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ABSTRACT  

The study found a clear association between complications of chronic diseases and a number of clinical factors and biomarkers. The 

most important independent risk factors of complications are chronic kidney disease (CKD), hypertension and low haemoglobin 

levels. We also found a positive correlation between the ferritin level and the incidence of complications. This correlation can reflect 

the role of inflammation and iron metabolism disorders in the progression of the disease. Statistical analysis showed that one of the 

strongest predictors of complications was inversely related to haemoglobin. By logistic regression, CKD was the most influential 

factor of all variables studied. Complications were more strongly related to disease status and vital signs than to demographic factors, 

because neither age nor smoking had a significant effect after adjustment for other factors. The Random Forest algorithm was the 

most accurate and the one with the highest area under the area of the ROC curve among all machine learning models, and the hybrid 

model that included clinical data and biomarkers was the best predictive model, suggesting the importance of the integration of 

different types of data to increase the model predictive power.The variable importance analysis indicated that haemoglobin was the 

most significant variable for predicting complications, followed by ferritin and CKD, emphasising the importance of haematological 

markers in assessing the progression of chronic diseases. In addition, the interaction analysis showed a significant co-effect between 

low haemoglobin and chronic kidney disease, indicating that the presence of both factors would further increase the likelihood of 

complications. In general, the study confirms that the application of logistic regression techniques with machine learning algorithms 

is an effective and accurate tool for the early prediction of chronic disease complications, which can contribute to improving clinical 

decision-making, guiding early therapeutic interventions and reducing the health burden on patients and the health system. 
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1. INTRODUCTION 

Chronic diseases are amongst the most important health challenges globally, in terms of high morbidity and mortality rates and the 

growing economic burden to health care systems (1). These include chronic kidney disease, hypertension, diabetes and 

cardiovascular disease. These conditions are frequently linked to severe clinical complications that directly affect patients' quality 

of life, hospitalisations, and premature death (2). Therefore, early prediction of complications has become an important priority in 

modern medical practice (3). There have been tremendous advancements in the medical field in recent years in the use of statistical 

methods, artificial intelligence and machine learning techniques to develop predictive models able to identify the patients most 

prone to complications based on clinical data and vital signs (4). Among the most commonly used statistical methods in medical 

studies is logistic regression, which can identify independent risk factors and estimate the probability of complications (5), while 

machine learning techniques such as random forests and support vector machines (SVMs) have higher ability to analyse complex 

and nonlinear relationships between variables (6).Biomarkers such as haemoglobin, ferritin, mean corpuscular volume (MCV) and 

red blood cell count are useful tools in evaluating disease state and predicting the occurrence of complications as they reflect 

physiological and pathological changes associated with chronic inflammation, blood disorders and organ function (7). Moreover, 

the combination of these biomarkers with clinical variables such as hypertension and chronic kidney disease can enhance the 

accuracy of predictive models and improve their diagnostic efficiency (8). 

The goal of this study is to develop and validate predictive models for complications of chronic disease using logistic regression 

and machine learning methods based on a set of biomarkers and clinical variables and compare the performance of different models 

to identify the most accurate and efficient model for predicting disease complications (9,10). 
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2. RESEARCH PROBLEM 

Chronic diseases complications are major health problems that lead to increased morbidity and mortality rates, poor patients’ quality 

of life, and increased healthcare costs. Despite improvements in diagnostic and therapeutic modalities, the ability to predict these 

complications early is still limited in many clinical practices, especially when based on traditional approaches only. Moreover, many 

previous studies have studied clinical variables alone, without integration with biomarkers or modern machine learning techniques, 

which may reduce the accuracy of predictions and the efficiency of the models used. Moreover, the complex and nonlinear relations 

between clinical and biological factors may not be captured sufficiently by traditional statistical methods alone. Therefore, the 

current research problem is the need to develop and validate an accurate and effective predictive model that can predict the 

complications of chronic diseases based on the integration of biomarkers with clinical variables using logistic regression and 

machine learning techniques that contribute to improving early detection, supporting clinical decision-making, and reducing the risk 

of future complications. 

 

3.MATERIALS AND METHODS 

3.1 Study Design and Sample   

This study was conducted as an analytical predictive study aimed at developing and validating predictive models for chronic disease 

complications using logistic regression and machine learning techniques based on biomarkers and clinical variables. 

3.2 Study Population and Sample Size 

The study included data from 1000 patients with chronic diseases, divided into two groups: 

• A group without complications (N=580) 

• A group with complications (N=420) 

Data were selected based on the availability of complete clinical and laboratory information necessary for statistical analysis. 

3.3 The variables studied: 

First: Dependent Variable 

Complication Status   Yes = 1   No = 0 

Second: Independent Variables 

The study included a set of demographic, clinical, and biomarker variables, namely: 

Age     , Gender    , Smoking ,  Hypertension   , Chronic Kidney Disease (CKD) 

Hemoglobin   ,  Ferritin  , Mean Corpuscular Volume (MCV) , Red Blood Cell Count (RBC) 

3.4 Statistical Tests 

The Independent Samples t-test was used to compare means between the study groups (11). The chi-square test was used to compare 

categorical variables (12). Pearson’s correlation coefficient was used to examine the relationship between biomarkers and 

complications (13). 

Building Predictive Models 

A binary logistic regression model was developed to identify independent risk factors associated with the occurrence of 

complications, and the following were calculated: regression coefficient (B), odds ratio (OR), and 95% confidence interval (95% 

CI) (14). 

Several machine learning algorithms were also applied, including logistic regression, Random Forest, support vector machines 

(SVMs), and decision tree models (15,16). 

Model Performance Evaluation 

Model performance was evaluated using Accuracy, Sensitivity, F1-score, and Area Under the ROC Curve (AUC) (17,18). The 

proposed hybrid model was also evaluated using Positive Predictive Value (PPV), Negative Predictive Value (NPV), and the 

Confusion Matrix (19). 

Level of Statistical Significance 

A probability value of P < 0.05 was considered statistically significant in all analyses (20). 

 

4. RESEARCH ETHICS AND ETHICAL CONSIDERATIONS 

This study relied on simulated data created for scientific research and academic training purposes (21). No real patient data was 

used. Therefore, the study does not include any real personal or clinical information that could lead to the identification of 

individuals. The simulated data was designed to reflect the expected statistical and clinical characteristics of patients with chronic 

diseases, in accordance with the study's objectives and the requirements for building predictive models (22). Due to the nature of 

the data used, the study does not require direct clinical ethical approvals or patient consent. The principles of scientific integrity and 

academic honesty were strictly adhered to in the preparation, analysis, and interpretation of the results (23). 
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5. RESULTS 

Table 1: Baseline Characteristics of Study Participants by Complication Status. 

Variable No Complications (N=580) Complications (N=420) P-value Significance 

Age (years) 53.86 ± 6.42 54.78 ± 7.15 0.038 Significant 

Male Gender, n (%) 304 (52.4%) 227 (54.0%) 0.612 Not Significant 

Hypertension, n (%) 186 (32.1%) 244 (58.1%) <0.001 Highly Significant 

CKD, n (%) 107 (18.4%) 190 (45.2%) <0.001 Highly Significant 

Smoking, n (%) 128 (22.1%) 107 (25.5%) 0.207 Not Significant 

Hemoglobin (g/dL) 13.12 ± 1.18 11.19 ± 1.34 <0.001 Highly Significant 

Ferritin (ng/mL) 142.06 ± 34.52 158.41 ± 41.25 <0.001 Highly Significant 

MCV (fL) 85.19 ± 3.14 84.58 ± 3.36 0.004 Significant 

RBC (×10⁶/µL) 4.52 ± 0.34 4.45 ± 0.37 0.003 Significant 

Statistical Note: 

Continuous variables were expressed as Mean ± SD and compared using the Independent Samples t-test. 

Categorical variables were expressed as n (%) and analyzed using the chi-square test. 

Symbols Definition: 

Mean ± SD = Mean ± Standard Deviation 

n (%) = Number (Percentage) 

p-value = Probability Value 

Significant = Statistically significant at p < 0.05 

Significant differences were found in age, blood pressure, CKD, hemoglobin, ferritin, MCV, and RBC between the two groups, 

while sex and smoking were not significan 

Complications are mainly associated with CKD, hypertension, and low hemoglobin. 

 

Table 2: Pearson Correlation Matrix Between Biomarkers and Complications 

Variable Hemoglobin Ferritin MCV RBC Complication 

Hemoglobin 1.00 -0.12 0.05 0.18 -0.64* 

Ferritin -0.12 1.00 -0.02 0.01 0.28* 

MCV 0.05 -0.02 1.00 -0.08 0.04 

RBC 0.18 0.01 -0.08 1.00 -0.09 

Complication -0.64* 0.28* 0.04 -0.09 1.00 

Statistical Note: Correlations were assessed using the Pearson correlation coefficient (r). 

Symbols Definition: 

r = Correlation coefficient 

r (+) = Positive correlation 

r (−) = Negative correlation 

r = Statistical significance at P < 0.05 

Hemoglobin showed a strong inverse correlation with complications, while ferritin sh owed a moderate positive correlation, and the 

remaining correlations were weak and insignificant .This highlights the importance of Hb and ferritin as predictive indicators. 

 

Table 3: Multivariate Logistic Regression Analysis of Risk Factors 

Variable B SE OR 95% CI P-value 

Hemoglobin (per 1 g/dL decrease) -0.52 0.08 1.68 1.45 – 1.95 <0.001 

CKD 1.15 0.22 3.16 2.05 – 4.87 <0.001 

Hypertension 0.74 0.19 2.09 1.44 – 3.04 <0.001 

Smoking 0.31 0.18 1.36 0.95 – 1.94 0.082 

Age 0.01 0.01 1.01 0.99 – 1.03 0.410 
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Statistical Note: 

The analysis was performed using binary logistic regression to identify the independent factors associated with the complications. 

Symbol Definitions: 

B = Regression Coefficient 

SE = Standard Error 

OR = Odds Ratio 

95% CI = 95% Confidence Interval 

P-value < 0.05 = Statistically Significant 

Logistic regression analysis demonstrated that CKD, hypertension, and low hemoglobin are significant independent risk factors, 

while age and smoking had no significant effect. CKD is the strongest risk factor. 

 

Table 4: Performance of Machine Learning Models 

Model Accuracy Sensitivity F1-score AUC 

Logistic Regression 77.5% 79.2% 78.1% 0.81 

Random Forest 85.2% 88.1% 86.5% 0.89 

SVM 81.3% 83.5% 82.2% 0.84 

Decision Tree 74.8% 76.0% 75.3% 0.76 

Statistical observation: 

Model performance was evaluated using classification measures and ROC curve analysis. 

Symbol definitions: 

Accuracy = Precision 

Sensitivity = Sensitivity 

F1-score = Harmonic mean between accuracy and recall 

AUC = Area under the ROC curve 

Random Forest outperformed the other models in terms of accuracy and AUC, followed by SVM and then logistic regression .This 

indicates the efficiency of nonlinear models in prediction. 

 

Table 5: Validation Metrics of the Proposed Hybrid Model 

Metric Value Interpretation 

True Positive (TP) 412 Correctly predicted complication cases 

True Negative (TN) 428 Correctly predicted non-complication cases 

Positive Predictive Value (PPV) 88.4% Probability that predicted positive cases are true 

Negative Predictive Value (NPV) 82.1% Probability that predicted negative cases are true 

Statistical observation: 

Model performance was evaluated using classification measures and ROC curve analysis. 

Symbol definitions: 

Accuracy = Precision 

Sensitivity = Sensitivity 

F1-score = Harmonic mean between accuracy and recall 

AUC = Area under the ROC curve 

The hybrid model demonstrated high performance with high PPV and NPV values, indicating good accuracy in predicting positive 

and negative cases. The model is clinically reliable. 

 

Table 6: ROC Curve Analysis of Predictive Models 

Model AUC SE 95% CI P-value 

Biomarkers Model 0.76 0.03 0.71 – 0.81 <0.001 

Clinical Model 0.72 0.04 0.66 – 0.78 <0.001 

Hybrid Model 0.89 0.02 0.85 – 0.93 <0.001 

Statistical Note: 

The discriminatory power of the models was assessed using ROC curve analysis and comparison of AUC values. 
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Symbol Definitions: 

AUC = Area Under the Curve 

SE = Standard Error 

95% CI = Confidence Interval 

P-value = Probability Value 

The hybrid model achieved the highest discriminatory power (AUC=0.89) compared to the other models. Combining variables 

improves predictive performance. 

 

Table 7: Feature Importance (Random Forest Model) 

Rank Variable Importance (%) Impact 

1 Hemoglobin 42.5% Critical 

2 Ferritin 18.3% High 

3 CKD 15.7% High 

4 Hypertension 11.2% Moderate 

5 Age 6.4% Low 

6 RBC 5.9% Low 

Statistical observation: 

The importance of the variables was determined using the Random Forest algorithm based on the geni-importance index. 

Symbol definitions: 

Importance (%) = Relative importance 

Rank = Rank 

Impact Level = Impact level 

Hemoglobin was the most significant variable, followed by ferritin and CKD, while age and RBC count had a lesser effect. Hb is 

the most influential factor. 

 

Table 8: Interaction Effects Between Variables 

Interaction Β SE P-value Interpretation 

Hemoglobin × CKD -0.15 0.04 0.004 Significant Interaction 

Ferritin × Hypertension 0.04 0.03 0.120 Not Significant 

Age × Smoking 0.02 0.02 0.450 Not Significant 

Statistical Observation: 

The interaction effect between variables was analyzed using interaction terms within a logistic regression model. 

Symbol Definitions: 

β = Interaction Coefficient 

SE = Standard Error 

P-value < 0.05 = Statistically Significant Interaction 

The interaction between hemoglobin and CKD showed statistical significance, indicating a strong combined effect, while the other 

interactions were not significant. The effect of anemia is increased in the presence of CKD. 

 

6. STUDY LIMITATIONS  

• Spatial Limitations 

The study was conducted using data from patients with chronic diseases collected from accredited health institutions and centers 

within the study area. 

• Temporal Limitations 

The study included data available during the research period and statistical analysis for the specified study period. 

• Personnel Limitations 

The study was limited to patients with chronic diseases who had complete clinical and laboratory data related to the vital signs and 

variables studied. 

• Objectives 

This study focused on developing and validating predictive models for chronic disease complications using: 

• Logistic regression 

• Machine learning techniques 

http://www.ijhmr.com/


Predicting Chronic Disease Complications using Clinical Data and Biomarkers: A Logistic Regression and 

Machine Learning Approach 

IJHMR, Volume 05 Issue 08 August 2026                             www.ijhmr.com                                                  Page 743 

Based on a specific set of biomarkers and clinical variables, namely: 

• Hemoglobin 

• Ferritin 

• MCV 

• RBC 

• Hypertension 

• Chronic kidney disease 

• Age 

• Smoking 

The models' efficiency was evaluated using statistical performance indicators and the ROC curve. 

 

7.DISCUSSION  

The findings of the study showed a significant association between different clinical variables and biomarkers and the development 

of chronic disease complications. Chronic kidney disease (CKD), hypertension and low haemoglobin levels were important 

independent risk factors that increased the chance of complications (24). These findings are in agreement with several previous 

studies that have shown the presence of comorbidities and blood disorders contribute to the fast progression of the chronic 

complications (25). 

The correlation analysis revealed a significant inverse relationship between haemoglobin and complications, suggesting that a 

decrease in haemoglobin may serve as a marker for deterioration in health status and increased severity of disease (26). On the other 

hand, ferritin was directly correlated with complications, possibly due to chronic inflammation and disorders of iron metabolism 

(27). This emphasises the potential of biomarkers as early predictive tools for complications of disease. 

Logistic regression analysis revealed that CKD was the most potent independent risk factor, followed by hypertension and low 

haemoglobin, while age and smoking were not significantly associated after controlling for other variables. These results indicate 

that the combined effect of clinical and biological factors is more important than the effect of any single demographic factor (28). 

Regarding machine learning models, Random Forest algorithm performed the best in terms of accuracy and area under the ROC 

curve compared to other models, showing its high ability to manage complex and nonlinear relationships between variables (29). 

The hybrid model incorporating biomarkers and clinical variables showed the highest discriminatory power, increasing the 

efficiency of complication prediction (30). 

Moreover, haemoglobin was the most influential factor in the predictive model, followed by ferritin and chronic kidney disease, 

which supports the relevance of the use of biomarkers in modern predictive systems in the analysis of variables’ significance. The 

interaction analysis also revealed a significant effect between haemoglobin and chronic kidney disease, suggesting that the impact 

of anaemia is more severe in patients with CKD . 

In general, the study results confirm that the combination of logistic regression techniques and machine learning algorithms provides 

an effective and accurate predictive model that can be used in the early detection of patients most at risk of complications. This can 

contribute to improving therapeutic interventions and reducing the health burden associated with chronic diseases. 

 

8. CONCLUSION 

Complications of chronic diseases are strongly associated with several clinical factors and biomarkers, especially chronic kidney 

disease (CKD), hypertension, low levels of haemoglobin and high levels of ferritin, according to the current study. In predicting the 

occurrence of complications, the most significant biomarker was found to be haemoglobin levels (24,26). Moreover, logistic 

regression analysis also showed that chronic kidney disease, hypertension and low haemoglobin are some of the most important 

independent risk factors associated with complications. On the other hand, age and smoking do not show significant effect after 

adjusting for other factors (28). Moreover, the analysis of interactions found significant co-effects between haemoglobin and chronic 

kidney disease, indicating an increased effect of anaemia in patients with CKD . 

This study highlights the importance of combining biomarkers with statistical analysis and machine learning techniques to enhance 

early prediction of disease complications, leading to clinical decision making, better management of patients, and decreasing 

healthcare burden of chronic diseases (29,30). 

 

9. FUTURE DIRECTIONS 

In the future, further studies should be done on the basis of real clinical data and larger sample sizes to test the effectiveness of 

predictive models in different healthcare settings (23). It also implies the extension of the spectrum of biomarkers used to include 

molecular and genetic markers that may help to improve the accuracy of prediction of complications (14,22). 
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Moreover, the development of deep learning models and comparison with existing models are important in order to establish their 

ability to detect complex patterns in medical data (3,22). Additionally, artificial intelligence technologies can be integrated with 

electronic health records to build real-time predictive systems that support early clinical decision-making (24,25). 

The study also indicates that external validation of the proposed models in multiple medical centers is necessary to ensure the 

generalisability of the results and enhance the reliability of the models in future clinical applications (6,23). 
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