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ABSTRACT 

The article examines the problem of developing a medical diagnosis system based on 

ensemble methods and evaluating its effectiveness. The system automatically performs diagnosis 

using disease symptoms, laboratory test results, and other patient-related data, and this capability 

is confirmed by results obtained on a number of datasets. It is shown that the accuracy values 

achieved using the ensemble method are almost equivalent to those of other algorithms, and in 

certain cases demonstrate superior performance. Additionally, to verify the correct operation of 

the software package developed using the ensemble method, the Heart Disease dataset, the 

Diabetes dataset, and the Multiclass Diabetes dataset were used, and their accuracy levels and 

corresponding confusion matrices were calculated. 

Keywords: bagging, boosting, stacking, XGBoost, RFC algorithm, Gradient Boosting. 

INTRODUCTION 

Developing mathematical models for diagnosis in medical research and applying 

appropriate algorithms holds great potential, offering the ability to significantly improve patient 

treatment processes and advance achievements in the field of medicine. Mathematical models and 

algorithms designed for automated medical diagnosis systems include a variety of methods such 

as machine learning algorithms, statistical models, decision trees, and ensemble methods. Their 

primary purpose is to comprehensively analyze patient data—including medical history, 

symptoms, age, and other relevant information—and provide accurate diagnosis. Integrating a 

mathematical approach into medical research offers new strategies for solving medical diagnostic 

problems. Sequential and logically structured approaches are applied in the diagnosis of various 

diseases, often employing diagnostic algorithms that use mathematical models adapted to medical 

reasoning [1]. Especially, the use of fuzzy set theory methods demonstrates the potential of this 

approach for creating information-mathematical models for diagnosis and prediction. 

The article addresses the problem of developing a medical diagnosis system based on 

ensemble (artificial intelligence and machine learning) methods and assessing its effectiveness. 

The system is expected to automatically perform diagnosis using disease symptoms, laboratory 

test results, and other patient-related data.[2-4] 

RESEARCH METHODS 

Ensemble Method. The ensemble method is an approach based on combining multiple 

models to improve prediction accuracy in medical diagnosis problems. This method is used in 

medical diagnosis to enhance model stability and reliability, as errors in one model can be 

corrected by other models. In the ensemble method, models are trained separately. The predictions 

of each model are then combined to achieve more accurate and stable results. Ensemble methods 

are widely applied in areas requiring high accuracy, such as finance, bioinformatics, marketing, 

and medicine. 
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The ensemble method allows solving multiple problems simultaneously, including 

reducing errors, decreasing retraining, and increasing steadiness. The main principle of ensemble 

methods is to ensure diversity among models; the more diverse the base classifiers are, the more 

effectively they can correct each other’s errors. There are several main approaches to building 

ensembles. The most popular ensemble methods include Bagging, Boosting and Stacking [7]: 

Bagging – multiple models are trained on different small datasets obtained through random 

selection and resampling (bootstrap). The process of building an ensemble model using 

Bagging involves the following steps: 

1. Several small datasets are generated from the main dataset using random selection 

and resampling; 

2. A separate model is trained on each small dataset; 

3. The predictions from all models are combined to determine the final result (for 

example, by voting in classification problems or by taking the average in regression problems). 

Boosting – models are trained sequentially, with each subsequent model aimed at correcting 

the errors of the previous model. This algorithm includes the following steps: 

1. The first model is trained on the collected medical data; 

2. Errors made by the first model are identified, and weights are assigned to the data 

to focus more on these errors for the next model; 

3. Each subsequent model is trained to correct the errors of the previous model; 

4. The final prediction is determined based on the weighted sum of all model results. 

Stacking – the results of multiple models are combined at the meta-model level. The 

predictions of the base models are used as input data. The steps of the stacking algorithm are: 

1. Several base models are trained on the initial data, and their predictions are 

obtained; 

2. A meta-model is trained based on the predictions of the base models; 

3. The final prediction is generated using the meta-model, which can also take into 

account the relationships between the base model predictions. 

Random Forest Algorithm. The Random Forest algorithm is an ensemble model based 

on the Bagging method, where decision trees are used as base models. In a random forest, each 

tree is trained on a randomly selected subset of the data and a randomly selected subset of features. 

The final prediction is determined by aggregating the results of all trees, either through voting or 

by averaging. The Random Forest algorithm is widely used in problems where interpretability and 

reliable results are important. This algorithm has shown effective results in bioinformatics, disease 

prediction, and many other fields. 

XGBoost – this algorithm uses regularization to reduce overfitting and parallel 

computations to accelerate processing. Therefore, XGBoost is widely applied in problems 

requiring high accuracy and efficiency. 

Selecting the Ensemble Method. The choice of an ensemble method depends on the 

characteristics of the problem and the requirements for the model: 

 For problems requiring high steadiness and reliability, the Bagging method, 

particularly the Random Forest algorithm, is most suitable; 

 For complex problems with a large number of features where error minimization 

is necessary, deep learning methods such as Gradient Boosting or XGBoost provide the best 

results; 

 When achieving the highest accuracy and combining different types of models is 

required, the stacking method is preferable. 
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The research methodology consists of the following stages: 

 Data collection – obtained from patient complaints and anonymized clinical 

observations. The collected data includes age, sex, body temperature, blood pressure, heart rate, 

laboratory test results, and disease symptoms; 

 Data preprocessing and preparation – missing values are replaced with averages 

or removed entirely. Symptoms are normalized. Categorical variables are converted to numeric 

format using methods such as one-hot encoding. The dataset is mixed randomly and split into 

training and testing sets; 

 Model selection and training – several intelligent, independent algorithms based 

on ensemble methods are tested in the system. For example, K-Nearest Neighbors, Naive Bayes 

classifier, Decision Trees, as well as ensemble methods like Random Forest and Gradient 

Boosting. Each model is trained using cross-validation and evaluated based on high accuracy; 

 Analysis and comparison of results – model performance is assessed using 

criteria such as accuracy, reliability, recall, F1-score, and confusion matrix; 

 Visualization of results – data distribution, model accuracy, and error levels are 

presented graphically. 

Selection of Training Dataset for Medical Diagnosis. The study uses an open-source 

medical dataset obtained from Kaggle.com as the training set. The following criteria are 

considered when selecting the dataset: 

 Reliability of collected data – patient medical data must be obtained from 

trustworthy sources; 

 Number of symptoms – the dataset should contain at least 10 symptoms and 1 

class label; 

 Balance – the number of healthy and diseased patients should be approximately 

equal; 

 Dataset size – the number of objects in the dataset should not be less than 500. 

The data in the dataset should have the following structure: 

№ Symptom 

Name 

Description Type 

1 Age Patient’s age Numerical 

2 Sex Patient’s sex 

(male/female) 

Nominal 

3 Blood 

Pressure 

Patient’s blood 

pressure 

Numerical 

4 Cholesterol Cholesterol 

level 

Numerical 

5 Pulse Heart rate Numerical 

6 Temperature Body 

temperature 

Numerical 

7 Symptom1, 

Symptom2, ... 

Presence of 

disease symptoms 

Nominal 

8 Diagnosis Type of disease 

(class variable) 

Nominal  
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The correct interpretation of the research methodology and training datasets is considered 

one of the key factors of an intelligent diagnostic system. High-quality data preprocessing, proper 

algorithm selection, and result analysis enable the system to operate with high accuracy [8]. 

For medical diagnosis problems, the following training datasets were selected: 

1. Cardiovascular Disease Training Dataset – Heart Disease Dataset 

(https://www.kaggle.com/datasets/ronanazarias/heart-desease-dataset?select=Heart-disease) 

Below is a description of the selected training dataset containing cardiovascular disease 

features: 

 Dataset name – heart.csv 

 Number of records – 918 

 Number of classes – 2 

 Number of features (symptoms) – 11 

№ Feature Name Description Type 

1 Age Patient’s age (years) Numerical 

2 Sex 
Patient’s sex (M: Male, F: 

Female) 
Nominal 

3 ChestPainType 

Type of chest pain (TA: 

Typical Angina, ATA: Atypical 

Angina, NAP: Non-Anginal Pain, 

ASY: Asymptomatic) 

Nominal 

4 RestingBP 
Resting blood pressure (mm 

Hg) 
Numerical 

5 Cholesterol Cholesterol level (mg/dl) Numerical 

6 FastingBS 

Blood glucose level (1: if 

FastingBS > 120 mg/dl, 0: 

otherwise) 

Nominal 

7 RestingECG 

Resting ECG results 

(Normal: normal, ST: ST-T wave 

abnormality, LVH: probable or 

definite left ventricular hypertrophy 

by Estes criteria) 

Nominal 

8 MaxHR 
Maximum heart rate 

achieved (numeric value, 60–202) 
Numerical 

9 ExerciseAngina 
Exercise-induced angina 

(Y: Yes, N: No) 
Nominal 

10 Oldpeak 

Depression level: 0 – 

normal; 1–2 – mild depression; >2 

– severe depression (high risk of 

ischemia) 

Numerical 

11 ST_Slope 
Slope of the peak exercise 

ST segment 
Nominal 

 

2. Diabetes Training Dataset – Diabetes dataset 

(https://www.kaggle.com/datasets/akshaydattatraykhare/diabetes-dataset) 

https://www.kaggle.com/datasets/ronanazarias/heart-desease-dataset?select=Heart-disease
https://www.kaggle.com/datasets/akshaydattatraykhare/diabetes-dataset
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The description of the selected training dataset containing features for diabetes disease is 

as follows: 

 Dataset name – diabetes.csv 

 Number of records – 768 

 Number of classes – 2 

 Number of features – 8 

№ Feature Name Descriptio

n (EN) 

Type 

1 Pregnancies Number of 

times the woman 

has been pregnant 

Numerica

l 

2 Glucose Blood 

glucose level 

(mg/dL) 

Numerica

l 

3 BloodPressure Blood 

pressure (mm Hg) 

Numerica

l 

4 SkinThickness Thickness 

of subcutaneous fat 

(mm) 

Numerica

l 

5 Insulin Insulin 

level (mu U/mL) 

Numerica

l 

6 BMI Body Mass 

Index 

Numerica

l 

7 DiabetesPedigreeFunctio

n 

Coefficient 

of hereditary risk of 

diabetes 

Numerica

l 

8 Age Patient’s 

age (years) 

Numerica

l 

 

3. Multiclass Diabetes Training Dataset – Multiclass Diabetes Dataset 

(https://data.mendeley.com/datasets/wj9rwkp9c2/1) 

The description of the selected multiclass diabetes dataset is as follows: 

 Dataset name – multiclass_diabetes.csv 

 Number of records – 1000 

 Number of classes – 3 

 Number of features – 12 

№ Feature Name Description (EN) Type 

1 No_Patient Unique identifier for 

each patient. Used for 

statistics; has no medical 

meaning (only serial number) 

Numerical 

2 Gender Patient’s sex (M: Male, 

F: Female) 

Nominal 

3 Age Patient’s age (years) Numerical 

https://data.mendeley.com/datasets/wj9rwkp9c2/1
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4 Urea Feature indicating 

kidney function 

Numerical 

5 Cr Creatinine level Numerical 

6 HbA1c Blood sugar level over 

the last 3 months 

Numerical 

7 Chol Total cholesterol level 

in blood 

Numerical 

8 TG Type of fat in the blood Numerical 

9 HDL High-density 

lipoprotein (“good 

cholesterol”) 

Numerical 

10 LDL Low-density 

lipoprotein (“bad cholesterol”) 

Numerical 

11 VLDL Very low-density 

lipoproteins 

Numerical 

12 BMI Body Mass Index Numerical 

 

RESULTS 

Using the RFC algorithm, informative features are extracted from the training datasets 

mentioned above, and a software package for predicting cardiovascular diseases and diabetes is 

developed. 

By using the created intelligent system, it is possible to diagnose a number of diseases in 

patients based on the provided training datasets and similar datasets. 

To ensure the correct operation of the software package, results for each training dataset 

presented in Table 1 are obtained using the intelligent system and ensemble methods: 

 Heart disease dataset – results obtained using the cardiovascular disease training 

dataset: 

o Number of samples: 918 

o Number of features: 12 

RangeIndex: 918 entries, 0 to 917 

Data columns (total 12 columns): 

 #   Column          Non-Null Count  Dtype   

 0   Age             918 non-null    int64   

 1   Sex             918 non-null    object  

 2   ChestPainType   918 non-null    object 

 3   RestingBP       918 non-null    int64 

 4   Cholesterol     918 non-null    int64 

 5   FastingBS       918 non-null    int64 

 6   RestingECG      918 non-null    object 

 7   MaxHR           918 non-null    int64 

 8   ExerciseAngina  918 non-null    object 

 9   Oldpeak         918 non-null    float64 

 10  ST_Slope        918 non-null    object 

 11  target          918 non-null    int64 

dtypes: float64(1), int64(6), object(5) 
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Target column distribution: 

 target 

1 508 

0 410 

Splitting data into training and test sets and normalization 

✓ Training set: 734 samples 

✓ Test set: 184 samples 

Model evaluation 

🔹 Random Forest: 

 Accuracy: 0.8859 (88.59%) 

Precision: 0.8859 

Recall: 0.8859 

F1-Score: 0.8856 

🔹 Gradient Boosting: 

 Accuracy: 0.8641 (86.41%) 

Precision: 0.8660 

Recall: 0.8641 

F1-Score: 0.8644 

🔹 Extra Trees: 

 Accuracy: 0.8913 (89.13%) 

Precision: 0.8915 

Recall: 0.8913 

F1-Score: 0.8910 

🔹 Bagging: 

 Accuracy: 0.8859 (88.59%) 

Precision: 0.8859 

Recall: 0.8859 

F1-Score: 0.8856 

BEST MODEL: Extra Trees 

Accuracy: 89.13% 

 Diabetes Dataset – Results obtained using the diabetes training dataset: 

 Number of samples: 768 

 Number of features: 9 

RangeIndex: 768 entries, 0 to 767 

Data columns (total 9 columns): 

 #   Column                    Non-Null Count  Dtype 

 0   Pregnancies               768 non-null    int64 

 1   Glucose                   768 non-null    int64 

 2   BloodPressure             768 non-null    int64 

 3   SkinThickness             768 non-null    int64 

 4   Insulin                   768 non-null    int64 

 5   BMI                       768 non-null    float64 

 6   DiabetesPedigreeFunction  768 non-null    float64 

 7   Age                       768 non-null    int64 
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 8   target                    768 non-null    int64 

dtypes: float64(2), int64(7) 

Target column distribution: 

 Target 

0 500 

1 268 

Splitting data into training and test sets and normalization: 

✓ Training set: 614 samples 

✓ Test set: 154 samples 

Model Evaluation: 

🔹 Random Forest: 

 Accuracy: 0.7532 (75.32%) 

Precision: 0.7497 

Recall: 0.7532 

F1-Score: 0.7509 

🔹 Gradient Boosting: 

 Accuracy: 0.7597 (75.97%) 

Precision: 0.7556 

Recall: 0.7597 

F1-Score: 0.7568 

🔹 Extra Trees: 

 Accuracy: 0.7273 (72.73%) 

Precision: 0.7182 

Recall: 0.7273 

F1-Score: 0.7179 

🔹 Bagging: 

 Accuracy: 0.7468 (74.68%) 

Precision: 0.7423 

Recall: 0.7468 

F1-Score: 0.7437 

BEST MODEL: Gradient Boosting 

Accuracy: 75.97% 

 Multiclass Diabetes Dataset – Results obtained using the multiclass diabetes 

training dataset: 

 Number of samples: 1000 

 Number of features: 13 

RangeIndex: 1000 entries, 0 to 999 

Data columns (total 13 columns): 

 #   Column     Non-Null Count  Dtype 

 0   No_Pation  1000 non-null   int64 

 1   Gender     1000 non-null   object 

 2   AGE        1000 non-null   int64 

 3   Urea       1000 non-null   float64 

 4   Cr         1000 non-null   int64 

 5   HbA1c      1000 non-null   float64 
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 6   Chol       1000 non-null   float64 

 7   TG         1000 non-null   float64 

 8   HDL        1000 non-null   float64 

 9   LDL        1000 non-null   float64 

 10  VLDL       1000 non-null   float64 

 11  BMI        1000 non-null   float64 

 12  target     1000 non-null   object 

dtypes: float64(8), int64(3), object(2) 

Target column distribution: 

 Target 

Y 844 

N 103 

P 53 

Splitting data into training and test sets and normalization: 

✓ Training set: 800 samples 

✓ Test set: 200 samples 

Model Evaluation: 

🔹 Random Forest: 

 Accuracy: 0.9700 (97.00%) 

Precision: 0.9699 

Recall: 0.9700 

F1-Score: 0.9698 

🔹 Gradient Boosting: 

 Accuracy: 0.9900 (99.00%) 

Precision: 0.9909 

Recall: 0.9900 

F1-Score: 0.9902 

🔹 Extra Trees: 

 Accuracy: 0.9600 (96.00%) 

Precision: 0.9590 

Recall: 0.9600 

F1-Score: 0.9590 

🔹 Bagging: 

 Accuracy: 0.9700 (97.00%) 

Precision: 0.9713 

Recall: 0.9700 

F1-Score: 0.9699 

BEST MODEL: Gradient Boosting 

Accuracy: 99.00% 

The comparative analysis table of the main classifiers in Weka using cross-validation and 

the results obtained via ensemble methods for the datasets used above is presented below: 
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Datas

et 

Decision

Tree 

Rand

om Forest 

NaïveBa

yes 

Logistic 

Regress

ion 

Ensem

ble Method 

Heart 0.8811 
0.904

5 
0.8526 0.8700 0.8913 

Diabet

es 
0.7057 

0.761

7 
0.7565 0.7722 0.7600 

Multic

lass Diabetes 
0.9900 

0.981

4 
0.7720 0.9709 0.9900 

The results indicate that the accuracy values obtained using the ensemble method are 

almost identical to the results of other algorithms and in some cases demonstrate superiority. 

CONCLUSION 

Ensemble methods are an effective approach for improving the accuracy and stability of 

machine learning models. Techniques such as bagging, boosting, and stacking offer different 

strategies for combining models and enable achieving high performance in both classification and 

regression tasks. This provides a unique approach to solving problems related to disease diagnosis 

and prediction. Applying ensemble methods requires careful attention and the correct choice of 

strategy; however, their practical implementation significantly enhances model efficiency and 

reliability across various domains. 
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