selection, and 

the machine learning classifier was inserted into the ANOVA algorithm to find the 

optimum number of features. The optimal feature set was searched iteratively. With 

this proposed ANOVA and variance threshold feature selection methods, a 2-5% 

improvement in performance metrics was achieved with Random Forest, Logistic 

Regression and Support Vector Machines algorithms. Training time was shortened 

with both proposed methods.
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ÖZET 

 

ROMATOİD ARTRİT TANISININ İYİLEŞTİRİLMESİ İÇİN MAKİNE 

ÖĞRENMESİ VE DERİN ÖĞRENME YÖNTEMLERİNİN 

ENTEGRASYONU 

 

ÜRETEN, Kemal 

Bilgisayar Bilimleri ve Mühendisliği Doktora 

 

Danışman: Prof. Dr. H. Hakan MARAŞ 

Ocak 2024, 74 sayfa 

 

Normal el radyografileri ve Romatoid artritli el radyografilerini 

sınıflandırmak için yapılan bu çalışmada CNN'ler nesne dedektörü ve özellik çıkarıcı 

olarak kullanıldı. YOLOv4 ile ön işlem sonrası önceden eğitilmiş VGG-16 modeli ile 

sınıflandırma yapıldı. Doğruluk, duyarlılık, özgüllük, kesinlik, F1 score, area under 

the curve (AUC) ve Cohen's kappa performans metriklerinde sırasıyla %90.5, %96.0, 

%85.7, %85.7, %90.5, 0.94 ve 0.81 sonuçları elde edildi. VGG-16 modeli ile özellik 

çıkarımı yapıldı ve bu veri seti ile topluluk öğrenme algoritmalarından stacking 

yöntemi ile doğruluk sonucunda  % 0.9'luk bir iyileşme oldu.  Performansı 

iyileştirmek için yapılan çalışmalar sonucunda literatüre iki yeni katkı sağlandı. Önce 

majority voting sınıflandırıcısına segmental arama özelliği eklendi ve önerilen bu 

majority voting modeliyle VGG-16'ya göre % 1 doğruluk artışı elde edildi. İkinci 

olarak verisetine filtre özellik seçim yöntemlerinden ANOVA ve varyans eşik 

yöntemleri birlikte uygulandı ve optimum özellik sayısını bulmak için makine 

öğrenmesi sınıflandırıcısı ANOVA algoritması içine yerleştirildi. Optimum özellik 

seti yinelemeli olarak arandı. Önerilen bu ANOVA ve varyans eşik yöntemiyle 

Rastgele Orman, Lojistik Regresyon ve Destek Vektör Makineleri algoritmaları ile 

performans metriklerinde %2-5 oranında iyileşme sağlandı.  Önerilen her iki 

yöntemle de eğitim süresi kısaldı.
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CHAPTER I 

INTRODUCTION 

 

1.1 STUDY SUBJECT 

Rheumatoid arthritis (RA) is a long-lasting, serious, autoinflammatory 

disease that especially affects the synovial joints, presenting with joint pain, 

swelling, tenderness, and limitation of movement. RA is 2-3 times more common in 

women. Environmental and genetic factors are responsible for the etiology of RA. 

The disease can lead to joint deformities and permanent disability in the late stages 

of the disease [1,2]. 

RA characteristically affects the joints symmetrically, usually and primarily 

affecting the small joints of the hands and feet. Metacarpophalangeal joints, proximal 

interphalangeal (PIF) joints of the hands, and wrists are primarily and frequently 

involved in the hands. Similarly, metatarsophalangeal joints and, (PIF) joints of the 

feet are frequently affected. Knee, shoulder, hip, and elbow joints may also be 

involved over time. Morning stiffness with pain, swelling, and tenderness in the 

involved joints is a significant complaint [3,4]. Early recognition and treatment of 

RA are important to prevent joint damage and disability. RA treatment includes anti-

rheumatic drugs, physical therapy modalities, and lifestyle changes [5,6]. The 

patient's complaint, the style of the involved joints, blood laboratory tests, and 

imaging methods are used for diagnosis. Imaging techniques used in the evaluation 

of RA include radiographs, ultrasound imaging, and magnetic resonance imaging 

(MRI) [1]. 

X-rays are the most commonly used imaging method in the diagnosis and 

follow-up of RA due to their widespread availability and low cost. In the early stages 

of RA, periarticular soft tissue edema, juxta-articular osteopenia, and joint space 

narrowing are often seen on plain radiographs. As the disease progresses, marginal 

erosions of the bones around the joints and subluxations (partial dislocation) may 

appear in the late stages. With ultrasonography, synovial thickening, hyperemia, and 

fluid accumulation in the joint are detected in the early period [7]. With MRI, early 
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inflammatory changes, synovitis and bone marrow edema can be detected in the 

early period, cartilage and bone erosions, and tenosynovitis can be shown [8]. 

Imaging findings in RA may vary depending on the stage and severity of the 

disease. X-ray imaging has many advantages in the diagnosis and follow-up of RA; 

1. Early detection of periarticular soft tissue edema, joint space narrowing, and 

marginal erosions by X-rays allows timely treatment to prevent further joint 

destruction. 

2. X-rays are widely available and cost less than other advanced imaging modalities 

such as MRI or computed tomography (CT). This makes them more accessible for 

routine monitoring and follow-up of RA patients. 

3. Plain radiographs provide useful information to determine treatment response, 

evaluate the course of the disease, and reveal the extent of joint involvement. 

4. The initial X-ray taken at the onset of the disease can provide a basis for future 

comparisons and help determine disease progression or stability over time. 

5. X-rays can be easily stored in Hospitals' Picture Archiving and Communication 

Systems (PACS) and thus easily shared between healthcare providers [1,4]. 

In the early stages of RA, joint damage and radiographic changes may not be 

revealed by X-rays. At this early stage, other imaging modalities such as ultrasound 

and MRI may be more sensitive in detecting early signs of inflammation. Therefore, 

a combination of clinical evaluation and laboratory tests as well as imaging 

techniques are often used for accurate diagnosis and monitoring of RA [1]. 

In RA, "baseline for future comparison" refers to the initial imaging study 

(e.g., X-ray) taken at diagnosis or the start of treatment. This initial image serves as a 

reference point against which subsequent imaging studies are compared over time. 

1. Initial Imaging: When a patient is diagnosed with RA or begins treatment, X-rays 

of the affected joints are taken to assess the baseline condition of the joints and for 

future comparison. 

2. Subsequent Follow-up and Comparison: New radiographs are taken while the 

patient is under treatment. The follow-up X-rays are then compared to the baseline 

X-ray. Changes in joint structures over time can be evaluated. Thus, the course of 

RA and the effectiveness of the treatment are monitored [6,9,10]. 

The quality of ultrasound images is affected by factors such as the skill and 

experience of the person performing the procedure, the type of ultrasound machine 
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used, patient characteristics (e.g., body composition), and the location of the joint 

being imaged. The advantages of X-rays over ultrasound are as follows; 

1. The penetration of X-rays is good, which makes it possible to visualize deeper 

structures even in obese patients. 

2. With X-rays, bone structures are better visualized, ideal for evaluating bone 

erosions and joint space narrowing. 

3. X-rays can provide comprehensive imaging of multiple joints at the same time, 

4. X-ray imaging protocols are well-structured and standardized. This standardization 

makes it easy to compare images taken at different times and from different patients. 

X-ray is considered the gold-standard imaging method in the diagnosis, follow-up, 

and monitoring of RA [4]. 

Artificial neural networks are a type of machine learning method inspired by 

the function and structure of the human brain. It consists of interconnected layers of 

"neurons" that process and transmit information. Neural networks have an input 

layer, a hidden layer, and an output layer [11,12]. There are many neurons in the 

hidden layer of Convolutional Neural Networks (CNN), which are designed with 

inspiration from the human visual cortex. A CNN hidden layer has multiple 

convolution layers, pooling layers, and finally fully connected layers. The task of the 

convolution layer is to find the local features of the input images at different 

locations and to generate feature maps. The pooling layer following the convolution 

layer acts as subsampling the feature maps of the previous convolution layer. In the 

CNN architecture, after the convolution layer, there is a non-linear activation 

function such as a rectified linear unit (ReLU) to generate the activation map or 

feature map. CNN is a deep learning network with a feed-forward multilayer 

hierarchical neural network structure. CNNs use a mathematical process called 

convolution, which allows features to be extracted from an image through filters 

called kernels [13,14]. 

CNNs are very successful at tasks such as image classification, feature 

extraction, object detection, and natural language processing (NLP). A large number 

of labeled data is needed for CNN training from scratch. If there are not enough 

labeled image data for training, the transfer learning method can be applied. Rather 

than starting a new model from scratch and training it on a large dataset, transfer 

learning allows to use of knowledge and representations learned from a previously 

trained model and applying it to a new task. Imagenet has more than 14 million 
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images belonging to more than 20.000 categories. A model trained on large-scale 

datasets such as ImageNet has learned general properties such as edges, textures, and 

shapes that can be applied to a variety of related tasks. By using pre-trained models 

as a starting point, it can save significant computational resources and training time. 

Nowadays, many pre-trained network models such as AlexNet [15], GoogLeNet 

[16], VGG [17], ResNet [18], EfficientNet [19], MobileNet [20], and DenseNet [21] 

can be used for transfer learning. 

To perform image classification, features representing relevant data (feature 

extraction) must be given to the CNN. The convolution layer applies various filters 

to the images and performs feature extraction automatically. Figure 1 shows the 

CNN structure. Pre-trained networks can be used as feature extractors [22].  With 

this method, 512 features are obtained with the VGG-16 intermediate layer from 

images for image classification. Feature selection is the process of reducing the 

number of input variables, identifying relevant features, and removing redundant and 

irrelevant features while developing a model. This reduces the computational cost of 

the model, reduces the training time, and in some cases, improves its accuracy. 

Feature extraction and feature selection are current and popular research areas in the 

field of image classification. Feature selection methods are classified under three 

groups; filter, wrapped and embedded methods. Each method has advantages and 

disadvantages [23]. 

 

 
Figure 1: CNN structure illustration 

 

1.2 OBJECTIVES 

This study aimed to develop a machine learning model to detect RA from 

hand X-rays and to classify normal and RA hand radiographs. To improve the 

performance of the models, studies have been carried out with feature extraction, 
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feature selection methods, machine learning algorithms and ensemble learning 

methods. The YOLOv4 algorithm, which is a popular technique for object detection, 

was used to remove unnecessary areas on hand X-rays. After cropping the X-rays 

with the object detector obtained with the YOLOv4 algorithm, normal and RA hand 

X-rays were classified using the pre-trained VGG-16 model. Feature extraction was 

performed with the pre-trained VGG-16 network. The majority voting algorithm is a 

simple yet powerful technique in machine learning that has improved accuracy. It is 

compatible with various machine learning models and algorithms such as DT, RF, 

SVM, k-NN, and LR. Successful performance improvement results were achieved 

with majority voting in the medical area. In this study, an attempt was made to 

improve performance by adding segmental search property to the majority voting 

algorithm. ANOVA is a filter feature selection method and uses statistical methods. 

It is applied if the input variable is numeric and the output is categorical. With 

variance threshold, low-variance features that do not contribute to classification are 

eliminated. For this reason, ANOVA and variance threshold were used as filter 

feature selection methods. The performance of our proposed segmental search 

majority voting classifier and ANOVA+variance threshold feature selection method 

was evaluated in the classification of normal and RA hand X-rays. The performance 

of the developed models was evaluated with accuracy, sensitivity, specificity, 

precision, F1 score, AUC and Cohen's kappa performance metrics. 

 

1.3 ORGANIZATION OF THE THESIS 

The introduction chapter presents brief knowledge about RA and the purpose 

of the study. The background study chapter includes information about object 

detection, machine learning, ensemble learning, feature extraction, feature selection, 

dimensionality reduction, and a summary of feature selection studies on medical 

images. The materials and methods chapter provides information about the dataset, 

proposed models, and statistical analysis. In the results chapter, the performance 

metrics results, confusion matrices, and ROC curve images obtained in the study are 

given. In the discussion and conclusion chapter, the study results are summarized and 

the proposed methods are highlighted. 
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CHAPTER II 

BACKGROUND STUDY 

  

2.1 OBJECT DETECTION 

CNNs are used in many tasks such as image classification, feature extraction, 

object detection, object tracking, and natural language processing. Some of the CNN 

structures used in object detection are Region Based CNN (R-CNN), Fast R-CNN, 

Faster R-CNN, Single Shot Detector (SSD) and You Only Look Once (YOLO) series 

algorithms [24–26].  

Object detectors are divided into two classes: two-stage and single-stage 

object detectors. Object detector performance is measured by detection accuracy and 

inference time. In two-stage object detectors, the first stage creates Regions of 

Interest (ROI) and the second stage predicts bounding boxes to the proposed regions. 

The detection accuracy of two-stage object detectors is better than that of single-

stage object detectors. Single-stage detectors have a faster inference time. These 

algorithms identify objects and their locations with the help of bounding boxes by 

looking at the image only once (YOLO). YOLO can identify multiple objects in 

images in real time. The whole image is sent to a single CNN. This CNN predicts 

multiple bounding boxes on the image with different probabilities. YOLO splits the 

input image into non-overlapping (S x S) grid cells. Each grid cell estimates the 

bounding box probability and conditional class probabilities of an object in the 

underlying grid. The confidence score indicates whether there are any objects in the 

bounding boxes. Intersection over union (IoU) is calculated with predicted and base 

true bounding boxes [24,27–29].  

 

intersection over union (IoU) =  
Area of Overlap

Area of Union
 

 

 

(2.1) 

confidence score = Pr(Object) x IoUpredicted
ground truth

 (2.2) 
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YOLO is small in size and computational speed is fast. It turns the target 

detection problem into a regression problem. The grid where the center point of the 

object is located should find its class, height, and width of that object and draw a 

bounding box around that object. YOLO estimates more than one bounding box per 

grid cell, but the best bounding box is chosen with the help of an algorithm known as 

non-maximum suppression [30,31].  

The network architecture typically follows the Darknet architecture, which 

consists of multiple convolution and pooling layers. The last layer predicts bounding 

boxes and class probabilities for each grid cell. YOLOv4 has demonstrated superior 

performance compared to previous iterations, surpassing other popular object 

detection algorithms in terms of both accuracy and speed [32]. YOLO achieves a 

high degree of localization accuracy and generalization across different object 

categories. The YOLOv4 algorithm demonstrates the progress achieved in the field 

of object detection and has received significant attention since its release [33]. 

 

2.2 MACHINE LEARNING 

Machine learning is one of the subfields of artificial intelligence based on the 

principle that a system learns from existing data without requiring explicit 

programming. In machine learning, data is analyzed to make predictions [34–36]. 

Machine learning focuses on developing algorithms and models that can learn 

automatically from data, and make predictions or decisions. It has gained immense 

popularity and success in various domains, such as computer vision, NLP, 

recommendation systems, and healthcare. Machine learning algorithms learn from 

existing data and extract patterns, relationships, and insights to make accurate 

predictions or classifications on new, unseen data [35,37].  

In machine learning, supervised learning, unsupervised learning, and 

reinforcement learning methods are used. In supervised learning, labeled data is 

used, it is aimed to create a model that best predicts the relationship between input 

and output, given a data sample and desired outputs.  In unsupervised learning, 

unlabeled data is used to cluster the data and determine the relationships between the 

data. Frequently used and popular machine learning algorithms in classification and 

regression tasks are Logistic Regression (LR), k-NN algorithm, Decision Tree, SVM, 

RF, and Neural Networks algorithms [37,38]. 
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2.2.1 Decision Trees 

The decision tree (DT) algorithm is a popular and widely used supervised 

machine learning technique for classification and regression. DT creates a tree-like 

model that makes predictions or decisions by following a set of rules based on input 

properties. The DT model consists of roots, nodes, branches, and leaves. The DT 

algorithm aims to create homogeneous subsets concerning the target variable, 

choosing the best feature to split the data at each step using a measure of impurity or 

information gain. One commonly used measure is entropy, which measures impurity 

in a set of samples. Another metric is the Gini index, which measures the probability 

of misclassification of a randomly selected sample from the cluster. The purpose is to 

find the feature that maximizes the separation of classes or minimizes impurity in 

each partition. Once a feature is selected for splitting, the DT algorithm creates a 

node in the tree that represents that feature. Each branch emerging from the node 

corresponds to a possible value of the property. The algorithm then applies the same 

splitting process to subsets of data associated with each branch, creating child nodes 

(Figure 2) [39–43]. 

 

 

Figure 2: Decision Tree chart. 

 

The DT can be applied to both numerical and categorical variables. However, 

DTs can be prone to overfitting, especially when the tree becomes too deep or the 

data contains noise or outliers. Techniques such as pruning, limiting the tree depth, 

or using ensemble methods like RFs can mitigate overfitting and improve 

generalization performance. There are many algorithms under the DT classifier. The 

most commonly used of these algorithms are ID3, C4.5, and CART algorithms. DT 

has been extensively studied and has inspired numerous extensions and variations in 



9 

 

the field of machine learning, making it a fundamental tool for data analysis and 

prediction [44].  

 

2.2.2 k-Nearest Neighbor Algorithm  

k-Nearest Neighbor (k-NN) algorithm is a classification algorithm. It works 

based on the principle that similar data points belong to the same class (Figure 3). 

The k-NN algorithm determines the class or value of an example by looking at its k 

in the training dataset. For classification, a value of k is chosen to determine the 

number of neighbors and a distance metric is chosen. The number of neighbors to 

consider to define the class of a data point is determined by k [45]. The distance 

between the new sample and all samples in the training dataset is calculated. The 

most common distance measure used is the Euclidean distance. The Manhattan 

distance and the Minkowski distance are other frequently used distance measurement 

methods. The distance metric depends on the nature of the data and the problem 

being solved.  If the result is insufficient, the k value and distance measure can be 

changed to improve the model. The success of k-NN depends on three important 

factors; these are the k value, the distance metric used to determine the neighbors, 

and the sample size. Choosing large k values should be taken with care because this 

may cause overfitting [46–49].  

 

 
Figure 3: k-Nearest Neighbor algorithm diagram 

 

2.2.3 Naive Bayes 

Naive Bayes algorithm is a probabilistic classification algorithm based on the 

Bayes theorem. In the Naive Bayes algorithm, it is assumed that a feature belonging 

to a class in the data set is independent of other features. The probability of 
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observing a feature in a class is estimated by counting the occurrences of that feature 

within the samples of the given class and dividing it by the total number of samples 

in that class. This causes the algorithm to perform poorly. The Naive Bayes 

algorithm is fast and easy to implement compared to other algorithms and is more 

resistant to overfitting  [50–52]. 

 

𝑃(𝐴|𝐵) =
P(B|A) ∗ 𝑃(𝐴)

𝑃(𝐵)
 

 

(2.3) 

 

 

P(A|B) means posterior probability, P(B|A) means likelihood, P(A) means prior 

probability, and P(B)  means evidence. 

 

2.2.4 Logistic Regression 

Logistic Regression (LR) presents the relationship between multiple 

independent variables and a categorical dependent variable with a curve(Figure 4). 

Independent variables can be categorical variables or continuous variables, but the 

dependent variable must be categorical. LR usually uses the sigmoid function and 

finds the optimal parameters with this function. In LR, the relationship between 

features and the probability of belonging to a particular class is modeled using the 

sigmoid function. The logistic function maps any real-valued number to a value 

between 0 and 1. The performance of LR in large-scale applications is slow [53–55].  

 

 
Figure 4: The Logistic Regression diagram. 
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2.2.5 Support Vector Machines 

Support Vector Machines (SVM) are used for both classification and 

regression tasks. SVM is a supervised learning algorithm. It is particularly successful 

in solving binary classification problems, but can also be used in multi-class 

classification tasks. The goal of SVM is to find the optimal hyperplane that 

maximally separates the classes. A hyperplane is a decision boundary that separates 

examples into different classes based on their feature values. SVM attempts to find 

the hyperplane that not only separates classes but also preserves the maximum 

margin between the closest examples of each class. These samples closest to the 

decision boundary are called support vectors (Figure 5) [56–58].  

SVM has many advantages such as the ability to handle high dimensional 

data, robustness against overfitting, and efficiency even with a small amount of 

training data. It is used in various fields such as image classification, text 

classification, bioinformatics and finance. 

 

Figure 5: General illustration of SVM structure [56]. 

 

2.3 ENSEMBLE LEARNING  

Ensemble learning is a machine learning technique that allows building a 

model with multiple learners instead of training the model with a single learner. With 

ensemble learning, it is aimed that the models make more accurate decisions 

together. Ensemble learning is a powerful technique to improving the performance 

and robustness of machine learning models by combining multiple individual 

models. The ensemble learning method is an algorithm that combines several base 

models to produce an optimal predictive model. By leveraging the diversity and 

collective intelligence of the ensemble, it can provide more accurate and reliable 

predictions for complex tasks. It helps to reduce overfitting. Ensemble learning can 
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be applied to both classification and regression tasks. Ensemble learning algorithms 

are classified under 3 groups; bagging, boosting, and stacking (Figure 6) [59–61].  

 

 

Figure 6: Ensemble learning methods. 

 

2.3.1 Bagging  

Bagging method, short for Bootstrap Aggregating, is an effective technique 

used to solve classification and regression problems in machine learning. Bagging is 

an ensemble learning algorithm that combines multiple base learners to create an 

accurate and robust model. The RF algorithm is an example of bagging.  In the 

bagging technique, random samples are selected from the labeled training set, and 

the models are trained on each sub-dataset. Bagging aims to reduce the variance and 

improve the stability of the predictions by training each base learner on different 

subsets of the training data, generated through bootstrapping. The predictions of the 

base learners are combined to produce the final prediction by averaging for 

regression or voting for classification. Bagging is successful in reducing overfitting, 

increasing prediction accuracy, and improving the stability of the model [19,62–65]. 

 

2.3.2 Boosting  

Boosting is an ensemble learning algorithm that combines multiple weak base 

learners to create an accurate and strong model. Unlike bagging, where the base 

learners are trained independently, boosting trains the base learners sequentially. 

Initially, all observations have equal weights. First, an equal weight value is assigned 

to each sample in the randomly selected small training data set. After the first model 

is trained, the weight value is increased for the samples that the model predicts 

incorrectly in the training dataset, while the weight values are decreased for the 

samples that it predicts correctly. In this way, multiple models are created, each 

correcting the errors of the previous model. The final model is the weighted average 
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of all models. The strengths of each algorithm are exploited and the weaknesses are 

compensated. Boosting helps to avoid the problem of underfitting by reducing the 

bias of the model. AdaBoost, Gradient Boosting, and XGBoost are examples of 

boosting algorithms [66,67].  

 

2.3.3 Stacking 

Stacking is a technique frequently used in the fields of ensemble learning and 

machine learning. This method is ideal for solving complex problems and allows 

different types of models to be combined to create customized solutions. Stacking 

produces a higher-performing prediction using predictions of various types of models 

as inputs for the meta-learner. Each model in the ensemble complements each other 

and the output of the next model is used as the input of the previous model. Thus, 

models can produce more accurate results by working in interaction with each other. 

Stacking ensemble learning is particularly useful when working with large datasets 

and can be used to reduce noise and get accurate results. This technique reduces the 

bias and variance of the model, helping to prevent overfitting and underfitting 

problems [68–70].  

 

2.3.4 Majority Voting 

The majority voting algorithm ensures accurate predictions as decisions are made 

through the collaboration of multiple models. Predictions from multiple models are 

combined. Different machine learning models such as DT, SVM, k-NN, RF or LR 

are trained on the same dataset, and the predictions of these models are combined. 

Each model votes on the outcome and the final prediction is determined by the 

majority decision. The majority voting algorithm is a simple but powerful technique 

in machine learning, used in many fields due to its improved accuracy. It is flexible 

and compatible with a variety of machine learning models and algorithms [71]. The 

majority voting algorithms can be used in the medical field, the finance industry, the 

field of image classification, NLP and the detection of fraud activities [72,73]. 

 

2.4 FEATURE EXTRACTION  

Images consist of pixels, which are the smallest units representing color or 

intensity values. Features are distinctive patterns or characteristics derived from the 

pixel values in an image. Extracting and analyzing these features is a fundamental 
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step in computer vision tasks, enabling machines to understand and interpret visual 

information. By analyzing the patterns and relationships among pixels, we can extract 

useful information and derive higher-level features from images. Features can be 

local, describing specific regions or objects within an image, or global, representing 

the overall properties of the entire image. Feature extraction involves analyzing the 

pixel values in an image to identify meaningful patterns. Once features are extracted 

from an image, they can be further processed, combined, or used as input for machine 

learning models to perform tasks like image classification, object detection, or image 

retrieval. Feature extraction from images is to obtain the image data as quantitative 

data in accordance with the structure of machine learning algorithms. Feature 

extraction is the process of extracting features such as edges, shapes, textures, and 

colors, which are used to describe the content of the image. Feature extraction 

techniques can be categorized into two main types; handcrafted features and 

automatic features learned by deep learning models. There are many algorithms that 

perform handcrafted feature extraction, such as HOG, SURF, LBP, SIFT, and GLCM.  

[74]. The major difference between CNNs and traditional machine learning methods 

is that CNNs directly extract image features without the need for manual feature 

extraction. CNN is very successful in feature extraction. The main reason why CNN 

is considered the best feature extractor is that CNN can get more features than other 

methods, capture higher quality and powerful features, and improve accuracy in less 

time. In CNN, feature extraction is done through the convolution layer. CNNs can be 

used as feature extractors (Figure 7) [75,76]. 

 

 

Figure 7: Traditional machine learning and deep learning methods flowchart 
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2.5 FEATURE SELECTION  

Feature selection reduces the number of features in a dataset. Feature 

selection does not create new features, but rather aims to rank existing features in the 

dataset by importance and discard less important ones. Irrelevant features do not 

provide useful information. Redundant features are features that do not provide more 

information than the currently selected features. With feature selection, the size of 

the dataset is reduced, irrelevant or unnecessary features are removed, thus 

improving the performance of the learning algorithm. Feature selection helps reduce 

noise, overfitting, and bias in the model, leading to improved prediction accuracy. 

Reducing the number of features can reduce the computation time required to train 

and make predictions and make the learning process more efficient. Feature selection 

methods are grouped under 3 main groups: filter, wrapper, and embedded methods. 

The filter method uses statistical tools and thus provides fast results. Wrapper 

methods use machine learning algorithms and relate to the classifier at each stage. In 

embedded methods, machine learning algorithms and feature selection methods work 

together and also establish a relationship with the classifier at each stage (Figure 8) 

[23,77,78].  

 

 

Figure 8: Feature selection methods diagram. 

 

2.5.1 Feature Selection Techniques 

Filter feature selection methods use statistical measures to rank features based 

on their correlation with the target variable. Filter method algorithms work fast, are 

less complex, and are more explainable than embedded and wrapped methods. 

Examples of filter methods include Pearson Correlation Coefficient, Analysis of 

Variance (ANOVA), information gain, mutual information and chi-square test 

[79,80].  
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Pearson's Correlation method measures the linear correlation between each 

feature and the target variable. It calculates the Pearson correlation coefficient, which 

ranges from -1 to 1. The chi-square test is used for feature selection when the target 

variable is categorical and the features are categorical [81]. 

ANOVA is a popular statistical method commonly used for feature selection 

in situations where the target variable is categorical and the features are continuous 

or categorical.  ANOVA calculates two types of variability: between-group 

variability and within-group variability. The between-group variability measures how 

much the target variable varies between different groups. The within-group 

variability measures how much the target variable varies within each group. The F-

statistic is calculated by dividing the between-group variability by the within-group 

variability.  

 

F =
𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑠𝑎𝑚𝑝𝑙𝑒𝑠

𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑤𝑖𝑡ℎ𝑖𝑛 𝑠𝑎𝑚𝑝𝑙𝑒𝑠
 (2.4) 

 

It represents the ratio of the explained variation between groups to the 

unexplained variation within groups. The F-statistic is compared against a critical 

value or threshold to determine the significance of the feature. If the input data is 

numerical and the target variable is categorical, the two most frequently used feature 

selection methods for classification are the ANOVA f-test statistic and the mutual 

information statistic [81,82]. Feature selection is performed according to the input 

and output variable properties [83]. Figure 9 shows the feature selection methods 

choosing diagram.  
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Figure 9: Choosing a feature selection method for machine learning [83]. 

 

Variance Threshold, another filter feature selection method, removes all 

features whose variance is below a certain threshold. It is based on the assumption 

that features that do not vary much within themselves have low predictive power. By 

default, it only removes features with zero variance [84]. 

Relief algorithm is an algorithm that uses the filter method in feature 

selection. The relief algorithm is designed for application to binary classification 

problems. It calculates a feature score for each feature and this score can then be 

applied to sort and select the features with the highest score for feature selection [85]. 

In wrapper methods, the feature selection process is embedded within the 

learning algorithm itself. In this method, the best subset creation and selection 

technique is more successful than filtering methods; however, it is slower and more 

computationally expensive. It involves evaluating different subsets of features by 

training and testing the model iteratively. Examples include recursive feature 

elimination, forward selection, and backward elimination. Wrapper methods can 

potentially lead to overfitting, especially when the dataset is small or noisy. Wrapper 

feature selection methods try to select the most valuable features by using various 

search algorithms on the features. Ant Colony Optimization (ACO) and Particle 

Swarm Optimization (PSO) algorithms can be given as examples of this method  

[86]. The Boruta feature selection method, built with the RF Classifier algorithm, is 

another wrapper feature selection group algorithm [87]. 

In embedded methods, both feature selection algorithms and classification 

algorithms are used together. They aim to find the best subset of features while 
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simultaneously optimizing the model's performance. Examples include Lasso 

regularization, decision tree-based feature importance, and regularization techniques 

such as Elastic Net. Embedded methods strike a balance between the efficiency of 

filter methods and the performance of wrapper methods. Embedded feature selection 

methods are structures with higher computational costs that include feature selection 

and classification algorithms at the same time. For example, machine learning 

algorithms such as Lasso and RF have feature selection algorithms suitable for their 

structure [23,88]. 

 

2.6 DIMENSIONALITY REDUCTION  

In machine learning, high-dimensional data contains a large number of 

features or variables. As the number of features increases, the complexity of the 

model increases, which can lead to the emergence of overfitting. The Curse of 

Dimensionality is that the performance of the model decreases as the number of 

features increases. Dimensionality reduction can improve generalization performance 

by reducing the complexity of the model. The dimensionality reduction is the process 

of transforming high-dimensional data into a lower-dimensional field that still retains 

the essence of the original data. The dimensionality reduction process can be 

performed with Principal Component Analysis (PCA), Linear Discriminant Analysis 

(LDA), and Singular Value Decomposition (SVD) techniques as well as feature 

selection methods [80]. 

 

2.7 RELATED WORKS 

Atallah R and Al-Mousa A, (2023) used the Cleveland dataset in their study 

for heart disease detection. They achieved 88% accuracy with the Stochastic 

Gradient Descent (SGD) classifier, 87% accuracy with the k-NN classifier, 87% 

accuracy with the RF classifier, and 87% accuracy with the LR classifier. The 

majority voting ensemble method accuracy result was 90% [89]. 

Karadeniz T et al, (2023) used Statlog, and Spectf datasets in their study for 

heart disease detection. They achieved better performance than ANN, SVM and 

Naive Bayes algorithms with two self-developed algorithms based on the majority 

voting algorithm. With different base estimators, they obtained 88% and 83% 

accuracy results with the Spectf dataset, and 88% and 87% accuracy results with the 

Statlog dataset [90]. 
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Benyahia et al. (2022), in their study with ISIC 2019 and PH2 datasets for the 

classification of skin lesions, performed feature extraction with 17 pre-trained CNN 

networks, made classification with 24 machine learning algorithms and compared the 

performances of the models. In this study, feature extraction was made from 

intermediate layer activations. For the ISIC 2019 dataset, it was observed that 

DenseNet-201 together with k-NN and SVM performed better in terms of 

classification accuracy (92.34% vs 91.71%) [75]. 

Mehedi Masud et al. (2021) analyzed the chest radiographs and made a three-

class classification to investigate the presence of pneumonia and its type (bacterial or 

viral). 70% of the dataset (4.974 samples) was used for training and 30% (2.132 

samples) for testing. After using an augmentation technique, general characteristics 

as well as statistical properties of the lung X-ray images were extracted with a deep 

learning method. Then, both extracted feature groups were combined and feature 

selection was made by genetic algorithm. The final classification was performed 

using the RF classifier. This model can classify samples of the dataset with 86.30% 

accuracy and 86.03% F1 score, indicating the efficiency and reliability of the model 

[91]. 

Khanh Ho, T. K., and Gwak, J. (2019)  studied a total of 112.120 chest 

radiographs in their study to classify 14 thorax pathologies. They used a 

classification approach that combines four hand-crafted features, HOG,  SIFT, GIST, 

and LBP with deep features obtained with CNN. Training was performed with pre-

trained DenseNet-121, 70% of the data was used for training, 10% for validation, and 

20% for testing. With the feature integration approach, 84.62% classification 

accuracy was achieved, which is higher than the 80.97% accuracy of the DenseNet-

121 model [74]. 

Shrivastava P et al. (2021), in their study to diagnose COVID-19, first 

combined chest CT and chest X-ray images of patients. The authors first performed 

classification with pre-trained ResNet-50, InceptionV4, and EfficientNetB0 networks 

on the combined dataset. These network performances were found to be compatible 

with each other. They obtained performance results of accuracy of 97.47%, 

sensitivity of 98.18%, specificity of 96.6%, and AUC of 95.36% with the Maximum 

Voting (ensemble learning) method. The Max Voting model achieved ~0.1% 

improvement in sensitivity, ~0.14% in specificity, and ~0.88% in accuracy compared 

to pre-trained individual models [92]. 
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Sozan MA and Ramadhan JM (2022) classified knee osteoarthritis using knee 

X-ray images. Knee OA is classified into 5 groups according to the Kellgren-

Lawrence grading system  [93,94]. They used a pre-trained CNN model for feature 

extraction. They worked on the Osteoarthritis Initiative (OAI) dataset containing 

9.786 knee X-ray images. Firstly, CLAHE was applied during preprocessing to make 

an accurate classification and improve the contrast of the radiographs. 80% of the 

dataset was used for training, 20% for testing, and 10% of the training dataset was 

used for validation. The Principal Component Analysis (PCA) algorithm was applied 

to obtain the most distinctive feature set. Then the SVM algorithm was used for 

classification. In addition to the Kellgren-Lawrence grading system, classification 

studies were carried out by grouping the data set in different ways. The accuracy was 

62% with the 5-class classification, 87% with the 3-class classification, and 90.8% 

with the 2-class classification [95]. 

Hamid Nasiri H and Alavi SA. (2022), in their study to diagnose COVID-19, 

feature extraction from chest X-rays was performed with DenseNet169. Feature 

selection was performed by analysis of variance (ANOVA) to improve accuracy and 

reduce time and computations. ANOVA is a statistical approach that ranks features 

by calculating variances within and between dataset groups. The classification was 

performed with the XGBoost classifier. ANOVA selected 67 features out of 1664 for 

classification. This study achieved 98.72% accuracy in two-class classification 

(COVID-19, No Symptoms) and 92% accuracy in multi-class classification 

(COVID-19, Pneumonia, and No Symptoms). With their method, precision, recall 

and specificity rates of 99.21%, 93.33% and 100%, respectively, were obtained for 

two-class classification, and 94.07% precision, 88.46% recall and 100% specificity 

results were obtained for multi-class classification [82]. 

Prakash JA et al. (2023) used chest X-ray images in their study for 

pneumonia classification in children. They used the pre-trained Xception model for 

feature extraction. Extracted features were submitted to PCA for dimensionality 

reduction. In the first stage, the RF classifier, k-NN, LR, XGB classifier, SVM 

classifier, Nu-SVC, and MLP classifier are used. The second stage works on the LR 

algorithm. With the test of the model, 98.3% accuracy, 99.29% precision, 98.36% 

recall, 98.83% F1 score and 98.24% AUC score were obtained [96]. 

Ayaz M et al. (2021) used the Montgomery and Shenzhen datasets to 

diagnose tuberculosis (TB). In this study, handcrafted features extracted through the 
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Gabor filter and deep features extracted through 7 pre-trained deep learning models 

were combined in the ensemble learning method. The ensemble learning classifier 

was the Logistic Regression algorithm. The maximum accuracy achieved with the 

Montgomery dataset is 93.47% and AUC 0.97, and the maximum accuracy achieved 

for the Shenzhen dataset is 90.6% and AUC 0.94 [97]. 

Ureten K and Maraş HH. (2022) worked with 368 RA and 333 normal hand 

images in their study to diagnose RA from plain hand radiographs. During the 

preprocessing, the YOLOv4 algorithm was used to discard the parts of the image that 

were not required for training, such as the patient name, hospital name, and direction 

sign on the radiographs. 40 hand radiographs were used for YOLOv4 model training 

and 10 hand radiographs were used for validation. All X-ray images were cropped 

with this object detector obtained with YOLOv4. 70% of the dataset was used for 

training, 15% for validation, and 15% for testing. In this study, the pre-trained VGG-

16 model was used for transfer learning and the results were successful. In the two-

class classification for distinguishing normal and RA hand X-rays, 90.7% accuracy, 

92.6% sensitivity, 88.7% specificity, 89.3% precision, and 0.97 AUC results were 

obtained. In the two-class classification for distinguishing normal and OA hand X-

rays, 90.8% accuracy, 91.4% sensitivity, 90.2% specificity, 91.4% precision, and 

0.96 AUC results were obtained. In the three-class classification for the distinguish 

of normal, RA, and OA hand radiographs, the accuracy was 80.6% [98]. 

In a recent study by Ma Y et al. (2023), hand radiography images of 7 

hospitals were used, 9.714 hand radiographs were used for training the model, 250 

hand radiographs were used for testing, transfer learning was applied with the 

EfficientNet-B0 CNN, and data augmentation was applied. Testing of the model 

yielded an AUC of 0.975 for arthritis versus non-arthritis. For RA versus non-RA 

hand radiographs, an AUC of 0.955 was obtained with the model. With this model, 

0.806 Cohen’s kappa and 87.2% accuracy were achieved in the test set for three-way 

classification (RA, OA, and Normal) [99]. 

Muzoğlu N et al. (2022) used CT images of 196 patients in their study to 

diagnose COVID-19. First, the pre-trained VGG-16 model using transfer learning 

was applied and 92.34% accuracy was achieved. Then, feature extraction was done 

from the fc8 layer of the pre-trained VGG-16 network, and feature selection was 

performed with the Boruta algorithm. The Boruta algorithm duplicates the existing 

features, and then creates a mixed version of the dataset using newly added features 
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called "shadow features". Unnecessary features are eliminated with the RF classifier. 

As a result of the optimization, it has been determined that 473 of 1000 features are 

useful. These features were classified by SVM and LDA by selecting 200, 300, and 

400 features according to the efficiency order of the 473 features obtained. The 

accuracy was increased to 97.02% after the study with the SVM classifier using the 

300 most valuable features selected with the Boruta selection algorithm [87]. 
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CHAPTER III 

MATERIALS and METHODS 

 

3.1 DATASET   

In this retrospective study, plain hand X-rays of the patients who were 

examined in the rheumatology outpatient clinic of Kırıkkale University Faculty of 

Medicine between January 1, 2012, and March 1, 2021, were used. Ethics committee 

approval was obtained from the local ethics committee for the study. Hand X-rays of 

patients with suspected RA were taken in the postero-anterior position of both hands 

together. These hand X-rays were classified as normal hand radiography, and RA 

hand radiography by 2 Rheumatologists (Abdurrahman Tufan, Medical Faculty of 

Gazi University, Department of Rheumatology and Levent Kılıç, Medical Faculty of 

Hacettepe University, Department of Rheumatology) with over 10 years' experience, 

without being aware of each other. In case of disagreement between the two experts, 

X-ray was excluded from the study. Table 1 shows the properties of the study data. 

Figure 10 shows samples of normal hand and RA hand X-rays. 

Table 1: Study data properties 

 Female Male Total Mean age 

RA hand X-rays 249 119 368 49 

Normal hand X-rays 225 108 333 45 
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Figure 10: Samples of hand X-rays with RA (top), normal hand X-rays (bottom). 

 

3.2 DATA PREPROCESSING 

Some of the hand X-rays used in this study had the patient's name, date, some 

numbers, artifacts, and various directional signs and were of different sizes (width, 

height). Figure 11 shows noisy hand X-ray image samples.  

 

 

 

 

 

 

Figure 11: Noisy hand X-ray image samples. 

 

To eliminate these unnecessary, nuisance areas during preprocessing, both 

hand images had to be cropped from the entire image. The YOLOv4 algorithm was 

used as an object detector to automate the cropping task. 50 radiographs (40 X-rays 

for training, 10 X-rays for validation) were labeled in YOLO format on the online 

MakeSense.AI platform. YOLOv4 uses the pre-trained Darknet53 network. Table 2 

shows the YOLOv4 hyperparameters used in this study. 
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Table 2: YOLOv4 hyperparameters. 

Batch size 16 

Subdivisions 8 

Momentum 0.9 

Learning rate 0.001 

Iteration 2000 

 

At the end of 2000 iterations, the object detector was obtained. With this 

object detector, all images in the data set were automatically cropped with the help of 

a non-maximum suppression algorithm. Figure 12 shows the YOLOv4 training chart. 

The classification task was performed with these cropped images. Figure 13 shows 

the hand radiography images with bounding boxes and a non-maximal suppression 

algorithm applied to this image.  

 

 

Figure 12: YOLOv4 training chart. 

 

 

 

 

 

 

 
Figure 13: The bounding boxes obtained on the hand X-rays 

 

The data set obtained by the cropping process was randomly split into 

training (85%) and test set (15%). The test set was not used during training and 
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validation, 15% of the training set was used for validation, validation set was used 

for parameter optimization. Table 3 shows this splitting. 

 

Table 3: Numbers of training, validation and test images. 

 Training Validation Test Total 

Rheumatoid Arthritis 266 46 56 368 

Normal 240 42 51 333 

 

3.3 IMPLEMENTATION OF THE PROPOSED MAJORITY VOTING 

In the majority voting algorithm, different machine learning classifiers are 

trained on the same dataset, and the final prediction is made by majority decision. 

For each feature, a classification decision is made and the overall class label is 

determined by voting. For each feature, an optimal width of segments is found, and 

these segments are used to classify the input attribute. Assume that, as a toy example, 

the label sequence associated with an attribute is 0000111101011000. This sequence 

can be divided into segments such as 0000|1111|0101|1000 or 00001|11101|01100|0. 

In the first example, the segment size is 4, whereas in the second example segment 

size is 5. Each segment can be thought of as a decision maker and assigned to the 

segment the majority of its labels. For example, in the first segmentation 

0000|1111|0101|1000, decisions from each segment are 0|1|0|0. The overall success 

of segmentation is measured by the total true decisions inferred from it. Here, in the 

first segmentation, the first segment and second segment have an accuracy of 1.0, the 

third segment has an accuracy of 0.5 (since two 1’s are misclassified), and the last 

segment has an accuracy of 0.75 (only 1 is misclassified). The overall segmentation 

has success than in average (1.0 + 1.0 + 0.75 + 0.5)/4 = 0.8125. On the other hand, 

the second segmentation has a success rate (0.8 + 0.8 + 0.6 + 1.0)/4 = 0.8. Thus, it 

can be said that the first segmentation captures the classes more accurately. 

The core idea is to find the optimal segmentation for each feature. min_width, 

max_width and step are the parameters to search for ideal segmentation. The process 

starts with segments of width min_width and goes until max_width by incrementing 

width in steps. The success of each segmentation is measured by the aforementioned 

method. This somehow corresponds to “blurring” the label sequence obtained by a 

feature. After determining for each feature the ideal segmentation, a sample’s 

corresponding attribute is classified by the segment it falls. From each feature, a 
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classification decision is made and the overall class label is determined by the 

majority of the votes. Figure 14 shows some of the methods used in the prediction. 

 

 

Figure 14: Proposed majority voting classifier source code example 

 

3.4 FEATURE SELECTION PREPROCESSING 

ANOVA is a statistical method used to analyze the differences between 

means, it is often used to evaluate the effect of independent variables on the 

dependent variable. ANOVA can be used for feature selection in datasets where the 

independent variables are numerical and the target variable is categorical. The 

SelectKBest function of the scikit-learn library and the F-statistics component 

(f_classif()) are used in this work. ANOVA basically evaluates the correlation 

between the characteristics of the data. Each of the features of the data is ranked 

according to the F-statistics component, and features with higher scores can be 
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selected as the optimal set of components. SelectKBest is used to select the features 

with the best variance, the f_classif() function is used as the scoring metric, and the k 

value represents the number of features. k is chosen by the analyst, and k number of 

features with the best variance are classified with a machine learning classifier. 

Figure 15 shows an example of ANOVA feature selection algorithm source codes. 

 

 

Figure 15: ANOVA feature selection algorithm source codes example. 

 

ANOVA ranks features by calculating variances within and between groups. 

Finding the k parameter by trial and error is tedious and time-consuming. In this 

study, the machine learning classifier was inserted into the ANOVA algorithm to 

find the best k number, and the optimum number of features was searched iteratively. 

Alternatively, all features are first ranked from bigger to smaller according to the F1 

score value. Various methods are applied to find the optimal set of features among 
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these candidate features. Figure 16 shows an example of ANOVA with all feature 

selection algorithm source codes. Figure 17 shows f-scores of these features. 

 

 

Figure 16: ANOVA f-scores source codes example 

 

 

Figure 17: ANOVA f-scores of the features. 

 

Each selected feature does not affect the accuracy positively, the accuracy 

may decrease with the added feature, and it is difficult to decide on the optimal 

number of features. Figure 18 shows how the accuracy changes with the number of 

features selected. 
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x axis shows the number of selected features, y axis shows accuracy 

Figure 18: Accuracy changes with selected features  

 

A large number of features are extracted from images, therefore, feature 

selection becomes more important when working with images. Feature selection 

reduces the risk of overfitting and improves performance by eliminating irrelevant 

features. Furthermore, training time and computational costs are reduced. Statistical 

tests are used to filter feature selection methods. The ANOVA F-value estimates the 

linearity between the input feature and the output feature. The variance threshold 

method eliminates features that are below a predetermined threshold value. 

 

3.5 STUDY ENVIRONMENT 

Google Colab environment was used to train the YOLOv4 algorithm. 

Similarly, the classification process using a pre-trained VGG-16 network was carried 

out on the Google Colab environment. Other preprocessing tasks, machine learning 

applications, and statistical studies were performed on a computer with Intel(R) 

Core(TM) i5-3230M CPU, 2.60 GHz speed, 8 GB RAM, and an internal graphics 

card. Python 3.9 programming language was used. Required libraries were 

implemented and run in Keras and Tensorflow environments. The scikit-learn library 

was used for statistical calculations. The steps followed during this study are given in 

flowchart (Figure 19). 
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Figure 19: Steps followed throughout this study 

 

3.6 TRANSFER LEARNING, DATA AUGMENTATION  

If the number of data is insufficient for CNN training from scratch, transfer 

learning and data augmentation methods are applied to overcome this problem. We 

achieved successful results with VGG-16 in our previous studies [100–102]. For this 

reason, we performed transfer learning with VGG-16 in this study. VGG-16 is a pre-

trained network that classifies 1000 different categories trained on the Imagenet 

dataset. ImageNet dataset images have RGB channels and 224*224 dimensions [17]. 

Hand X-rays used in this study have RGB channels. Therefore, the cropped images 

were resized to 224*224 for training with VGG-16, and the original classifier was 

replaced with a binary classifier. Table 4 shows the VGG-16 hyperparameters used 

in this study. 

In this study, online data augmentation was applied to augment the number of 

training data, using the following parameters: rotation_range 25 degrees, 

zoom_range 0.1 pixels, width_shift_range 0.1 pixels, height_shift_range was set to 

0.1 pixels. Horizontal_flip was applied. As a result of augmentation, 12.682 images 

were obtained. 
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Table 4: VGG-16 hyperparameters used in this study 

optimizer adam 

batch_size 32 

learning_rate 5e-5 

epochs  25 

loss categorical_crossentropy 

 

 

3.7 STATISTICAL ANALYSIS 

The performance of a classification model can be evaluated using confusion 

matrices. A confusion matrix summarizes the performance of a machine learning 

model on test data and shows the number of true positives (TP), true negatives (TN), 

false positives (FP), and false negatives (FN) produced by the model [103]. 

 

Table 5: Confusion matrix diagram 

 

Actual 

Abnormal Normal 

P
re

d
ic

te
d

 

Abnormal TP FP 

Normal FN TN 

 

true positives (TP), an instance that is actually abnormal and predicted as 

abnormal by the model 

true negatives (TN), an instance that is actually normal and predicted as 

normal by the model 

false positives (FP), an instance that is actually normal and predicted as 

abnormal by the model 

false negatives (FN), an instance that is actually abnormal and predicted as 

normal by the model. 

 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

(3.5) 
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𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 (𝑟𝑒𝑐𝑎𝑙𝑙) =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(3.6) 

 

 

𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

(3.7) 

 

 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

(3.8) 

 

 

 

𝐹1 𝑠𝑐𝑜𝑟𝑒 =  
2 ∗ (𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑟𝑒𝑐𝑎𝑙𝑙)

(𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙)
=  

2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 

(3.9) 

 

 

𝑘𝑎𝑝𝑝𝑎 =
𝑃𝑜 − 𝑃𝑒

1 − 𝑃𝑒
=  

2 ∗ (𝑇𝑃 ∗ 𝑇𝑁 − 𝐹𝑁 ∗ 𝐹𝑃)

(𝑇𝑃 + 𝐹𝑃) ∗ (𝐹𝑃 + 𝑇𝑁) + (𝑇𝑃 + 𝐹𝑁) ∗ (𝐹𝑁 + 𝑇𝑁)
 

(3.10) 

 

Po =observed agreement, Pe = expected agreement 

 

A receiver operating characteristic curve (ROC curve) is a curve that shows 

the performance of a classification model across all classification thresholds. This 

curve shows the True Positive Rate (TPR) and the False Positive Rate (FPR); 

TPR is synonymous with recall and sensitivity and is defined as:  

 

𝑇𝑃𝑅 (𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑟𝑒𝑐𝑎𝑙𝑙) =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(3.11) 

 

 

𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

(3.12) 

 

FPR is defined as: 

 

𝐹𝑃𝑅 (1 − 𝑠𝑝𝑒𝑠𝑖𝑓𝑖𝑐𝑖𝑡𝑦) =
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 

(3.13) 
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The ROC curve compares TPR and FPR at different classification thresholds. 

ROC is a probability curve and AUC represents the degree or measure of separability 

(Figure 20). AUC shows the ratio of the area under the curve to the total area. It tells 

how well the model can distinguish the classes. The higher the AUC, the better the 

model is at predicting class 0 as 0 and class 1 as 1. Similarly, the higher the AUC, the 

better the model is at distinguishing between X-rays with and without the disease 

[104].  

 

 

Figure 20: ROC curve diagram 
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CHAPTER IV 

RESULTS 

 

In this study data augmentation and transfer learning methods were applied 

with pre-trained VGG-16 network to classify normal and RA hand X-rays. VGG-16 

model accuracy, sensitivity, specificity, precision, F1 score, area under the curve 

(AUC), and Cohen's kappa results are shown in Table 5. The confusion matrix and 

ROC curve obtained from the VGG-16 network are shown in Figure 21. 

 

Table 6: Performance metric results obtained with the VGG-16 model. 

 Accuracy Sensitivity Specificity Precision 
F1 

score 
AUC 

Cohen’s 

kappa 

VGG-

16 
90.5 96.0 85.7 85.7 90.5 0.94 0.81 

 

 
 

Figure 21: VGG-16 network confusion matrix and ROC curve. 

 

VGG-16 model intermediate layer was used for feature extraction. Bagging 

(Random Forest Classifier), boosting (AdaBoost Classifier), and stacking (Random 

Forest, k-Nearest Neighbor, Logistic Regression Classifier) ensemble learning 

algorithms were applied to these extracted features. Table 6 shows the base 

estimators and hyperparameters of the ensemble learning models used in this study.  
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Table 7: The base estimators and hyperparameters of the ensemble learning models 

Model base_estimator, classifier, parameters 

Bagging base_estimator= RF classifier, n_estimators=200, random_state= 10 

RandomForestClassifier(min_samples_leaf= 1, n_estimators=200, 

max_features = 2, max_depth = 100, bootstrap =True) 

Boosting AdaBoostClassifier( DecisionTreeClassifier(max_depth=1), 

    n_estimators=200 

Stacking base_estimator: RandomForestClassifier(n_estimators=10, 

random_state=42),  KNeighborsClassifier(n_neighbors=5) 

meta_estimator = LogisticRegression() 

 

The bagging model elapsed time was 69.64 seconds, the boosting model 

elapsed time was 4.30 seconds, stacking model elapsed time was 0.64 seconds. Table 

7 shows bagging, boosting and stacking performance metric results. Figures 22, 23 

and 24 show the confusion matrices and ROC curves obtained by the bagging, 

boosting and stacking methods. 

 

Table 8: Performance metric results of ensemble learning methods. 

 Accuracy Sensitivity Specificity Precision F1 score AUC 
Cohen’s 

kappa 

Bagging 90.5 92.0 89.0 88.4 90.1 0.95 0.80 

Boosting 90.5 88.0 92.7 91.6 89.7 0.95 0.80 

Stacking 91.4 94.0 89.0 88.6 91.2 0.94 0.82 

VGG-16 90.5 96.0 85.7 85.7 90.5 0.94 0.81 

 

  
Figure 22: The confusion matrix and ROC curve obtained with bagging method. 
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Figure 23: The confusion matrix and ROC curve obtained with boosting method. 

 

 
 

Figure 24: The confusion matrix and ROC curve obtained with stacking method. 

 

In the implementation of the proposed majority voting algorithm, the base 

classifier is fed into a bagging scheme. Table 8 shows the proposed majority voting 

model’s parameters. Table 9 shows the proposed majority voting model performance 

metrics, Figure 25 shows the confusion matrix and ROC curve. The proposed 

majority voting model elapsed time was 10.46 seconds. Figure 26 shows the 

accuracy scores of VGG-16 and ensemble learning models bar chart.  

 

Table 9: Proposed majority voting model parameters 

 

 

Model parameters 

 

Proposed Majority Voting 

Base estimator: min_width = 10,  

max_width = 21, step = 1 

Bagging classifier: n_estimators =300, 

bootstrap = True, max_samples = 0.61, 

max_features = 0.03 
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Table 10: Performance metric results obtained by the proposed majority voting model. 

 
Accuracy Sensitivity Specificity Precision F1 score AUC 

Cohen’s 

kappa 

Voting 91.5 94.0 89.2 88.6 91.2 0.95 0.83 

VGG-16 90.5 96.0 85.7 85.7 90.5 0.94 0.81 

Voting: proposed majority voting model 

 

  
Figure 25: The confusion matrix and ROC curve obtained by proposed majority voting 

method. 

 

 

Figure 26: Accuracy scores of VGG-16 and ensemble learning models 

 

The application of the proposed ANOVA feature selection method was 

carried out with the RF Classifier, LR classifier and SVM classifiers. Table 10 shows 

the hyperparameters of the machine learning classifiers used in this study.  
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Table 11: Machine learning classifiers hyperparameters used in this study 

Kernel model Parameters 

LogisticRegression solver='lbfgs', max_iter=200 

RandomForestClassifier n_jobs=-1, class_weight='balanced', max_depth= 5 

SupportVectorClassifier probability=True, default parameters 

 

ANOVA and Variance threshold feature selection methods were applied to 

extracted features. Machine learning classifier inserted into ANOVA algorithm to 

find the optimal set of features. With the Variance threshold of 0, the number of 

features decreased from 512 to 441 and the performance of the ANOVA model did 

not change. With a threshold value of 0.1, the number of features decreased to 217, 

with a threshold value of 0.2, the number of features decreased to 147, and with a 

threshold value of 0.3, the number of features decreased to 101, and the performance 

of the model was not negatively affected. By applying the variance threshold and 

ANOVA, the number of features decreased from 512 to 101, the elapsed time 

decreased from 148.78 seconds to 22.62 seconds with the RF Classifier, from 24.70 

seconds to 7.8 seconds with the LR classifier and from 43.97 seconds to 4.07 seconds 

with the SVM Classifier. Table 11 shows the performance metric results of machine 

learning algorithms. Figure 27 shows the accuracy scores of the VGG-16 model and 

machine learning models before and after feature selection methods. 
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Table 12: Performance metric results of machine learning algorithms before and after the 

proposed feature selection methods 

 Accuracy Sensitivity Specificity Precision F1 score AUC 
Cohen’s 

kappa 

VGG-16 90.5 96.0 85.7 85.7 90.5 0.94 0.81 

RFC 88.6 90.0 87.2 86.5 88.2 0.94 0.77 

LR 90.4 90.0 90.9 90.0 90.0 0.94 0.80 

SVC 90.4 98.0 83.6 84.4 90.7 0.94 0.81 

After the proposed feature selection (ANOVA) method 

RFC 93.3 98.0 89.0 89.0 93.3 0.95 0.86 

LR 93.3 96.0 90.9 90.5 93.2 0.94 0.86 

SVC 92.3 98.0 87.2 87.5 92.4 0.95 0.84 

After the proposed feature selection (ANOVA+variance threshold) method 

RFC 93.4 95.4 91.2 92.6 94.0 0.96 0.86 

LR 94.3 96.9 91.2 92.7 94.8 0.97 0.88 

SVC 95.9 98.4 92.9 94.2 96.2 0.97 0.91 

RFC: RandomForestClassifier, LR: Logistic Regression, SVC: SupportVectorClassifier 

 

 
RFC: RandomForestClassifier, LR: Logistic Regression, SVC: SupportVectorClassifier 

‘b’ stands for before feature selection, ‘a’ stands for after feature selection ANOVA, 

‘avt’ stands for after feature selection ANOVA + variance threshold 
Figure 27:  Accuracy scores of VGG-16 and machine learning models 
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To evaluate the performances of this proposed models on another dataset, 

proposed models were applied to the femoral neck fracture dataset. The femoral neck 

fracture dataset included 302 normal femur X-ray images and 296 femoral neck 

fracture images. First, training was carried out with pre-trained VGG-16 model, then 

feature extraction was performed from the the intermediate layer of the VGG-16 

model, and feature selection was made with ANOVA and variance threshold.  The 

proposed majority voting model and the proposed ANOVA feature selection model 

achieved improvement in all performance metrics in the femoral neck fracture 

dataset compared to the VGG-16 model. The performance results of the proposed 

models obtained with the femoral neck fracture dataset are shown in Table 12. 

 

Table 13: Performance metrics obtained by applying the proposed models on the femoral 

neck fracture dataset. 

 
Accurac

y 
Sensitivity Specificity Precision 

F1 

score 
AUC 

Cohen’s 

kappa 

VGG-

16 
95.6 95.5 93.3 95.7 95.5 0.98 0.91 

Votin

g 
95.8 97.1 94.7 94.4 95.7 0.98 0.91 

Before feature selection (ANOVA + variance threshold) 

RFC 92.2 93.4 90.0 91.4 92.4 0.98 0.84 

LR 95.5 93.4 97.7 97.7 95.5 0.98 0.91 

SVC 94.4 93.4 95.4 95.5 94.5 0.98 0.88 

After feature selection (ANOVA + variance threshold) 

RFC 96.1 98.1 94.2 94.5 96.2 0.99 0.92 

LR 97.1 94.5 100.0 100.0 95.1 0.99 0.94 

SVC 99.0 100.0 98.0 98.1 99.0 0.99 0.98 

VGG: VGG-16 network, Voting: Proposed majority voting, RFC: Random Forest Classifier, LR: 

Logistic Regression, SVC: Support Vector Classifier 
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CHAPTER V 

DISCUSSION & CONCLUSION 

 

5.1 DISCUSSION 

In this study, the YOLOv4 algorithm was used as the object detector during 

preprocessing. All radiographs were cropped to include only hand images. Data 

augmentation and transfer learning were applied with the VGG-16 network, and 

plain hand X-rays were classified as normal or RA hand radiographs. Accuracy, 

sensitivity, specificity, precision, F1 score, AUC, and Cohen’s kappa performance 

results of 90.5%, 96.0%, 85.7%, 85.7%, 90.5%, 0.94, and 0.81 were obtained, 

respectively.  Feature extraction was performed from the pre-trained VGG-16 

network intermediate layer and extracted features were classified by bagging, 

boosting, and stacking algorithms. The stacking method provided a 0.9% 

improvement in the accuracy metric. The proposed majority voting model that 

performs segmental search, outperformed the pre-trained VGG-16 model by 1% in 

accuracy. The proposed ANOVA+variance threshold method based on feature 

selection and finding the optimal number of features, improved the accuracy metric 

by 2-5% over the VGG-16 network with machine learning algorithms such as RF, 

LR and SVM. Improvements in other performance metrics and training time were 

achieved with both proposed techniques. 

In this study, the performance of the models was measured using accuracy, 

sensitivity, specificity, precision, F1 score, AUC and Cohen’s kappa metrics, which 

are frequently used metrics in the medical studies. A choice can be made between 

performance metrics in accordance with the purpose. It may be desirable to have 

higher sensitivity in one study and higher specificity in another, or vice versa [105]. 

With the proposed ANOVA method, feature selection can be made using other 

performance metrics as well as accuracy. In other words, the number of features that 

give the best results according to the preferred metric such as accuracy, sensitivity, 

specificity, precision and F1 score can be determined by the user. 
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Cohen's kappa is a statistical method that shows whether the agreement 

between two classifiers is due to chance. It is also used in unbalanced datasets. It 

takes values between -1 and +1. A Cohen's kappa value of 0 indicates that there is no 

agreement between the classifiers, and a value between 0.81 and 1 indicates that 

there is a very good agreement between the classifiers and that the result is not due to 

chance. In this study, Cohen's kappa score of proposed models was over 0.80, and in 

some models it was over 0.90, indicating that the agreement between the classifiers 

was perfect [106]. 

In recent years, many studies have been carried out using machine learning, 

deep learning and ensemble learning methods on both image processing and tabular 

data. To improve the performance of the models, studies are carried out with 

different feature extraction, feature selection and dimensionality reduction methods. 

Likewise, studies are being carried out to improve the performance of the algorithms 

[74,75,82,87,89,90,95–98,107].  

Recently, some studies have been conducted with radiographs of hands with 

RA. In our previous study to classify normal, RA and osteoarthritis hand 

radiographs, a transfer learning method was applied using a pre-trained VGG-16 

network. The dataset consisted of 368 RA hand X-rays and 333 normal hand X-rays. 

In that study, we obtained 90.7%, 92.6%, 88.7%, 89.3%, and 0.97 accuracy, 

sensitivity, specificity, precision, and AUC performance results, respectively in the 

two-class classification as RA and normal hand radiograph [98]. In their study with 

9.714 hand radiographs, Ma Y et al. applied transfer learning with EfficientNet-B0 

CNN and obtained an AUC result of 0.955 with the model for distinguishing RA and 

non-RA hand radiographs [99]. Wang HJ et al. used the YOLO algorithm in their 

study to calculate the Modified Total Sharp Score in RA hand finger joints. The 

average accuracy of joint classification was 0.88, while the accuracy of severe, mild, 

and healthy joint classifications reached 0.91, 0.79, and 0.9, respectively [108]. In 

these studies, classification was done using deep learning methods. In our study, 

classification was first performed with the pre-trained VGG-16 model, and then 

automatic feature extraction was performed with this model. In this way, 

performance was improved as a result of studies conducted with ensemble learning 

methods, machine learning methods and the two methods we proposed. 

Some studies have been done recently to improve the performance of 

majority voting classifiers. Atallah R and Al-Mousa A, in their study with the 
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Cleveland data set, obtained better accuracy results with the majority voting method 

than other classifiers [89]. Karadeniz T and colleagues worked with Statlog and 

Spectf datasets and improved the performance of the majority voting classifier with 

the methods they proposed [90]. In their study with chest images, Shrivastava P and 

colleagues performed classification with pre-trained ResNet-50, InceptionV4, and 

EfficientNetB0 networks. With the max voting algorithm, they achieved ~0.1% 

improvement in sensitivity, ~0.14% improvement in specificity and ~0.88% 

improvement in accuracy compared to pre-trained models [92]. In this study, we 

achieved an improvement in the performance of the models by adding a segmental 

search property to the majority voting classifier, the improvement in accuracy was 

1% compared to the pre-trained VGG-16 network. 

ANOVA is a popular statistical method, if the input data is numeric and the 

target variable is categorical, the ANOVA f-test statistic is the appropriate feature 

selection method for classification. ANOVA ranks features by calculating variances 

within and between dataset groups. The ANOVA f-value estimates the linearity 

between the input feature and the output feature. In studies conducted with ANOVA, 

a two-stage method is applied; in the first step, the features are ranked according to 

the f-score, and in the second step, an appropriate number of features are selected 

from these features with various algorithms. In some studies, the number of features 

was determined by trial and error [82]. To find the optimal set of features among 

these candidate features, studies were carried out with algorithms such as genetic 

algorithm [109], amino acid pairs implemented classifier [107], particle swarm 

optimization [110], MapReduce-based ANOVA [111], Jaya-based forest 

optimization algorithm [112], and SVM based on normalized poly kernel algorithm 

[113]. In our proposed ANOVA method, the classifier is implemented into the 

ANOVA algorithm, and the feature set is tested iteratively to find the optimal 

number of features. In addition, variance threshold, another filter feature selection 

method, was applied along with ANOVA. By default, it only removes features with 

zero variance. With a variance threshold value of 0.3, the number of features 

decreased from 512 to 101, the elapsed time decreased from 148.78 seconds to 22.62 

seconds with the RF Classifier, and from 5.07 seconds with the SVM Classifier. 

Compared to deep learning methods, 2-5% improvements were achieved in the 

model's performance metrics. 
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In this study, which was conducted to determine normal and RA hand X-rays, 

there were improvements in performance and elapsed times with the proposed 

majority voting method and proposed ANOVA+variance threshold feature selection 

method. Similar improvements were obtained in femoral neck fracture classification, 

which was done to evaluate the performance of the proposed models on another data 

set. 

This study has some limitations. The first of these is the small number of data 

which might not capture the caracteristics of the wider patient population. Transfer 

learning with VGG-16, and data augmentation methods have been applied to 

overcome this problem. Secondly, the study was conducted with X-rays obtained 

from a single center. The performance of the models can be improved through 

multicenter studies and thus the proposed models can be used safely in daily practice. 

 

5.2 CONCLUSION 

In this study, which was conducted to classify normal and RA hand 

radiographs, feature extraction was performed using a pre-trained VGG-16 model. 

Extracted features were first trained using ensemble learning algorithms bagging, 

boosting and stacking. Studies were then carried out with the extracted features using 

two novel methods introduced to the literature, segmental search majority voting 

algorithm and ANOVA feature selection methods. Among the machine learning 

algorithms, RF, LR and SVM algorithms were used. Improvements in classification 

performance and training time were achieved with the majority voting classifier and 

ANOVA+variance threshold feature selection model proposed in this work. Then, 

the femur fracture dataset was classified with both proposed methods, and similar 

improvements were obtained showing that the methods can be generalized. Finding 

sufficient data in the medical field poses difficulties for reasons such as patient 

privacy, workload, and the rarity of some diseases. Therefore, to use existing data 

efficiently, it is necessary to continue improving classifiers, feature extraction 

methods, feature selection methods and other performance-improving studies.
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