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I. INTRODUCTION 

Rheumatoid arthritis (RA) is an inflammatory arthritis that begins insidiously and affects mainly the small joints of 
the hands and feet. In later stages, it may also affect other synovial joints such as the elbow, shoulder, knee, and hip. It 
affects 0.5-1% of the population and is 3-5 times more common in women than in men (Almutairi et al., 2021; Radu & 
Bungau, 2021).  

RA is a multifactorial disease caused by genetic, environmental, and various unknown factors. A family history of 
rheumatoid arthritis (RA) is a strong risk factor for developing RA, with first-degree relatives of patients with RA having 
a two to fourfold increased risk of developing the disease. Smoking, air pollution, dietary habits, and infectious agents 
influence disease incidence and progression (Deane & Holers, 2019; Otón & Carmona, 2019; Romão & Fonseca, 2021).  

RA can be found together with many autoimmune diseases, such as thyroiditis, vitiligo, Sjogren syndrome, and 
diabetes mellitus (DM). Autoimmune thyroiditis (AT) is the most common human autoimmune disorder (Conigliaro et 
al., 2020), and AT patients often have another autoimmune disorder, such as RA, pernicious anemia, systemic lupus 
erythematosus, vitiligo (Fallahi et al., 2016).  

Depending on the presence or absence of antibodies to rheumatoid factor (RF) and anti-cyclic citrullinated 
protein/peptide antibody (anti-CCP), RA can be divided into two types: seropositive and seronegative RA. The results of 
both tests are conclusive. A positive RF or anti-CCP test result increases overall diagnostic sensitivity. When both tests 
are positive together, the specificity increases (Abdelhafiz et al., 2023; Jindal et al., 2021). In addition to anemia, 
erythrocyte sedimentation rate (ESR) and serum C-reactive protein (CRP) levels are elevated in RA patients due to 
activation of chronic inflammation (Mun et al., 2021). 

Machine learning (ML) is a branch of computer science and artificial intelligence that allows computers to learn from 
existing data using various algorithms without being explicitly programmed. The goal is to make predictions about the 
future based on existing data. Nowadays, with the rapid development of technology, producing, storing and accessing 
data is becoming much easier. This data is valuable as long as it is converted into meaningful information. Machine 
learning algorithms are successfully used in classification, regression, clustering tasks. Decision trees, linear regression, 
logistic regression, naive bayes, k means clustering, support vector machines, random forest algorithms and artificial 
neural networks are well-known and frequently used machine learning algorithms. Machine learning methods have been 
successfully used in areas such as fraud detection, credit scoring, image recognition, healthcare, and natural language 
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processing. (Dong et al., 2020; Janiesch et al., 2021; Mahesh, 2018; Mutasa et al., 2020; Sagi & Rokach, 2018; Sarker, 
2021). 

Ensemble learning is a machine learning technique that allows building a model with multiple learners instead of 
training the model with a single learner. Ensemble learning is a powerful technique to improve the performance of 
machine learning models by combining multiple individual models. By taking advantage of 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 be applied to both classification and regression tasks. Ensemble learning algorithms 
are classified into 3 groups; bagging, boosting, and stacking (Sagi & Rokach, 2018). Bagging is an ensemble learning 
algorithm that combines multiple base learners to create an accurate and robust model. It is an effective technique used 
to solve classification and regression problems in machine learning. Random forest algorithm is an example of bagging 
(Mahesh, 2018). Unlike bagging, where the base learners are trained independently, boosting trains the base learners 
sequentially. Initially, equal weights are assigned to all observations, creating multiple models that each correct the 
errors of the previous model. The strengths of each algorithm are exploited and its weaknesses are compensated. 
AdaBoost, Gradient Boosting, and XGBoost are examples of boosting algorithms (Azmi & Baliga, 2020; Sagi & Rokach, 
2018). The stacking method is ideal for solving complex problems and is created by combining different types of models. 
Each model in the ensemble complements each other and the output of the next model is used as the input of the previous 
model. In this way, the models can interact with each other to produce more accurate results. Stacking ensemble learning 
is especially useful when working with large datasets and can be used to reduce noise and obtain accurate results. 

Some studies have been conducted on the diagnosis and prediction of diseases in the medical field using machine 
learning methods. These include studies on the diagnosis of coronary heart disease, COVID-19 diagnosis, acute rheumatic 
fever in children, diabetes, and chronic renal failure (Ali et al., 2021; Dritsas & Trigka, 2022; Emre et al., 2019; Faruque 
et al., 2019; Muhammad et al., 2021). Most studies on RA in recent years have focused on disease management and 
relapses; there are few studies on the diagnosis and prediction of the RA. These studies have not investigated which 
features are important in predicting the disease. RF and anti-CCP are important serological tests in RA diagnosis; anti-
CCP, in particular, is not readily available in every laboratory, and the success of models developed without RF and anti-
CCP results in the dataset has not been evaluated (Mendoza-Pinto et al., 2024).  

Sundaramurthy et al. (2020) conducted a study on RA prediction and classification. Their dataset included 250 
healthy and 750 patients with RA. They used the patients' age, gender, RF, anti-CCP, morning stiffness, symmetric joint 
inflammation, rest pain, ESR, body pain and swelling characteristics. They used an ensemble machine learning algorithms 
and achieved 94% accuracy, 90.80% positive predictive value (PPV) and 94.70% ROC results with support vector 
machines (SVM) (Sundaramurthy et al., 2020). 

In their study to predict the prognosis of RA, Wu et al. (2020) studied on 3081 complicated and 405 uncomplicated 
RA patients. They evaluated the patients' demographic data, laboratory results, presence of heart disease, hepatitis and 
end-stage renal disease, and medications taken by the patients. They found that decision tree-based techniques provided 
more accurate results (Wu et al., 2020). 

Matsuo et al. (2022) in their study used 73 ultrasound features and 54 blood test results to predict RA recurrence 
during 2-year follow-up. They had a total of 210 patients, of whom 60 patients relapsed and 150 patients were in 
remission during this period. For relapse prediction, they used the logistic regression, random forest, and Extreme 
Gradient Boosting (XGBoost) algorithms. Using the XGBoost classifier, they obtained a result of 0.747 for the area under 
curve (AUC) (Matsuo et al., 2022). 

The aim of this study is to develop a RA diagnostic and predictive method using the demographic information, medical 
history, clinical findings and laboratory blood tests of patients who applied to health centers with complaints of pain in 
the hand joints and to compare the performances of machine learning and ensemble learning algorithms for this task, 
and to determine which features are important in developing the RA predictive model. Additionally, this study aims to 
evaluate the performance of models developed without anti-CCP and RF serological test results, which are not readily 
available in every center. 

 

II. MATERIAL AND METHOD 

A. Dataset 

This retrospective study was conducted using the medical records of patients who were examined at the 
rheumatology outpatient clinic of Ankara Bilkent City Hospital between January and July 2023 with complaints of pain 
in the hand joints. Ethics committee permission was obtained from the local ethics committee. The results of the patients' 
age, gender, body mass index (BMI), family history of RA, hypertension (HT), diabetes mellitus (DM), vitiligo, thyroiditis, 
smoking, morning stiffness, swelling-tenderness of hands, hemoglobin, white blood cells (WBC), neutrophils, 
lymphocytes, platelet count (plt),  erythrocyte sedimentation rate (ESR), C-reactive protein (CRP), rheumatoid factor 
(RF), anti-cyclic citrullinated protein/peptide antibody (anti-CCP) levels were used. Patients were classified as RA and 
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non-RA patients group. The non-RA group consisted of patients diagnosed with nonspecific arthralgia, osteoarthritis, 
myalgia, tendonitis and Sjogren's syndrome. There were 260 patients in the RA group and 161 patients in the non-RA 
group, 335 of the patients were women and 86 were men, the average age of the RA patient group was 57.1, and the 
average age of the non-RA group was 50.5. 

This dataset, which included patients' clinical and demographic characteristics, family history, and serological test 
results, was named dataset-1. RF and anti-CCP, which are important in RA diagnosis and not available at every center, 
were removed from the dataset, and a new dataset was created (dataset-2). The aim of this was to test the performance 
of the models with patients' other characteristics without the RF and anti-CCP serological test results. 

B. Data Preprocessing 

Gender, family history of RA, HT, DM, vitiligo, thyroiditis, smoking, morning stiffness, swelling-tenderness of hands 
values were categorical variables, hemoglobin, WBC, neutrophils, lymphocytes, plt, ESR, CRP, RF and anti-CCP levels were 
numerical variables. The data set was checked for missing data, there were no missing data in categorical variables. 19 
patients' WBC and plt, 18 patients' Hb, neutrophils, lymphocytes and CRP, 17 patients' ESR, 70 patients’ BMI, 55 patients' 
RF and 113 patients' anti-CCP results were missing. To prevent data leakage, an 80:20 train-test split was implemented 
at the beginning of the study; test data was not used during training, but was used to evaluate the final performance of 
the developed models. Missing data in continuous variables was completed using the Multiple Imputation by Chained 
Equations (MICE) method, widely accepted in machine learning studies (Azur et al., 2011; Luo, 2022). The 
IterativeImputer method of the sklearn library was used for this. Iterative imputation was fitted on the training data 
(estimator = BayesianRidge(), max_iter=20), and the test data was only transformed, thus preventing data leakage and 
eliminating data deletion, thereby preventing potential biases and data loss. Standardization was applied after multiple 
imputation. Hyperparameter optimization of the algorithms was carried out by drawing on similar studies conducted 
previously and through trial and error. A 5-fold stratified cross-validation was conducted to evaluate the stability of the 
developed models, and mean ± standard deviation was reported for accuracy, sensitivity, specificity, and AUC 
performance metrics, with p-values calculated. The final evaluation was performed using test data that was set aside at 
the beginning of the study and never used during training. Whether there was a significant difference in patients RA and 
non-RA in terms of categorical variables was evaluated with the chi-square test, and p values were calculated. The RF cut 
off level for our hospital laboratory is 15 IU/mL and the anti-CCP cut off level is 5U/mL. Using these cut-off levels, RF and 
anti-CCP variables were converted into categorical data and p values were calculated with chi-square test. Categorical 
variables are ordinal in structure and were numerically encoded during the data collection phase (e.g., 0/1 or 1/2). 
Therefore, no additional encoding was applied. 

This study used the Python 3.9 programming language, imported the pandas, numpy, matplotlib, seaborn, and sklearn 
libraries, and utilized the sklearn library for machine learning algorithms and statistical calculations. The 
IterativeImputer algorithm from the sklearn.impute library was used for imputation, and the feature_importances_ 
function from RandomForestClassifier was used to identify important features for classification. 

C. Feature Importance 

Feature quality is important in building a machine learning model. The feature importance indicates how much each 
feature contributes to the prediction of the model. Some features are more important to the model, while others are less 
important. Essentially, it determines the degree of usefulness of a particular variable to an existing model and prediction. 
Feature importance scores can be calculated in decision trees, random forests, and linear model algorithms and features 
can be ranked according to the calculated scores. In this study, feature importance scores were calculated and graphed 
using the built-in feature_importances_ function of the RandomForest classifier (Carvalho et al., 2019; Castiglioni et al., 
2021).  

D. Statistical Analysis 

The performance of the model was evaluated with performance metrics calculated from the confusion matrix 
obtained with the test data. The confusion matrix is used to compare the predicted values with the actual values. 
Accuracy, sensitivity, specificity, positive predictive value (PPV), F1 score and Cohen's kappa are calculated using the 
numbers from TP (True Positive), FP (False Positive), TN (True Negative) and FN (False Negative). AUC (area under the 
curve) is obtained by calculating the area under the ROC (receiver operating characteristic) curve, which is used to 
determine the discrimination power of a model. 

𝒂𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =
𝑻𝑷 + 𝑻𝑵

𝑻𝑷 + 𝑻𝑵 + 𝑭𝑷 + 𝑭𝑵
 

𝒔𝒆𝒏𝒔𝒊𝒕𝒊𝒗𝒊𝒕𝒚 (𝒓𝒆𝒄𝒂𝒍𝒍) =
𝑻𝑷

𝑻𝑷 + 𝑭𝑵
 

𝒔𝒑𝒆𝒄𝒊𝒇𝒊𝒄𝒊𝒕𝒚 =
𝑻𝑵

𝑻𝑵 + 𝑭𝑷
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𝒑𝒐𝒔𝒊𝒕𝒊𝒗𝒆 𝒑𝒓𝒆𝒅𝒊𝒄𝒕𝒊𝒗𝒆 𝒗𝒂𝒍𝒖𝒆(𝑷𝑷𝑽) =
𝑻𝑷

𝑻𝑷 + 𝑭𝑷
 

 

𝑭𝟏 𝒔𝒄𝒐𝒓𝒆 =  
𝟐 ∗ (𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 ∗ 𝒓𝒆𝒄𝒂𝒍𝒍)

(𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 + 𝒓𝒆𝒄𝒂𝒍𝒍)
=  

𝟐𝑻𝑷

𝟐𝑻𝑷 + 𝑭𝑷 + 𝑭𝑵
 

 

𝒄𝒉𝒊 − 𝒔𝒒𝒖𝒂𝒓𝒆 𝒕𝒆𝒔𝒕 =  
(𝑶𝒃𝒔𝒆𝒓𝒗𝒆𝒅 − 𝑬𝒙𝒑𝒆𝒄𝒕𝒆𝒅)𝟐

𝑬𝒙𝒑𝒆𝒄𝒕𝒆𝒅
 

 

𝑶𝒅𝒅𝒔 𝒓𝒂𝒕𝒊𝒐 = =  
𝒂/𝒄

𝒃/𝒅
=  

𝒂∗𝒅

𝒃∗𝒄
  

 

III. RESULTS AND DISCUSSIONS 

This study utilized decision trees, support vector machines, k-nearest neighbors, and logistic regression machine 
learning algorithms. Ensemble learning models were developed using random forest classifiers for bagging, adaboost 
classifiers for boosting, and random forest and k-nearest neighbors classifiers for stacking. The parameters of the 
ensemble learning models set in this study are shown in Table 1. 

 
Table 1. The base estimators and hyperparameters of the ensemble learning models. 

Model  
 

base_estimator, classifier, parameters 

Bagging 
 

Base_estimator = RandomForestClassifier(Class_weight = ‘balanced’, criterion = 
‘entropy’, max_depth =11, min_samples_leaf = 6, min_samples_split = 6) 

Boosting AdaBoostClassifier (DecisionTreeClassifier(max_depth = 5), 
(n_estimators = 400)) 

Stacking base_estimator =[(RandomForestClassifier(n_estimators=200), 
(KNeigborsClassifier(n_neigbors=4)], meta_estimator = LogisticRegression 

 
In this study, ensemble learning algorithms performed well, and similar results were obtained in statistical metrics. 

With the Random Forest classifier, 88% accuracy (95% CI, 81-94%), 94% sensitivity (95% CI, 88-99%), 78% specificity 
(95% CI, 69-86%), 87% positive predictive value (95% CI, 79-94%), 90% F1 score (95% CI, 84-96%), and 0.92 AUC (area 
under the curve) were obtained. Table 2 shows the final test results for accuracy, sensitivity, specificity, PPV, F1 score, 
and AUC scores of the models. Table 3 shows the means and standard deviations of the accuracy, sensitivity, specificity, 
and AUC results obtained from the 5-fold stratified cross-validation. Figure 1 shows the confusion matrix and ROC curve 
obtained by the Random forest classifier. Figure 2 shows the ranking of features obtained with the Random forest 
classifier’s feature_importances_ function. 

Table 2. Performance metrics obtained with the machine learning and ensemble learning models (dataset-1). 

  Accuracy Sensitivity Specificity PPV F1 score AUC 

M
ac

h
in

e 
le

ar
n

in
g 

A
lg

o
ri

th
m

s Logistic regression 0.85 0.90 0.75 0.85 0.87 0.93 

Support vector 
machines 

0.78 0.84 0.69 0.81 0.83 0.88 

Decision trees 0.85 0.96 0.67 0.82 0.88 0.87 

K neigbour classifier 0.75 0.82 0.63 0.78 0.80 0.76 

E
n

se
m

b
le

 
le

ar
n

in
g 

A
lg

o
ri

th
m

s Random forest 0.88 0.94 0.78 0.87 0.90 0.92 

AdaBoost classifier 0.88 0.96 0.75 0.87 0.90 0.93 

Stacking classifier 0.88 0.98 0.72 0.85 0.91 0.95 
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Table 3. Performance metrics obtained from 5-fold stratified cross-validation (dataset-1). 

  
Accuracy 

(mean±Sd) 
Sensitivity 
(mean±Sd) 

Specificity 
(mean±Sd) 

AUC 
(mean±Sd) 

M
ac

h
in

e 
le

ar
n

in
g 

A
lg

o
ri

th
m

s Logistic regression 0.72±0.05 0.76±0.02 0.67±0.10 0.80±0.06 

Support vector machines 0.73±0.04 0.75±0.09 0.70±0.12 0.80±0.06 

Decision trees 0.73±0.02 0.82±0.05 0.59±0.09 0.77±0.03 

K neigbour classifier 0.62±0.01 0.78±0.03 0.35±0.04 0.61±0.01 

E
n

se
m

b
le

 
le

ar
n

in
g 

A
lg

o
ri

th
m

s Random forest 0.79±0.05 0.87±0.08 0.66±0.11 0.88±0.04 

AdaBoost classifier 0.77±0.02 0.82±0.04 0.68±0.0.07 0.84±0.01 

Stacking classifier 0.79±0.01 0.91±0.03 0.57±0.03 0.84±0.02 

 
 

  

Figure 1. Confusion matrix and ROC curve obtained with the Random forest classifier. 

 
Figure 2. Ranking of features with feature importance function (dataset-1). 

The final test results of the models obtained with dataset-2, which did not include RF and anti-CCP serological test 
results, are shown in Table 4, and the test results obtained with 5-fold stratified cross-validation are shown in Table 5. 
Figure 3 shows the ranking of features obtained with dataset-2 using the Random forest classifier's feature_importances_ 
function. Table 6 shows the p-values obtained by comparing categorical variables in RA and non-RA patient groups with 
the chi-square test, and the odds ratios of categorical variables. 
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Table 4. Performance metrics obtained with the machine learning and ensemble learning models (dataset-2). 

  Accuracy Sensitivity Specificity PPV F1 score AUC 

M
ac

h
in

e 
le

ar
n

in
g 

A
lg

o
ri

th
m

s Logistic regression 0.72 0.77 0.64 0.77 0.77 0.75 

Support vector machines 0.61 0.87 0.21 0.63 0.73 0.68 

Decision trees 0.65 0.69 0.59 0.72 0.71 0.69 

K neigbour classifier 0.69 0.83 0.48 0.78 0.72 0.67 

E
n

se
m

b
le

 
le

ar
n

in
g 

A
lg

o
ri

th
m

s Random forest 0.74 0.88 0.51 0.74 0.80 0.73 

AdaBoost classifier 0.72 0.92 0.39 0.70 0.75 0.95 

Stacking classifier 0.75 0.92 0.48 0.74 0.82 0.73 

 
 

Table 5. Performance metrics obtained from 5-fold stratified cross-validation (dataset-2). 

  
Accuracy 

(mean±Sd) 
Sensitivity 
(mean±Sd) 

Specificity 
(mean±Sd) 

AUC 
(mean±Sd) 

M
ac

h
in

e 
le

ar
n

in
g 

A
lg

o
ri

th
m

s Logistic regression 0.73±0.03 0.84±0.07 0.55±0.07 0.75±0.02 

Support vector machines 0.66±0.03 0.88±0.05 0.31±0.08 0.65±0.05 

Decision trees 0.63±0.05 0.65±0.10 0.60±0.09 0.68±0.05 

K neigbour classifier 0.57±0.02 0.77±0.03 0.23±0.04 0.54±0.04 

E
n

se
m

b
le

 
le

ar
n

in
g 

A
lg

o
ri

th
m

s Random forest 0.72±0.05 0.87±0.06 0.48±0.09 0.75±0.02 

AdaBoost classifier 0.68±0.04 0.88±0.05 0.36±0.09 0.72±0.03 

Stacking classifier 0.68±0.08 0.88±0.07 0.34±0.11 0.72±0.07 

 

 
Figure 3. Ranking of features with feature importance function (dataset-2). 
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Table 6. p values obtained by comparing categorical variables in RA and non-RA patient groups with chi-square test, 
and Odds ratios of categorical variables. 

 p value Odds ratio (OR) 95% Confidence Interval (CI) 

Gender  0.47 1.20 0.73 - 1.97 

Family history < 0.001 2.98 1.70 -  5.23 

Hypertension 0.003 2.06 1.27 - 3.33 

Diabetes mellitus 0.52 1.21 0.67 -  2.16 

Vitiligo 0.16 4.43 0.54 -  36.32 

Thyroiditis < 0.001 3.73 1.77 - 7.83 

Smoking  0.53 1.16 0.72 -  1.88 

Morning stiffness 0.001 2.08 1.32 -  3.28 

Swelling-tenderness < 0.001 3.82 2.41 -  6.06 

RF (cut off = 15) < 0.001 12.3 7.10 -  21.58 

anti-CCP (cut off = 5) < 0.001 38.4 18.07 - 81.94 

 

The diagnosis of RA is made by evaluating together the patient’s demographic data, medical history, examination 
findings, laboratory results and radiological findings. With early diagnosis and appropriate treatment, the development 
of deformity can be prevented and the patient's quality of life can be improved. In this study, which was conducted using 
machine learning and ensemble learning methods to differentiate patients presenting to the rheumatology outpatient 
clinic with complaints of pain in the hand joints and to develop a prediction model for RA, the demographic 
characteristics, medical history, clinical findings, and laboratory test results were used.    

Firstly, the characteristics of the RA patient group in this study were compared with the general literature knowledge 
of patients with RA. In the general population, RA is 3-5 times more common in women than in men. In this study, RA 
was approximately four times more common in women, but gender was not a statistically significant risk factor for RA 
(Odds ratio (OR = 1.20, p = 0.47)). RA is 2-4 times more common in first-degree relatives of RA patients and is a strong 
risk factor for developing RA. (Frisell et al., 2016). In our study group, 71 of 260 RA patients had a first-degree relative 
with RA (OR = 2.98, p < 0.001), indicating that a family history of RA is a significant risk factor for developing the disease.  

RA is often found together with other autoimmune diseases, such as thyroiditis, vitiligo, diabetes mellitus (DM), and 
Sjogren syndrome. The incidence of DM is increased in patients with RA and a meta-analysis found a pooled relative risk 
of 1.23 (Tian et al., 2021). In our study group, 38 RA patients had DM  (OR = 1.20, p = 0.52), indicating that the presence 
of DM was not a significant factor associated with the diagnosis of RA. Vitiligo is a common autoimmune skin disease, 
seen in 0.5-2% of the population, frequently seen together with many other diseases such as thyroiditis, DM, pernicious 
anemia, psoriasis and RA. In addition to RA, it is also frequently found together with other rheumatological diseases 
(Dahir & Thomsen, 2018). This study showed that although 7 out of 8 patients diagnosed with vitiligo had RA, the 
presence of vitiligo was not a statistically significant factor in the diagnosis of RA (OR = 4.43, p = 0.16). Autoimmune 
thyroiditis (AT) is the most common human autoimmune disorder, with a prevalence of around 5%. AT patients often 
have another autoimmune disorder, such as RA, pernicious anemia, systemic lupus erythematosus, vitiligo. The 
prevalence of AT in RA patients is increased by 1–6-fold, and the prevalence of RA in AT patients is increased by 1–3-fold 
(Conigliaro et al., 2020). In this study group, 47 RA patients had  AT (OR = 3.73, p < 0.001), indicating that a history of AT 
or the presence of thyroid autoantibodies was a significant factor associated with the diagnosis of RA. The incidence of 
HT is increased in patients with RA and negatively affects the course of the disease, and one study found the incidence of 
HT in patients with RA to be 59.5% (Hadwen et al., 2021; Morović-Vergles et al., 2013). Hypertension was present in 81 
of our RA patients (OR = 2.06, p = 0.003), which may be related to the age group in which both diseases are commonly 
observed (Hadwen et al., 2021; Morović-Vergles et al., 2013). 

RFs are positive in 60-80% of RA patients, and may also be positive in other autoimmune diseases, during the course 
of infections and in old age. RF specificity increases at higher titers (RF>50 IU/ml). anti-CCPs are positive in 70-90% of 
RA patients, with higher specificity (90-95%), and are rarely positive in other diseases or in healthy individuals (anti-
CCP may rarely be positive in diseases such as systemic lupus erythematosus, Sjogren's disease, psoriatic arthritis and 
tuberculosis (Conigliaro et al., 2016; Lima et al., 2013)). In general, anti-CCP has better diagnostic value than RF in terms 
of sensitivity and specificity (Ingegnoli et al., 2013; Nielsen et al., 2012). The RF cut off level for our hospital laboratory 
is 15 IU/mL and the anti-CCP cut off level is 5 U/mL.  Using this cut-off value, our study showed that RF positivity is a 
significant risk factor in the diagnosis of RA (OR = 12.3, p < 0.001), similarly, anti-CCP positivity was found to be a stronger 
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diagnostic marker for RA than RF (OR = 38.4, p < 0.001). 

In recent years, successful studies have been conducted to diagnose RA using transfer learning and CNN, a deep 
learning method, from radiographs of patients' hands (Ma et al., 2024; Üreten & Maraş, 2022). Similarly, machine learning 
methods have been conducted to diagnose RA using patient demographic characteristics, clinical features and laboratory 
results. For disease diagnosis, Sundaramurthy et al. conducted a study on 250 healthy individuals and 750 RA patients, 
achieving 94% accuracy, 90.80% PPV, and 94.70% ROC. Their study did not rank the importance of features in disease 
diagnosis. Matsuo H and colleagues, in their study on predicting RA relapse over 2 years of follow-up, examined 210 
patients and used 73 ultrasound features and 54 blood test results. Using the XGBoost classifier, they obtained an AUC 
score of 0.747. The study did not rank the features effective in the occurrence of relapses (Matsuo et al., 2022; 
Sundaramurthy et al., 2020).  

Feature importance indicates how much each feature contributes to the prediction of the model, and determines the 
degree of usefulness of a given feature for an existing model and prediction. Feature importance helps in better 
understanding data, making analyses easier by revealing the factors with the greatest impact on results (Castiglioni et 
al., 2021; Greener et al., 2022). The first 7 features in the feature importance ranking were anti-CCP, RF, age,  Hb, CRP, 
neutrophil and lymphocytes. In the study conducted with dataset-2, from which serological test results, RF and anti-CCP 
were excluded, the important features in the diagnosis of RA were listed as follows: morning_stiffness, ht, thyroiditis, 
family_ra, crp, age and gender. Models developed with dataset-2 can be applied in every center, but show lower 
performance in all statistical metrics. For example, the random forest model developed with dataset-1 yielded 88% 
accuracy and 92% AUC, while the study conducted with dataset-2 yielded 74% accuracy and 73% AUC. This model needs 
to be improved with a larger dataset. 

This study had some limitations. First, the number of patients was insufficient, some patients had been previously 
diagnosed RA and were taking medication for RA. For this reason, the levels of acute phase reactants such as CRP and 
ESR may be within normal limits. In RA, elevated CRP levels due to inflammation are an important finding and are used 
in diagnosis. In the ranking of feature importance, CRP was ranked 5th. This may have reduced the performance of these 
models. Second, this study was performed on patients who were evaluated and examined in the rheumatology outpatient 
clinic and the number of patients with RA was higher than in the non-RA group (260/161).  This may be the reason why 
the RF and anti-CCP Odds ratios used in the diagnosis of the disease are high. Due to the high workload and limited 
number of rheumatology outpatient clinics, it may be difficult for RA patients complaining of pain in hand joints to access 
these centers. Another limitation of this study was that there were no patients examined by a general practitioner, 
orthopedist, or physical therapy specialist with complaints of pain in the hands. Model performance can be improved and 
bias prevented through multicenter studies. They also ensure the generalizability of the developed models. 
 

IV. CONCLUSION 

In recent years, machine learning and ensemble learning models have been successfully used in many studies in the 
medical field. In ensemble learning models, several machine learning algorithms are used together. In this study on RA 
diagnosis and prediction, all three ensemble learning models showed similar performance and outperformed the 
machine learning algorithms. This proposed model can be improved with new multicenter studies including more 
patients, encompassing rheumatology, orthopedics, and physical therapy centers, thus ensuring the generalizability of 
the developed models. RF and anti-CCP serological tests used in RA diagnosis cannot be performed in every center. The 
development of the model with dataset-2 will prevent unnecessary effort for patients to undergo these tests. By 
developing the proposed models with more patients, unnecessary rheumatology referrals are avoided, and the developed 
model proves beneficial even in rural areas where serological tests such as RF and anti-CCP are unavailable. Hand 
osteoarthritis, characterized by pain and limited range of motion in the hand joints and increasing in frequency with age, 
is treated with physical therapy and nonsteroidal anti-rheumatic drugs. Treatment of RA involves immunosuppressive 
drugs such as Methotrexate and Sulfasalazin, and biological therapies such as anti-tumor necrotizing drugs. Machine 
learning models can be developed to differentiate between these two diseases, which have different treatments and 
courses. 
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