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ABSTRACT 

Recent advancements in medical technology have led to increased longevity, 

resulting in aging populations across many nations. Research indicates that experiencing 

coronary heart disease at a young age can have a significantly negative impact on brain 

health. Specifically, individuals who suffer from heart failure are found to be 60% more 

likely to develop dementia. This study proposes a new early detection method for dementia 

by distinguishing it from the associated disease of heart failure using blood testing data. In 

particular, this study uses extra trees (ETs) to create a classification model for identifying 

individuals with dementia and heart failure based on personal and clinical data collected 

during their routine health checkups. The study utilizes a dataset comprising 4,297 records 

from Chiang Rai Prachanukroh Hospital in Chiang Rai Province, Thailand. The 

performance of the proposed model is evaluated and compared with other methods, 

including decision tree, K-nearest neighbors, support vector machine, random forest, 

gradient boosting, and adaptive boosting. The results demonstrate that the proposed ET 

model outperforms other methods in terms of accuracy (89.11%), precision (94.92%), 

recall (92.50%), F-measure (93.70%), and ROC AUC score (78.88%). 
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CHAPTER 1 

INTRODUCTION 

1.1 Background and Problems 

The world is currently facing the challenges of an aging population. In 2017, 

the number of individuals aged 60 or older reached 962 million, which is more than double 

the figure of 392 million in 1980. By 2050, this number is projected to double again, 

reaching nearly 2.1 billion. This would surpass the population of adolescents aged 10-24, 

which is 2.0 billion [1]. Aging is a natural process that is associated with a higher likelihood 

of developing various diseases. The changes that come with age can be categorized into 

normal aging, common diseases, functional changes, cognitive/psychiatric changes, and 

social changes [2]. This study primarily focuses on examining cognitive changes and 

common diseases. The domain of cognitive changes in aging includes alterations in 

cognitive abilities such as memory, attention, and reasoning. Dementia is a condition that 

falls within this domain. A study has shown a clear and consistent correlation between the 

age at which heart disease begins and the likelihood of developing dementia [3]. 

It is important to pay particular attention to individuals diagnosed with heart disease at a 

young age, as they may be at a higher risk of dementia. According to the literature, heart 

failure has also been identified as a significant risk factor for dementia, with a 60% 

increased risk observed in individuals with heart failure compared to those without [4]. 

Furthermore, the study revealed that the overall prevalence of cognitive impairment and 

dementia in all heart disease patients was 41.42% and 19.79%, respectively [5]. Given the 

well-documented correlation between heart failure and dementia, it is crucial to develop a 

classification model that can effectively differentiate between these two conditions. This 

model will play a significant role in enabling early detection and treatment, thereby 

improving patient outcomes and reducing healthcare expenses. 
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Dementia is a disorder that directly affects the brain, impairing the patient’s 

cognitive abilities, particularly memory. It also significantly impacts language, attention, 

decision-making, and planning [6]. In 2015, an estimated 47 million people worldwide 

were living with dementia, and this number is projected to triple by 2050 [7]. Diagnosis 

involves assessing medical history, conducting cognitive and physical examinations, 

laboratory tests, and brain imaging. Managing dementia requires a combination of 

non-pharmacological and pharmacological methods, although the effectiveness of existing 

treatments is still limited [8]. Currently, there is no definitive treatment for dementia [9]. 

However, certain medications inhibit an enzyme responsible for breaking down 

acetylcholine, a neurotransmitter crucial for cholinergic neurons in both the peripheral and 

central nervous systems, highlighting its significance. Therefore, therapies that aim to 

replace lost neurons and prevent neuronal death have the potential to modify the 

progression of dementia and alleviate its symptoms [10]. Furthermore, it is crucial for 

patients to manage risk factors that increase the likelihood of a stroke, such as high blood 

pressure and diabetes [6].  

According to a report by the Heart Failure Society of America, approximately 6.5 

million individuals aged 20 and above in the United States suffer from heart failure, with 

around 960,000 new cases occurring each year. Additionally, 8.5% of deaths related to 

heart disease can be directly linked to heart failure [11]. Heart failure is considered the final 

stage of various heart conditions, including cardiomyopathy, valvular or ischemic heart 

disease, and others [12]. If not treated, these conditions pose a significant risk of repeated 

hospitalization and death [13]. Heart failure is a prevalent condition in elderly patients, and 

its occurrence is influenced by multiple factors associated with aging, such as structural, 

biochemical, clinical, and psychological factors [14]. 

Common symptoms of heart failure include fatigue, dyspnea, swollen ankles, 

exercise intolerance, or symptoms related to the underlying cause. However, it may not be 

enough to solely rely on the presence of clinical features for diagnosis, especially in women 

and elderly or obese patients [15]. Heart failure is a chronic condition that cannot be cured. 

Currently, there are four main treatment options available, which are tailored to 

the patient’s symptoms: making healthy lifestyle changes, using implantable devices for 

heart rhythm control, taking medications, and undergoing surgical interventions. 
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These treatment modalities have significantly improved both the survival and quality of life 

of patients [16]. 

With the rapid advancement of technology, the amount of detail included in 

a patient’s medical information has significantly increased. This includes clinical data, 

diagnosis, and laboratory examination results. However, this data often varies in structure 

and format across different hospitals, and errors may occur due to inaccurate or incomplete 

data collection. Despite these challenges, machine learning methods have successfully 

utilized this medical data, resulting in the development of numerous valuable applications 

in the medical and healthcare fields. Many previous studies have focused on using medical 

data to classify whether a patient has a specific disease, without considering the risk of 

concurrent diseases [17–19]. In contrast, this study aims to develop a predictive model for 

dementia by employing a binary classification between dementia and heart failure, two 

highly correlated diseases. The proposed model utilizes ensemble learning, specifically 

extra trees (ETs), to improve the performance of individual models by combining their 

predictions. The ultimate goal of this classification model is to provide patients with 

awareness of their risk for both dementia and heart failure. This knowledge can then 

facilitate timely treatment interventions. 

1.2 Research Objectives 

The objective of this study is to make a significant contribution to the early 

prediction of high-risk diseases that are commonly observed among the elderly population 

which are dementia and heart failure. By promptly identifying patients in the early stages 

of these diseases, individuals can proactively take measures to effectively manage their 

health. This approach promotes timely self-care and facilitates prompt access to treatment, 

thus alleviating the financial burden associated with expensive healthcare costs. 

Additionally, the model developed through this study has the potential to support specialists 

in conducting preliminary risk assessments and can provide valuable assistance in making 

informed decisions. 
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1.3 Scope 

This study primarily focuses on developing machine learning models specifically 

designed to differentiate between dementia and heart failure by employing effective 

algorithms and techniques to enhance the accuracy and reliability of the models. 

Then, evaluate the performance of the developed models through rigorous testing and 

validation procedures. 

1.4 Thesis Structure 

The thesis structure is introduced in this section to outline the organization and 

sequence of the work. Each chapter is briefly summarized, highlighting the main content 

and objectives. This summary allows readers to gain a comprehensive overview of 

the thesis and grasp the key components and progression of the research. 

Chapter 2: Literature Review, this chapter presents a comprehensive review of 

relevant literature, including previous studies and research findings, to establish the 

theoretical foundation and contextualize the research. 

Chapter 3: Research Methodology, this chapter presents the detail of the research 

methodology including experimental procedures, data collection, data preprocessing, data 

modeling, and model evaluation to achieve the experiment result. 

Chapter 4: Results, this chapter presents the results of the research study, which 

included the Pearson correlation coefficient, accuracy, precision, recall, F1-score, and 

AUC-ROC score. These measures were used to assess the performance and predictive 

capabilities of the implemented model.  

Chapter 5: Conclusion, this chapter synthesizes the outcomes of this study, offering 

information into their implications and providing recommendations for future research 

directions. 



 

 
CHAPTER 2 

LITERATURE REVIEWS 

This section provides an overview of current research on the development of 
a classification model for dementia and heart failure. With the continuous advancement of 

technology, the amount of available data is increasing, and machine learning classifiers are 

increasingly being used to analyze and predict the likelihood of these diseases. This section 

aims to provide a thorough understanding of the current state of research in this field. 

2.1 Related Work 

2.1.1 Dementia and Heart Failure Association 

Heart failure increases the risk of developing dementia due to reduced blood flow 

caused by the heart's inefficiency. This diminished circulation can lead to cerebral 

ischemia, a condition that impacts the brain's blood vessels, known as cerebral blood flow, 

ultimately leading to their deterioration. As a result, this process triggers cognitive 

problems related to the accumulation of tau protein and decreased levels of amyloid-β in 

the plasma [20], both of which have been linked to predicting the risk of dementia [21]. 

The decline in cerebral blood flow appears to worsen cognitive impairment associated with 

heart failure, while individuals who undergo heart transplantation often experience 

improved cerebral blood flow, resulting in enhanced cognitive function [22–23].  

Numerous studies have highlighted the complex relationship between these 

conditions, revealing that individuals dealing with heart failure have a significantly higher 

chance of experiencing cognitive decline and dementia compared to those without heart-

related problems. For example, a comprehensive study [24] found a higher occurrence of 

dementia among individuals with heart failure compared to those without.  
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Similarly, Wolters et al. [4] demonstrated the significant impact of heart failure as 

a major risk factor for dementia. The research revealed a staggering 60% increased risk of 

developing dementia in individuals diagnosed with heart failure compared to those without 

this heart condition, aligning with the higher occurrence of dementia among individuals 

with heart failure observed in an earlier study. This statistical finding emphasizes 

the substantial influence of heart failure on the heightened vulnerability to cognitive decline 

and potential development of dementia in affected individuals. Such evidence suggests 

the need for early detection of both dementia and heart failure, which is the objective of 

this study. 

2.1.2 Predictive Model for Dementia 

Researchers are continuously evolving and exploring predictive models for 

dementia, with many studies using data from direct magnetic resonance imaging (MRI) 

scans [25–31]. MRI is a crucial complementary imaging technique used to diagnose 

intracranial neurological injuries and predict cognitive and behavioral outcomes in patients 

[32]. In a study by [9], a model incorporating MRI data was developed, supplemented by 

the inclusion of clinical data from dementia patients. This integrated approach allowed for 

a more comprehensive model construction, leveraging both MRI data and clinically 

relevant information, potentially enhancing the accuracy and depth of insights into 

dementia-related research. However, the complexity and high cost associated with 

integrating MRI data into research present significant barriers to patient access. Moreover, 

recent literature has highlighted the extensive use of different machine-learning methods in 

developing predictive models for dementia. These methods encompass classical supervised 

learning techniques such as support vector machine (SVM) [25–26] and naïve Bayes [29], 

ensemble-based learning methods like gradient boosting (GB) [33] and random forest (RF) 

[34], as well as deep learning methods [29] designed to handle large datasets. Additionally, 

eXtreme gradient boosting (XGBoost) [9] has been recognized as an effective way to 

enhance model performance [27]. 

2.1.3 Predictive Model for Heart Failure 

A review of the current studies on heart failure classification shows that there is 

variation in the data used, which can be attributed to differences in the sources of data 

acquisition. In a study by researchers in [35], they used a dataset that included six main 
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features: weight, systolic blood pressure, diastolic blood pressure, heart rate, oxygen 

saturation, and diuretic usage. Additionally, patient well-being information was collected 

through responses to eight questions. The XGBoost classifier was then used to predict 

cardiac decompensation events in patients with heart disease. In another study [36], RF was 

found to be the most accurate predictive model after evaluating several algorithms, using 

a dataset of 299 heart failure patients. Another study [37] divided the data into two groups 

for model construction, based on risk factors of heart disease. The first group consisted of 

patients with heart disease, influenced by unavoidable factors such as patient age and sex. 

The factors for the second group included lifestyle behaviors such as chest pain type, resting 

blood pressure, serum cholesterol, fasting blood sugar, resting electrocardiographic results, 

maximum heart rate achieved, exercise-induced angina, oldpeak, peak exercise slope, 

number of major vessels colored by fluoroscopy, and thallium scan. The SVM model was 

then applied to tune the hyperparameters to appropriately differentiate each dataset and 

merged to create a hybrid grid search algorithm (HGSA) with the highest accuracy. 

2.1.4 Classification Model for Dementia and Heart Failure 

In general, it is challenging to detect dementia in adults using MRI diagnosis [38]. 

Similarly, accurate examinations and treatment for heart failure require data collection 

devices [39]. Therefore, this study proposes the use of regular checkup data to develop 

classification models for these two diseases. Specifically, the blood test dataset and 

personal data are employed due to the significant collinearity among their features. 

Some of these features can help predict the occurrence of the diseases.  

In the blood test dataset, hemoglobin plays a crucial role in maintaining cellular 

bioenergetic homeostasis by facilitating oxygen binding and transportation to tissues [40]. 

On the other hand, platelets are commonly used in the treatment of vascular injuries [41]. 

Both hemoglobin and platelet levels have been shown to correlate with disease activity 

[42–43], indicating their effectiveness in predicting disease progression [44]. 

Neutrophils and lymphocytes are types of white blood cells [45], and their ratio, known as 

the neutrophil-lymphocyte ratio, can serve as a biomarker providing insights into 

inflammatory activity during the acute phase of coronary syndrome [46]. Potassium, 

an electrolyte, has been suggested as a preventive measure against the onset of Alzheimer’s 

disease when maintained at high levels of intake as a non-pharmacological therapy [47]. 
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Creatinine and blood urea nitrogen, in conjunction with urine-specific gravity and 

osmolality, are used to assess kidney function and offer relatively insensitive indicators of 

kidney damage [48]. In terms of personal data, age and biological characteristics are closely 

linked to health-related behaviors [49] and are connected to the morbidity load of 

multimorbid patients [50]. When compared to traditional methodologies like MRI scans, 

which can be difficult to obtain and carry associated risks [51], particularly in resource-

limited settings with limited access to advanced medical technology, using blood test 

datasets as diagnostic data offers a cost-effective and convenient alternative to conventional 

testing techniques [52]. The primary objective of this study is to investigate this alternative 

approach. 

Many machine learning models have been extensively used for constructing 

models. Several previous studies have concentrated on popular binary classification models 

like K-nearest neighbors (KNN), decision tree (DT), and SVM. Furthermore, 

numerous studies have utilized techniques from ensemble learning groups, such as RF, GB, 

and adaptive boosting (AdaBoost). KNN, DT, and SVM have proven to be effective binary 

classification algorithms for decades. KNN classifies instances based on the majority class 

of their k-nearest feature space neighbors. It is particularly suitable for datasets with 

overlapping classes as it evaluates neighboring instances instead of identifying class 

domains [53]. DT, known for its intuitiveness, simplicity, accuracy, and prediction ability, 

is popular for prediction and categorization tasks [54]. Its effectiveness extends to targeting 

prevention and intervention for high-risk individuals [55]. On the other hand, SVMs are 

adaptable and effective classifiers even with small sample sets [56]. They have been 

successfully used in predicting diagnoses and prognoses for diseases such as Alzheimer’s, 

schizophrenia, and depression [57]. 

RF is a sophisticated ensemble learning technique that randomly samples training 

datasets and aggregates predictions to construct DTs. This method reduces overfitting and 

effectively handles high-dimensional data, improving pattern identification [58–59]. 

GB utilizes multiple weak DTs instead of a single strong model to generate accurate 

predictions. By iteratively combining DTs that reflect residuals, it minimizes errors and 

enhances prediction accuracy, particularly as the number of iterations increases and 

the residuals decrease [60]. AdaBoost builds strong classifiers from weak ones through 

weighted voting. It achieves this by finding the optimal threshold in one dimension to 
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divide data into two categories. However, the algorithm may require improvements in 

certain scenarios due to its potential for poor generalization and overfitting [61]. 

While previous studies mainly focused on predicting a single disease using ensemble 

learning models, this analysis chooses the ETs algorithm because of its suitability for 

handling datasets with high collinearity among features, such as clinical data [62]. 

Additionally, the algorithm demonstrates robustness to outliers and effectively handles 

missing data, making it a fitting choice for this analysis. A comparative study [63] also 

showed that ET outperformed other ensemble learning classifiers in disease prediction 

tasks. 

However, in terms of dataset, doctors often do not collect blood results from 

patients with dementia because there is no perceived necessity for such testing. This lack 

of data leads to an imbalanced dataset, a common issue in medical research where one class 

is underrepresented compared to others. Addressing imbalanced datasets is crucial for 

improving model performance, and several techniques have been developed for this 

purpose. One such method is Synthetic Minority Over-sampling Technique for Nominal 

and Continuous (SMOTENC), which has been applied to various datasets, showing 

improved model performance by effectively balancing the classes, and has also been tested 

in real datasets like those related to heart failure, demonstrating its practical applicability 

and effectiveness [64-65]. Additionally, advanced techniques such as Conditional Tabular 

Generative Adversarial Networks (CTGAN) have been employed to generate high-quality 

synthetic data, effectively addressing the issue of imbalanced datasets. These synthetic data 

generation methods provide a robust solution for ensuring that machine learning models 

have sufficient representative data from all classes, thereby enhancing their predictive 

performance and reliability [66-68]. 

Therefore, this study proposes a new classifier model that uses the relationships 

between features in blood test data and personal data to classify two diseases: dementia and 

heart failure. Taking into account the correlation between the features in the blood test data 

and personal data, the ET classifier was chosen to model the datasets collected from Chiang 

Rai Prachanukroh Hospital in Chiang Rai Province, Thailand. To address the issue of 

imbalanced datasets, the model will also adapt Synthetic Minority Over-sampling 

Technique for Nominal and Continuous (SMOTENC) and Conditional Tabular Generative 

Adversarial Networks (CTGAN). The model’s performance was evaluated and compared 
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to other existing methods in terms of accuracy, precision, recall, F-measure, and receiver 

operating characteristic area under the curve (ROC AUC) score. Additionally, the proposed 

model was compared to practical binary classification algorithms such as KNN, DT, and 

SVM, as well as other methods from ensemble learning groups, including RF, GB, and 

AdaBoost. 

2.2 Theory of Computation 

This section provides a fundamental exploration of the principles and capabilities 

of computational systems, which serve as a theoretical foundation for understanding and 

analyzing algorithms and computational models employed in this study. 

2.2.1 Data Cleaning by Interquartile Range 

Outliers can significantly impact the results of the analysis and modeling. It is 

crucial to ensure that our training data set does not include abnormal or significantly 

different data points, as these outliers can adversely affect the model's ability to learn and 

accurately predict outcomes. Therefore, it is essential to remove them to ensure 

the accuracy of the results. 

The method to be selected in this study is called the interquartile range method 

(IQR) which is a statistical technique to measure the spread or dispersion of a dataset. 

The concept of calculation is based on the data points between the 1st quartile and the 3rd 

quartile of value as shown on the Equation (1). 

Where IQR represents the Interquartile Range, with 𝑄! being the 1st quartile or 

25th percentile, and 𝑄" being the 3rd quartile or 75th percentile. After calculating the IQR 

value, the data points that fall below the lower outliers (Equation 2) or above the upper 

 𝐼𝑄𝑅 = 𝑄" − 𝑄! (1) 

 𝐿𝑜𝑤𝑒𝑟	𝑂𝑢𝑡𝑙𝑖𝑒𝑟𝑠 = 𝑄! − (1.5 ∗ 𝐼𝑄𝑅) (2) 

 𝑈𝑝𝑝𝑒𝑟	𝑂𝑢𝑡𝑙𝑖𝑒𝑟𝑠 = 𝑄" + (1.5 ∗ 𝐼𝑄𝑅) (3) 
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outliers (Equation 3) would be identified as outliers which are deducted before training 

the model. 

2.2.2 One-Hot Encoding 

One-Hot encoding is a widely used technique for converting nominal or categorical 

variables into a numeric value for machine learning models. It is especially handy when 

handling with discrete variables that don't possess any inherent order or numerical meaning. 

By applying One-Hot encoding, it ensures that the machine learning algorithms do not 

mistakenly assume any ordinal relationship among the categories. Instead, each category is 

represented by a separate binary column, enabling the models to effectively interpret 

the categorical information. 

2.2.3 Mean Imputation 

Mean imputation is a widely used method for addressing missing values in datasets 

by replacing them with the mean value of the respective variables. This technique is 

applicable across variable types, encompassing both continuous and categorical data. 

However, it is important to acknowledge that mean imputation can be influenced by 

outliers within the dataset, potentially affecting the accuracy and reliability of subsequent 

analyses. 

2.2.4 Maximum Absolute Scaling 

Maximum absolute scaling is a fundamental technique used to normalize data by 

dividing each observation by the maximum value of the variable. This process ensures that 

all values are proportionally adjusted to a uniform range relative to the variable's maximum, 

which promotes consistency and enhances computational effectiveness across diverse 

datasets. By employing maximum absolute scaling, models can improve the robustness and 

reliability of computational outcomes, ultimately optimizing the performance and accuracy 

of their processes. 

2.2.5 Yeo-Johnson Transformation 

Yeo-Johnson transformation is a statistical method used to normalize data and 

stabilize its variance. It's an extension of the Box-Cox transformation, designed to handle 

variables with positive, negative, or zero values. By applying a specific formula to each 
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data point based on its original value, Yeo-Johnson adjusts the distribution towards 

normality. This transformation is valuable in statistical modeling and analysis, particularly 

when dealing with skewed data or varying levels of variance. It helps ensure data quality 

and enhances the reliability of statistical inferences and model performance. 

2.2.6 SMOTENC 

Synthetic Minority Over-sampling Technique for Nominal and Continuous 

features is a method in machine learning used to handling imbalanced datasets. It builds on 

the original SMOTE (Synthetic Minority Over-sampling Technique) by handling datasets 

with both numerical (continuous) and categorical (nominal) features. This technique 

creates new synthetic examples for minority class instances by looking at their closest 

neighbors in the dataset's feature space. By doing this, SMOTENC helps balance 

the distribution of classes in datasets where one class is much less common than the others. 

This balancing act is crucial because it can improve the performance of machine learning 

models, particularly classifiers, by providing them with more evenly represented training 

data. 

2.2.7 CTGAN 

Conditional Generative Adversarial Network (CTGAN) is a machine learning 

model designed to generate synthetic data that closely resembles real-world datasets by 

using a generative adversarial network (GAN) framework. CTGAN learns from existing 

data to create new examples that replicate the statistical characteristics of the original data. 

While effective, CTGAN requires sufficient data to learn meaningful patterns and produce 

realistic synthetic datasets, making it a powerful tool for data augmentation and model 

training. 

2.2.8 Decision Tree 

 
𝐺𝑖𝑛𝑖 = 1 −=(𝑃#)$

%

#&!

 (4) 

 
𝐸𝑛𝑡𝑟𝑜𝑝𝑦 ==−

%

#&!

𝑃#𝑙𝑜𝑔$(𝑃#) (5) 



13 

 

Decision Tree (DT) is a machine learning algorithm that uses a tree structure to 

classify subjects based on an outcome by using a splitting criterion, such as Gini impurity 

(Equation 4) or entropy (Equation 5) where p is a probability of each class in each node, to 

measure the impurity of a node. It recursively performs splitting by evaluating all possible 

features and thresholds to find the optimal split that maximizes information gain or reduces 

impurity which is allowing the algorithm to effectively partition the data and make 

predictions based on learned patterns. It is widely applied for prediction and classification 

due to its intuitive, easy understanding, high accuracy, and high prediction ability [54]. 

While commonly used in medical screening and diagnostics for disease prediction, decision 

trees are increasingly being applied in public health research to identify complex 

relationships between outcomes and risk factors. The insights provided by decision trees 

can be used to target prevention and intervention measures for the most at-risk individuals 

[55]. 

2.2.9 Random Forest 

Random Forest (RF) is a powerful ensemble learning algorithm that improves 

accuracy by combining multiple decision trees to make predictions by randomly sampling 

training data sets to generate Decision Trees model and then performing aggregation 

prediction according to the majority voting principle to get the prediction results. 

It effectively handles high-dimensional data and reduces overfitting, substantially 

enhancing pattern recognition accuracy [58–59]. 

2.2.10 Extra Trees 

Extra Trees algorithm, or Extremely Randomized Trees, is an ensemble learning 

method that builds multiple decision trees. It differs from other tree-based models by 

introducing additional randomness in the splitting process. Instead of searching for the 

optimal cut point based on the Gini index (Equation 4) or other criteria, Extra Trees 

randomly selects cut points. The final prediction is made by aggregating the outputs of 

the individual trees. Computational efficiency is a significant strength of this algorithm 

[69-70]. 
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2.2.11 Gradient Boosting 

 𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 = 𝐴𝑐𝑡𝑢𝑎𝑙 − 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 (6) 

 𝑈𝑝𝑑𝑎𝑡𝑒𝑑	𝑀𝑜𝑑𝑒𝑙

= 𝐶𝑢𝑟𝑟𝑒𝑛𝑡	𝑀𝑜𝑑𝑒𝑙

+ (𝐿𝑒𝑎𝑟𝑛𝑖𝑛𝑔	𝑅𝑎𝑡𝑒 ∗ 𝑊𝑒𝑎𝑙	𝐿𝑒𝑎𝑟𝑛𝑒𝑟	𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛) 

(7) 

 
𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 ==(𝐿𝑒𝑎𝑟𝑛𝑖𝑛𝑔	𝑅𝑎𝑡𝑒 ∗ 𝑊𝑒𝑎𝑘	𝐿𝑒𝑎𝑟𝑛𝑒𝑟	𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠)

%

#&!

 (8) 

Gradient Boosting (GB) is an ensemble learning technique that utilizes multiple 

weak decision trees to make accurate predictions rather than using one robust model. 

The prediction accuracy is improved by minimizing errors by combining decision trees that 

reflect residuals, improving accuracy as the number of iterations increases and the residual 

decreases [60]. The algorithm starts with an initial model and calculates the residuals by 

subtracting the actual values from the model's predictions (Equation 6). Then, it literately 

trains weak learners on these residuals and updates the model by adding the weighted 

predictions of the weak learners (Equation 7), with the learning rate controlling 

their contribution. The prediction is obtained by combining the predictions of all the weak 

learners, weighted by their learning rates (Equation 8). 

2.2.12 Adaptive Boosting 

 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟	𝑊𝑒𝑖𝑔ℎ𝑡 = 0.5 ∗ ln O
1 − 𝐸𝑟𝑟𝑜𝑟
𝐸𝑟𝑟𝑜𝑟 P (9) 

 𝑈𝑝𝑑𝑎𝑡𝑒𝑑	𝑆𝑎𝑚𝑝𝑙𝑒	𝑊𝑒𝑖𝑔ℎ𝑡

= 𝑆𝑎𝑚𝑝𝑙𝑒	𝑊𝑒𝑖𝑔ℎ𝑡

∗ exp(𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟	𝑊𝑒𝑖𝑔ℎ𝑡 ∗ 𝐼𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟) 

(10) 

 
𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑	𝑆𝑎𝑚𝑝𝑙𝑒	𝑊𝑒𝑖𝑔ℎ𝑡 =

𝑆𝑎𝑚𝑝𝑙𝑒	𝑊𝑒𝑖𝑔ℎ𝑡
𝑆𝑢𝑚	𝑜𝑓	𝑆𝑎𝑚𝑝𝑙𝑒	𝑊𝑒𝑖𝑔ℎ𝑡 

(11) 
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𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 = 𝑆𝑖𝑔𝑛 X=(𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟	𝑊𝑒𝑖𝑔ℎ𝑡

%

#&!

∗ 𝑊𝑒𝑎𝑘	𝐿𝑒𝑎𝑟𝑛𝑒𝑟	𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛)Y 

 

 

(12) 

Adaptive Boosting (AdaBoost) is an ensemble learning algorithm that employs 

weighted voting to combine weak classifiers and construct strong classifiers. The algorithm 

aims to identify the optimal threshold in one of the data dimensions, dividing the data into 

two categories to distinguish between different classed based on the given features or 

attributes. AdaBoost starts by initializing sample weights, trains weak learners on the data, 

and calculates classifier weights (Equation 9) based on their performance. The algorithm 

then updates the sample weights (Equation 10), giving more importance to misclassified 

samples. To maintain balance, the sample weights are normalized (Equation 11). 

Finally, the weak learners' predictions are combined using their respective classifier 

weights through weighted voting, resulting in the final classification (Equation 12). 

Nevertheless, the algorithm's accuracy may need to be improved in certain circumstances, 

resulting in subpar generalization performance and over-fitting tendency [61]. 

2.2.13 K-Nearest Neighbors 

 𝐸𝑢𝑐𝑙𝑖𝑑𝑒𝑎𝑛	𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = [(𝑥$ − 𝑥!)$ + (𝑦$ − 𝑦!)$ (13) 

 𝑀𝑎𝑛ℎ𝑎𝑡𝑡𝑎𝑛	𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = |𝑥$ − 𝑥!| + |𝑦$ − 𝑦!| (14) 

K-Nearest Neighbors (KNN) is a data mining algorithm primarily used for 

classification tasks. It determines the class of an instance based on the majority class of its 

k nearest neighbors in the feature space. KNN relies on a local neighborhood approach, 

where it considers a few adjacent instances to make the classification decision, making it 

particularly suitable for datasets with overlapping classes. Unlike some algorithms, 

KNN does not explicitly identify the class boundaries or domain; instead, it focuses on the 

nearby instances for classification [53]. It starts by calculating the distances between the 

instance to be classified and all instances in the training set which need to specify a 

hyperparameter. Then, it selects the k nearest neighbors based on these distances using 

distance metrics such as Euclidean or Manhattan distance. Next, it determines the majority 
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class among these neighbors for classification. Finally, it assigns the instance to 

the determined class. KNN's reliance on local neighbors and its straightforward nature 

makes it a versatile algorithm, particularly suitable for classification tasks involving 

overlapping classes. 

2.2.14 Support Vector Machine 

Support Vector Machine (SVM) is a powerful algorithm widely utilized for 

classification tasks, known for its excellent performance [56]. It is a flexible and effective 

classifier, particularly beneficial for studies with limited sample sizes. The SVM algorithm 

involves five key steps. Firstly, the data is prepared, ensuring labeled training data is 

available. If necessary, feature transformation techniques such as the kernel trick can be 

applied. Next, the model is trained by finding an optimal hyperplane that maximizes 

the margin between classes using an optimization problem. SVM has found applications in 

various domains, including the diagnosis and prognosis of brain diseases like Alzheimer's 

disease, schizophrenia, and depression [57]. 

2.2.15 Pearson Correlation Coefficient 

The Pearson method was used to visualize the correlation coefficient between 

the features. The Pearson correlation coefficient (r) is a widely used measure of linear 

correlation between two variables, ranging from -1 to 1. It quantifies the strength and 

direction of the relationship between the variables, with a value of -1 indicating a perfect 

negative correlation, 0 indicating no correlation, and 1 indicating a perfect positive 

correlation, as in Equation (15). The interpretation is depicted in Table 2.1. 

  

𝑟 = 	
𝛴(𝑥# − 𝑥̅)(𝑦# − 𝑦̀)

[𝛴(𝑥# − 𝑥̅)$𝛴(𝑦# − 𝑦̀)$
 

 

(15) 

Where r is correlation coefficient, 𝑥# is value of x-variable in the dataset, 𝑥̅ is mean 

of x-variable in the dataset, 𝑦#  is value of y-variable in the dataset, and 𝑦̀  is mean of 

y-variable in the dataset. 
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Table 2.1 Pearson Correlation Coefficient Interpretation 

Pearson Correlation 

Coefficient 
Correlation Type Interpretation 

Between 0 and 1 Positive Correlation The feature change consistency in 

the same direction. 

0 No Correlation There is no correlation between 

the features. 

Between 0 and -1 Negative Correlation The features change consistency in 

the opposite direction 

2.2.16 Shapley Value 

SHAP (SHapley Additive exPlanations) values are a method used in machine 

learning to explain individual predictions by attributing the contribution of each feature to 

the model's output. SHAP values quantify the impact of features on predictions by 

considering all possible combinations and their contributions. They provide interpretable 

insights into how each feature influences predictions, including its direction and magnitude 

of effect. This capability makes SHAP values valuable for understanding feature 

importance, interactions between features, and overall model behavior across different 

types of machine learning models. 

2.2.17 Evaluation Metrics 

Evaluation metrics are quantitative measures used to evaluate the performance and 

effectiveness of a machine learning model. These metrics can indicate of the model’s 

predictive capabilities and help in comparing the different models to optimize the model’s 

performance. In this study, the research utilized five metrics to evaluate the model 

performance: 

1. Accuracy is a ratio of correctly predictive results of observations to total 

observations, as shown in Equation (16). 

  (16) 
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 	
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃 + 𝑇𝑁 

2. Precision is the proportion of correctly predicted positive observations to all 

predicted positive observations, as shown in Equation (17). 

  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 	
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 
(17) 

 

3. Recall or Sensitivity is the proportion of correctly predicted positive 

observations to all observations in the positive of the actual class as in Equation (18). 

  

𝑅𝑒𝑐𝑎𝑙𝑙 = 	
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 

 

(18) 

4. F1 Score is the weighted average calculation of the precision and recall value 

as in Equation (10), to provides a balanced measure of the model’s performance. 

  

𝐹1	𝑠𝑐𝑜𝑟𝑒 = 2 ∗	
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 

 

(19) 

5. AUC-ROC Score measures the separability and performance of a classification 

model. It provides a single value to quantify the capability of distinguishing between 

positive and negative instances, with higher values indicating better performance. 

It’s an iterative calculation the value of True Positive Rate (Recall) and False Positive Rate 

(FPR, as shown in Equation 20). The final formula shows in Equation (21). 

 𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃 + 𝑇𝑁 (20) 

 
𝐴𝑈𝐶𝑅𝑂𝐶 ==(𝑇𝑅𝑃[𝑖] ∗ (𝐹𝑃𝑅[𝑖 + 1] − 𝐹𝑃𝑅[𝑖]))

%

#&'

 (21) 

 



 
 

 
CHAPTER 3 

RESEARCH METHODOLOGY 

The research methodology of the study is illustrated in Figure 3.1, covering data 

collection, data preprocessing, feature engineering, and model construction. 

3.1 Research Overview 

 

Figure 3.1 Overview of the Methodology Process Diagram 

As shown in Figure 3.1, this study aims to classify diseases that may pose a risk 

to patients by utilizing machine learning techniques. The objective is to develop 

a classification model that accurately identifies a risk disease based on patient-related 

factors. To achieve these objectives, this study employed a 4-step process in this study, 

data collection, data preprocessing, feature engineering, and model construction. 

The study received ethical approval from the Mae Fah Luang University Ethics 

Committee, as documented in Appendix C, which ensured that all research procedures 

adhered to the institution's ethical standards, particularly in the use of patient-related 

data.
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3.2 Data Collection 

 

Figure 3.2 Data Attributes 

Figure 3.2 presents the data collected from Chiang Rai Prachanukroh Hospital, 

Chiang Rai Province, Thailand, comprising 4,297 records. The dataset includes 10 

blood test features categorized into dementia (represented by the codes F00, F01, F02, 

and F03) and heart failure (represented by the code I50) based on the International 

Classification of Diseases 10th Revision (ICD-10) codes. 

Exploratory Data Analysis (EDA) was conducted to further examine these 

findings and provide graphical representations of the distribution and correlation of 

features in the dataset. These visual representations (Appendix A) significantly 

contributed to understanding their importance within the context of the study. Based on 

the visualizations in Appendix A, biological characteristics and hemoglobin emerged 

as significant features during the analysis. The dataset revealed a higher incidence of 

both conditions among females, which is consistent with established statistics 

indicating that females are more susceptible to dementia [71–73] and heart failure 

[73–74]. Additionally, hemoglobin levels, recognized as a potential biomarker for 

disease activity [42–43], showed relevance to both heart failure and dementia risk 

[75–76]. 

Furthermore, a comprehensive statistical analysis was conducted using a 

two-tailed distribution and two-sample unequal variance testing, which revealed low 

p-values associated with key factors: creatinine, blood urea nitrogen, hemoglobin, 
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white blood cells, neutrophils, platelets, and lymphocytes. These extremely low 

p-values indicated strong statistical significance. Typically, a p-value of 0.05 or lower 

is considered the standard threshold for determining statistical significance. However, 

the values obtained for these factors were notably smaller, suggesting an exceedingly 

low probability of these results occurring by chance. Specifically, a p-value close to 

zero suggests that the observed relationships between these blood test features, and 

the targeted outcomes (dementia and heart failure) were highly unlikely to be random 

fluctuations in the data. Such insights underscore the predictive potential and 

consequential impact of these features. 

3.3 Data Preprocessing 

 

Figure 3.3 Data Preprocessing Workflow Diagram 

As shown in Figure 3.3, data preprocessing is a critical initial phase that refines 

raw data to enhance completeness and enable efficient training for subsequent analysis 

and modeling. This process ensures the quality of the data and sets the groundwork for 

further analysis. 

3.3.1 Removing the Disease Code 

The specific code forms of the principal diagnosis (PDX) variables associated 

with disease-indicative ICD-10 codes were excluded from this study. These codes 

directly indicate the patient’s illnesses, which could potentially give the classifier 

an unfair advantage. This exclusion was done while keeping other disease codes that 

are not related to dementia or heart failure. 
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3.3.2  Feature Encoding 

To enhance the learning process of machine learning algorithms, this study 

employed specific encoding techniques to transform the data. Nominal data was 

subjected to one-hot encoding, while categorical data was processed using ordinal 

encoding. These transformations allowed the algorithm to effectively interpret and 

learn from the dataset. 

3.3.3  Outlier Handling 

The principle of interquartile range, as described in Equation (1), was used in 

this study to identify and remove outliers from the dataset. Removing outliers was 

considered essential due to their potential to greatly impact analysis and modeling 

results. Specifically, this study examined data that fell within the 25th and 75th 

percentiles. 

3.3.4  Missing Value Imputation 

To ensure effective learning within the model, it was considered crucial to 

handle the missing data in the dataset. In this study, the missing values were replaced 

with the mean value of the feature. This approach was chosen to enable the model to 

learn from a complete dataset and thereby improve its performance. 

3.4 Feature Engineering 

 

Figure 3.4 Feature Engineering Process Diagram 

 



23 
 

As shown in Figure 3.4, after receiving the preprocessed data, the feature 

engineering process began by separating the data into categorical and continuous types. 

Continuous features were then subjected to a maximum absolute scaler and Yeo–

Johnson transformation. Once optimized, these features were combined for model 

construction.  

3.4.1 Dataset Segregation 
After preprocessing the dataset, it was divided into two distinct categories: 

continuous and categorical. Subsequently, this study focused on enhancing 

the continuous data through feature engineering. The goal was to enrich the dataset with 

more informative attributes, thereby improving machine learning capabilities for more 

accurate predictive outcomes. 

3.4.2 Feature Scaling 
The maximum absolute scaler used in this study to normalize the data offered 

several advantages. By adjusting the scale of each feature relative to its maximum 

absolute value, this technique ensured that all features were uniformly represented 

within a range of –1 to 1. This normalization not only standardizes the data but also 

reduces the influence of outliers, making the dataset more robust against extreme 

values. Moreover, this process preserves the relative relationships between feature 

values while enabling fair and accurate comparisons across features. This improvement 

enhances the interpretability and performance of the subsequent analysis and modeling. 

3.4.3 Skewed Data Normalization 
The Yeo–Johnson transformation was used in this study to address data 

skewness, improving model accuracy and ensuring more reliable predictions. Skewed 

data can significantly hinder machine learning model performance because many 

algorithms assume a normal distribution. Excessive distortion in the data can lead 

the model to learn inaccurate patterns, misrepresent true data relationships, and 

introduce bias into predictions. Rectifying skewed data not only improves 

interpretability by establishing clearer variable relationships but also mitigates 

these issues. 
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3.4.4 Dataset Integration 
After performing feature engineering on the continuous data, the refined dataset 

was combined with the previously separated categorical data. This merger was done as 

a preparatory step to facilitate dataset partitioning for the subsequent model construction. 

3.5 Model Construction 

 

Figure 3.5 Overview of the Model Construction Process 

As shown in Figure 3.5, the model construction process began with dividing 

the initial data into training and test sets. After that, the training dataset underwent 10-

fold cross-validation to validate the ET model [77]. Subsequently, the ET classifier was 

trained using the oversampled dataset from the training set, along with the training of 

other classifiers, to evaluate their performances. 

3.5.1 Dataset Splitting for Training and Testing 
As recommended in [78], the dataset was intentionally divided into an 80% 

training dataset and a separate 20% test dataset. This strategic division facilitated fair 

model training and evaluation. Such a deliberate approach was chosen to ensure 

unbiased representation in both subsets, which is a crucial factor for robust model 

development. 
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3.5.2 Oversampling Technique 
3.5.2.1 Handling Mixed-Type Imbalanced Data Using SMOTENC 
Due to the significant disparity in the ratio between dementia and heart 

failure data, this study utilized the synthetic minority oversampling technique for 

nominal and continuous features (SMOTENC) to address this imbalance. 

This technique specifically focuses on augmenting the training data, without affecting 

the testing data, thereby enhancing the reliability of the model by rectifying the data 

imbalance. This deliberate approach ensures a fairer representation within the training 

set, which is crucial for achieving robust model performance when dealing with 

imbalanced datasets. 

3.5.2.2 Generating Balanced Datasets with CTGAN 
In addition to SMOTENC, this study employs Conditional Tabular 

Generative Adversarial Networks (CTGAN) to address imbalances in datasets with 

mixed types of data. CTGAN generates synthetic data that closely mimics real data, 

preserving complex relationships across different types of features (e.g., categorical and 

numerical). This approach helps balance the dataset by creating new samples for 

underrepresented classes. By maintaining the dataset's original distribution, CTGAN 

enhances model training, leading to more accurate disease classification. 

3.5.2.3 Model Training and Testing 
In this study, ETs were used to build the model. ETs use multiple DTs and 

combine their predictions from the blue nodes of each decision tree to improve 

accuracy, as shown in Figure 3.6. Unlike other tree-based models, ETs have a different 

approach to splitting. Instead of exhaustively searching for the best split at each node, 

they randomly select cut points from the original training samples for each feature and 

generate trees without bootstrap data. This maintains computational efficiency while 

increasing the diversity of the trees within the ensemble. This randomness helps to 

reduce the correlation between individual trees in the ensemble, which reduces 

overfitting and improves generalization performance. In this study, the Gini index is 

used as the criterion to evaluate the quality of splits, ensuring the effectiveness of 

the model’s decision-making process [69–70]. To ensure the classification performance 

of the ET-based model being proposed, it is essential to compare it with other machine 

learning-based methods. Specifically, the proposed ET model is compared to practical 
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binary classification algorithms such as KNN, DT, and SVM, as well as other methods 

from the ensemble learning groups, including RF, GB, and AdaBoost. For 

the validation process, this study employed 10-fold validation for all the constructed 

models. 

 

Figure 3.6 Extra Trees Classifier Diagram 
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3.6 Model Evaluation 

Table 3.1 Prediction Metrics for Assessing Model Performance 

Class Predicted Class 

Actual Class Disease Heart Failure Dementia 

Heart Failure True Positive (TP) False Negative (FN) 

Dementia False Positive (FP) True Negative (TN) 

The performance of the machine learning classifier is assessed using various 

metrics, such as accuracy, recall, precision, F-measure, and ROC AUC score. 

Four variables are used to determine the evaluation parameters: true positive (TP), true 

negative (TN), false positive (FP), and false negative (FN). In this study, TP and FN 

indicate heart failure, while FP and TN represent dementia, as shown in Table 3.1. 

3.7 Feature Evaluation 

Feature evaluation is a crucial process for understanding the influence of 

individual features within a model. This assessment typically involves two fundamental 

methods: the Pearson correlation coefficient, which measures feature correlations, and 

the SHapley Additive exPlanation (SHAP) value, which reveals the impact of each 

feature on the target variable. 

3.7.1 Pearson Correlation Coefficient 
The Pearson correlation coefficient, a frequently used measure of linear correlation 

that ranges from –1 to 1 between two variables, was used to visualize the correlation 

coefficient between features and evaluate their correlation before implementation.  

It measures the strength and direction of the relationship between the variables, with a value 

of –1 indicating a perfect negative correlation, 0 indicating no correlation, and 1 indicating 

a perfect positive correlation, as shown in Equation [15]. The interpretation of 

the coefficient values is provided in Table 2.1. 
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3.7.2 Feature Importance by Using Extra Trees 
This study utilizes Extra Trees (ET) to assess feature importance to understand 

the impact of insights into the importance of features for model predictions. ET, 

an ensemble learning technique similar to Random Forests but with extra randomness 

in the node splitting, evaluates the effectiveness of each feature in reducing impurity 

across multiple decision trees. By aggregating these assessments, ET ranks features 

based on their contribution to model accuracy, thereby aiding in the identification of 

critical biomarkers or variables associated with disease classification. This method 

enhances the interpretability of the classifier model by highlighting the most influential 

features driving predictions. 

3.7.3 Shapley Value 
To gain a thorough understanding of how different variables affect model 

predictions, effective methodological approaches are essential. Among the various 

techniques available, priority is given to SHAP values, widely recognized and extensively 

utilized. SHAP values offer several advantages in enhancing model interpretability, not 

only by providing insights into variable importance but also by revealing their directional 

impact on predictions [79]. Additionally, they allow for a detailed understanding of 

the contributions of individual features to specific predictions. Importantly, the adaptability 

of SHAP values across diverse models distinguishes them from methods limited to specific 

model types, making SHAP a versatile and inclusive tool for comprehensive model 

analysis. The SHAP technique encapsulates the essence of Shapley values, capturing 

the average marginal contribution of each feature to overall predictions and highlighting 

their significance in various feature combinations. In this study, SHAP is employed to 

evaluate feature contributions using test data, facilitating a detailed examination of 

individual feature impacts on the model’s predictions. 

 



 

 
CHAPTER 4 

EXPERIMENTAL RESULTS 

This section presents the results obtained from using seven different machine 

learning classifiers on the datasets. To ensure reliability and credibility, this study first 

demonstrate the outcomes of 10-fold cross-validation, which emphasizes 

the trustworthiness of the models. Then, it employs important evaluation metrics, including 

accuracy, precision, recall, F-measure, and ROC AUC score, to evaluate the performance 

of these classifiers. 

4.1 Pearson Correlation Coefficient 

Based on the Pearson correlation coefficient presented in Figure 4.1, the analysis 

results have identified significant positive correlations between the targeted class and 

lymphocytes (27%), hemoglobin (12%), platelets (11%), and age (6%). Conversely, there 

is a negative correlation with neutrophils (–27%), blood urea nitrogen (–20%), creatinine 

(–17%), and white blood cells (–15%). 
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Figure 4.1 Feature Correlation Measurement by Pearson Correlation Coefficient 

In the analysis of the correlation between the study variables, several significant 

findings have emerged. Firstly, hemoglobin and platelets, both relevant in disease activity, 

exhibited a negative correlation of 9%. This suggests that as hemoglobin levels increase, 

platelet counts tend to decrease. Secondly, the association between white blood cells and 

their constituents, neutrophils and lymphocytes, revealed interesting patterns. There was 

a positive correlation of 44% between white blood cells and neutrophils, indicating that as 

white blood cell counts increase, neutrophil levels also tend to increase. Conversely, there 

was a negative correlation of –42% between white blood cells and lymphocytes, implying 

an association between increased white blood cell counts and a decrease in lymphocyte 

levels. Furthermore, the highest correlation strength in the dataset was observed between 

neutrophils and lymphocytes, with a negative correlation of –91%, indicating a strong 

linkage between an increase in neutrophil levels and a decrease in lymphocyte levels. 

Another notable finding was the second-highest correlation of 75% between creatinine and 

blood urea nitrogen, both used to assess kidney function. This positive correlation suggests 
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that as creatinine levels increase, blood urea nitrogen levels also tend to increase. Finally, 

concerning their correlation with the target variable, certain features exhibited notable 

associations: lymphocyte (27%), neutrophil (–27%), blood urea nitrogen (–20%), and 

creatinine (–17%). These percentages delineate both positive and negative correlations 

observed in this analysis, illustrating the degrees of association to effectively incorporate 

into the model.  

Furthermore, Principal Component Analysis (PCA) was used to reduce the 

dataset's dimensionality by focusing on fewer components. However, this approach did not 

improve key performance metrics such as accuracy, precision, recall, F1 score, and ROC-

AUC. This indicated that the reduced components didn't capture enough of the data's 

variance to maintain strong model performance. As a result, it became clear that retaining 

all features was necessary to preserve the important relationships in the data and achieve 

the best possible model predictions. A comprehensive analysis of the performance metrics 

resulting from the adaptation of PCA is presented in Appendix B. 

4.2 Cross-Validation Evaluation 

Table 4.1 Classification Performance Metrics on Cross-Validation 

Classifier Accuracy Precision Recall F1 Score AUC-ROC 

ET 87.27% 92.88% 92.45% 92.66% 72.72% 

GB 85.10% 94.94% 87.54% 91.07% 78.27% 

Ada 81.59% 95.24% 82.97% 88.66% 77.73% 

RF 87.53% 93.56% 91.99% 92.76% 75.00% 

DT 80.91% 92.04% 85.42% 88.59% 68.21% 

KNN 73.85% 94.54% 74.21% 83.13% 72.85% 

SVM 72.01% 96.53% 70.32% 81.34% 76.7% 

Table 4.1 illustrates the use of 10-fold cross-validation to improve the reliability of 

model performance assessment. The average scores obtained across iterations were as 

follows: RF (87.53%), ET (87.27%), GB (85.10%), AdaBoost (81.59%), DT (80.91%), 
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KNN (73.85%), and SVM (72.01%). These scores, obtained by dividing the dataset into 

ten subsets for repeated evaluation, reflect the models’ consistent predictive abilities. 

Notably, RF and ET showed strong performances, demonstrating high reliability and 

consistency. GB and AdaBoost also maintained solid averages of 85.10% and 81.59%, 

respectively. However, DT, KNN, and SVM showed comparatively lower average scores, 

suggesting potential variability or limitations in their predictive capacities across the cross-

validated datasets. The use of 10-fold cross-validation provided a comprehensive and 

reliable evaluation of the models’ performance. 

4.3 Performance Evaluation Metrics for Classification Models 

During the testing process, performance metrics such as accuracy, precision, recall, 

F-measure, and ROC AUC score were used for comparison. Detailed comparison results 

can be found in Table 4.2. 

Table 4.2 Classification Performance Metrics with SMOTENC 

Classifier Accuracy Precision Recall F1 Score AUC-ROC 

ET 89.11% 94.92% 92.50% 93.70% 78.88% 

GB 85.04% 94.81% 87.71% 91.12% 77.01% 

Ada 83.46% 96.24% 84.41% 89.94% 80.62% 

RF 86.61% 93.66% 90.85% 92.24% 73.85% 

DT 83.07% 93.25% 86.96% 89.99% 71.37% 

KNN 76.51% 95.02% 77.21% 85.19% 74.40% 

SVM 73.36% 96.22% 72.41% 82.63% 76.21% 

4.3.1 Accuracy Evaluation 
According to the analysis of the implemented prediction models, ETs stood out by 

outperforming all other models with an impressive accuracy of 89.11%. The accuracy, 

which represents the proportion of correct predictions, highlighted ET’s capability to 

accurately classify data points within the evaluated dataset. Its superior performance 
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compared to RF (86.61%), GB (85.04%), AdaBoost (83.46%), DT (83.07%), KNN 

(76.51%), and SVM (73.36%) underscored its effectiveness in making precise predictions. 

The utilization of a random feature subset selection and node splitting strategy within the 

ensemble learning framework likely contributed to ET's reduced variance. This approach 

mitigates overfitting concerns, ultimately resulting in the highest reliability and accuracy 

among the models assessed for this specific prediction task. 

4.3.2 Precision Evaluation 
Precision, a critical metric for classification models, represents the accuracy of 

positive predictions within the predicted class. In this study, AdaBoost, SVM, and KNN 

demonstrated exceptional precision scores of 96.24%, 96.22%, and 95.02%, respectively, 

excelling in identifying positive instances while minimizing FPs. On the other hand, 

models like ET, GB, RF, and DT, despite exhibiting higher accuracy, presented 

comparatively lower precision scores, indicating a trade-off between overall accuracy and 

precision. Models that achieve higher accuracy may capture a larger number of instances, 

but they tend to lack precision when distinguishing specific classes, resulting in an increase 

in FPs. However, high-precision models prioritize minimizing FPs, which may lead to the 

potential omission of some TPs and impact overall accuracy. Despite ET’s slightly lower 

precision score, its ensemble method, which utilizes multiple decision trees and 

randomness in feature selection, ensures a robust overall predictive capability, making it 

a formidable choice for predictive modeling across diverse datasets and noisy 

environments. 

4.3.3 Recall Evaluation 
Recall, a metric used to evaluate a model’s ability to predict the correct class output, 

quantifies the ratio of TP predictions to the total number of instances belonging to the actual 

class in the dataset. Among the models examined in this study, ETs (92.50%), 

RF (90.85%), GB (87.71%), and DT (86.96%) emerged as the top performers in terms of 

recall. Notably, these models demonstrated strong capabilities in accurately identifying 

instances of the actual class in the dataset. In contrast, AdaBoost (84.41%), KNN (77.21%), 

and SVM (72.41%) achieved comparatively lower recall scores. This variation in recall 

scores highlights the differences in the effectiveness of these models in capturing true 

positives within their predicted classes. However, the models with higher recall scores 
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significantly enhanced their overall predictive modeling performance, emphasizing their 

reliability in handling classification tasks. 

4.3.4 F1 Score Evaluation 
The F1, a comprehensive evaluation metric derived from the harmonic mean of 

precision and recall, serves as a single measure of a model’s effectiveness, eliminating the 

need to prioritize between precision and recall. Among the evaluated models, ETs 

(93.70%), RF (92.24%), GB (91.12%), and DT (89.99%) emerged as the top performers in 

terms of F-measure. These models displayed a balanced combination of precision and 

recall, indicating their robustness in accurately identifying the predicted class while 

considering the actual class instances. On the other hand, AdaBoost (89.94%), KNN 

(85.19%), and SVM (82.63%) demonstrated relatively lower F-measure scores, indicating 

potential variations in their trade-offs between precision and recall. Specifically, ET and 

RF stood out in terms of the F-measure, emphasizing their strength in achieving a balance 

between precision and recall, thereby solidifying their expertise in predictive modeling 

tasks. 

4.3.5 AUC-ROC Score Evaluation 
The ROC AUC, a metric used to evaluate the performance of binary classification 

models, measures their ability to distinguish between different classes. In this study, 

AdaBoost (80.62%), ETs (78.88%), GB (77.01%), and RF (73.85%) demonstrated the 

highest ROC AUC scores in distinguishing between dementia and heart disease. 

Importantly, these models showed strong discriminatory power in accurately classifying 

the two classes. SVM (76.21%) and KNN (74.40%) also performed reasonably well in this 

context. However, DT lagged behind, with an ROC AUC score of 71.31%, suggesting its 

comparative inefficiency in this specific task. The results highlight the effectiveness of 

ensemble-based methods, particularly AdaBoost, ET, GB, and RF, in effectively 

addressing this binary classification challenge, demonstrating their potential for 

distinguishing between dementia and heart disease. 
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4.3.6 Synthetic Minority Oversampling Technique for Nominal and Continuous 

Features Evaluation 
SMOTENC, a variation of the synthetic minority oversampling technique 

(SMOTE), is specially designed to handle imbalanced datasets with both numerical and 

categorical features. In this study, this study applied SMOTENC preprocessing to address 

the class imbalance present in the dataset. When compared to the proposed model, models 

incorporating SMOTENC showed higher ROC AUC scores than those without 

SMOTENC, indicating improved performance in detecting instances of the minority class, 

especially dementia cases. Although the method without SMOTENC demonstrated higher 

accuracy rates, their lower ROC AUC scores suggest a tendency for bias towards 

the majority class, which hinders effective detection of instances in the minority class. 

A high recall score indicates the ability to accurately identify positive instances, 

which may result in a higher number of false positives due to an imbalance in classes 

throughout the dataset. Consequently, the precision score tends to decrease without 

SMOTENC, indicating false positives in all instances classified as positive. The application 

of SMOTENC not only helps improve the ROC AUC score but also enhances overall 

predictions by reducing errors from false positives, particularly in situations where class 

imbalance is prevalent. Although the model without SMOTENC has higher accuracy, 

the inclusion of SMOTENC can effectively address the imbalance problem, resulting in 

improved ROC AUC scores and reduced false positive errors. 

 

Figure 4.2 Confusion Matrix for SVM Algorithm Trained without SMOTENC 
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Table 4.3 Classification Performance Metrics without SMOTENC 

Classifier Accuracy Precision Recall F1 Score AUC-ROC 

ET 90.81% 91.06% 99.25% 94.98% 65.41% 

GB 89.76% 91.89% 96.85% 94.31% 68.43% 

Ada 89.24% 91.61% 96.55% 94.01% 67.22% 

RF 90.03% 91.56% 97.60% 94.48% 67.22% 

DT 83.07% 90.76% 89.81% 90.28% 62.80% 

KNN 88.19% 91.27% 95.65% 93.41% 65.72% 

SVM 87.53% 87.53% 100.00% 93.35% 50.00% 

As shown in Table 4.3, the SVM results without SMOTENC demonstrate a 100% 

recall rate, indicating the correct identification of all positive instances. However, Figure 

4.2, which displays the confusion matrix of SVM after training without SMOTENC, 

reveals a critical drawback: the model completely ignores negative instances, resulting in 

a lack of true negatives and overall substandard performance. This highlights the need for 

SMOTENC preprocessing to address such limitations. Therefore, emphasizing the use of 

SMOTENC-preprocessed models becomes an important observation to enhance prediction 

capabilities, especially in critical applications such as medical diagnosis, where accurate 

identification of minority instances is crucial. 

4.3.7 Conditional Tabular Generative Adversarial Network Evaluation 

Table 4.4 Classification Performance Metrics with CTGAN 

Classifier Accuracy Precision Recall F1 Score AUC-ROC 

ET 85.96% 92.55% 91.30% 91.92% 69.86% 

GB 86.35% 92.72% 91.60% 92.16% 70.54% 

Ada 83.73% 93.30% 87.71% 90.42% 71.75% 

RF 85.17% 93.42% 89.36% 91.34% 72.57% 

DT 83.86% 93.73% 87.41% 90.46% 73.18% 

KNN 85.30% 92.37% 90.70% 91.53% 69.04% 

SVM 80.97% 92.23% 85.46% 88.72% 67.47% 
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According to Table 4.4, the evaluation shows that while the top two classifiers 

using SMOTENC, ET and RF, have lower performance with CTGAN, the remaining 

classifiers (GB, AdaBoost, DT, KNN, and SVM) perform better in terms of accuracy. 

However, focusing on AUC-ROC and precision scores reveals a significant drop with 

CTGAN across nearly all classifiers, indicating that CTGAN cannot effectively help 

models predict the minority class compared to SMOTENC. This is likely due to CTGAN's 

less effective representation of the minority class in the generated synthetic samples, which 

impacts the models' ability to distinguish between classes accurately. 

This result can be attributed to the fundamental differences in the data generation 

approaches of SMOTENC and CTGAN. SMOTENC generates new samples by 

interpolating between existing minority class samples using nearest neighbors, which 

ensures that the synthetic data is close to actual minority instances and directly addresses 

the class imbalance. This targeted generation enhances the model's ability to learn the 

characteristics of the minority class effectively. Conversely, even when CTGAN is used to 

generate synthetic data solely for the minority class, it creates an entire dataset based on the 

learned distribution. Although CTGAN can produce more diverse and realistic data overall, 

its focus on generating a broad distribution rather than specifically interpolating minority 

class instances may result in less precise representation. This can lead to poorer 

performance in distinguishing between classes, as reflected by the lower ROC AUC scores 

when using CTGAN. 
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4.3.8 Feature Importance Using ET 

 

Figure 4.3 Feature Importance Using the Extra Trees Classifier 

After implementing the ET model, this study conducted a comprehensive analysis 

of the key factors that influence prediction outcomes. As shown in Figure 4.3, the analysis 

revealed that the most influential factors were lymphocytes (14.12%), creatinine (13.34%), 

blood urea nitrogen (12.60%), neutrophils (11.74%), potassium (10.87%), platelet count 

(9.71%), white blood cells (9.70%), hemoglobin (8.12%), and age (7.76%). These factors 

had a significant impact on the model’s predictions, highlighting their important role in 

determining outcomes. However, it is important to note that certain features, such as 

indicators associated with biological characteristics (male: 1.04%, female: 0.93%) had 

minimal impact. Their coefficients, measuring below 2%, indicated that they had 

a negligible influence on the predictive accuracy of the model. Although these features 

were included in the analysis, they were found to have little relevance to the overall 

predictions. 
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4.3.9 Impact of Features on Model Prediction 

 

Figure 4.4 Mean Shapley Values for Feature Impact 

This study examines the comprehensibility of a predictive model using SHAP 

values calculated from a test dataset. As shown in Figure 4.4, the average SHAP values 

clarify the influence of features on the predictions generated by the best model suggested 

using the ET model. Specifically, creatinine emerges as the most influential feature, 

exhibiting a significant positive effect (+0.05), closely followed by lymphocytes (+0.04), 

neutrophils (+0.03), platelets (+0.03), and blood urea nitrogen (+0.03). Moreover, features 

such as potassium, age, hemoglobin, and white blood cells display slightly lower yet 

consistently positive impacts (+0.02). Remarkably, the combined consideration of 

biological characteristics features also contributes significantly (+0.02 on average). These 

findings highlight the varying contributions of features to the model’s predictive outcomes, 

emphasizing the heightened importance of creatinine, lymphocytes, and neutrophils in 

influencing the model’s predictions. This observation aligns with the correlations revealed 

in the heatmap generated by the Pearson Correlation Coefficient, confirming their pivotal 

role in assessing feature relevance for model implementation. Furthermore, it aligns 

seamlessly with the results obtained from feature importance analysis. This consistency 
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across different methodologies strengthens confidence in the utilization of these key 

features within the classification model. 

4.3.10 Confusion Matrix Evaluation 

 

Figure 4.5 Confusion Matrix using the Extra Trees Classifier 

From the test results, Figure 4.5 illustrates the confusion matrix, which showcases 

the classification performance of the proposed ET model in distinguishing between the two 

classes: heart failure and dementia. The number of accurate TPs indicated heart failure with 

a count of 617. Conversely, FNs indicated instances where the model incorrectly predicted 

dementia instead of heart failure, totaling 50 instances. FPs represented instances where the 

model mistakenly predicted heart failure instead of dementia, with a count of 33. Lastly, 

TNs represented accurate predictions for the dementia class, with a count of 62. 

4.4 In-Depth Analysis of Oversampling Techniques 

SMOTENC is a technique used to address class imbalance in datasets that include 

both categorical and continuous features. It operates by identifying the nearest neighbors 

for each minority class sample and generating synthetic samples through interpolation 

between these neighbors. This approach ensures that the new samples are closely related to 

the existing data, preserving the underlying patterns and class distribution. By focusing on 
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the nearest neighbors, SMOTENC creates realistic and meaningful synthetic samples that 

enhance the minority class without distorting the dataset’s structure. 

On the other hand, CTGAN is a type of Generative Adversarial Network 

specifically used to generate synthetic data. CTGAN involves two neural networks: 

a generator that creates new data samples and a discriminator that tries to distinguish 

between real and fake samples. By learning from the existing data, the generator is 

conditioned on class labels to produce samples that are representative of the minority class. 

While CTGAN can generate a wide variety of samples, its adversarial nature may lead to 

the creation of less realistic or noisy data, especially when the original dataset is small. This 

variability can sometimes make CTGAN less reliable for datasets with limited examples. 

Given the limitations associated with dataset instance constraints, SMOTENC is 

often preferred due to its ability to generate synthetic samples through the use of nearest 

neighbors, which effectively reduces the risk of introducing noise. While CTGAN is 

proficient at modeling complex data patterns, it may produce less realistic samples, 

especially when working with smaller datasets. As a result, SMOTENC is generally 

considered more reliable for maintaining data quality. 

4.5 Discussion of Overall Disease Prediction 

The analysis presented in Table 4.2 highlights significant differences among 

classifiers derived from ensemble learning methods when compared to traditional 

supervised learning approaches. Across various metrics, the ensemble methods 

consistently outperformed their traditional counterparts, with the ET model emerging as 

the standout performer. ET demonstrated superiority among the evaluated models for 

disease prediction, boasting an impressive accuracy of 89.11% alongside robust precision, 

recall, F-measure, and ROC AUC score. The strength of this model lies in its ability to 

combine diverse decision trees by randomizing cut points and training samples. This unique 

combination harnesses collective insights, significantly enhancing the model’s ability to 

generalize and make accurate predictions. The ensemble structure of ET played a crucial 

role in combating overfitting by aggregating predictions from a variety of trees, ensuring 

stable and reliable performance. Consequently, the ET model was not only proven to be 
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accurate but also resilient in its predictions, making it a highly promising choice for disease 

prediction tasks. 

When comparing the performance of RF, GB, AdaBoost, DT, KNN, and SVM to 

the ET model, certain shortcomings became apparent. RF, despite its ensemble nature 

similar to ET, exhibited a slightly higher susceptibility to overfitting due to its 

bootstrapping approach. GB’s sequential error correction led to overfitting issues, 

impacting its overall generalization. The iterative misclassification correction of AdaBoost 

hindered its ability to handle complexities within the dataset, which had a negative impact 

on its overall performance. DTs tended to overfit, making them less robust compared to 

ensemble methods. KNN struggled with high-dimensional spaces due to its reliance on 

local patterns, which affected its generalization. SVM's effectiveness was limited by its 

dependence on kernel functions and optimal hyperplane separation, particularly when 

dealing with nonlinear data relationships. These factors combined resulted in the models 

falling short of achieving the higher performance demonstrated by the ET model. The ET 

model excels in mitigating overfitting, leveraging diverse insights, and ensuring stable and 

accurate predictions in disease prediction tasks.  

This study introduces a promising diagnostic model designed to identify adults at 

risk of dementia or heart failure. Future investigations will aim to broaden the dataset, 

ensuring a more comprehensive representation of the population to improve the accuracy 

and generalizability of the model. Additionally, collaborative feature engineering 

techniques will be explored to further enhance the performance of the diagnostic model. 

The findings emphasize the effectiveness of the ET-based classification model in early 

detection and differentiation of these conditions. The superior performance of the model 

not only demonstrates its potential in enhancing diagnostic accuracy but also highlights its 

role in guiding clinical decision-making. Moving forward, the focus will be on addressing 

limitations and expanding the capabilities of the model to advance disease classification 

and proactive early detection using blood test data.  

The ET model's superior performance has significant implications for early disease 

detection. Accurate classification can facilitate timely interventions, resulting in improved 

patient outcomes. However, it is essential to acknowledge the study's limitations, such as 

relying on data from a single hospital, which may restrict the model's generalizability to 

broader populations. Moreover, the use of ICD-10 coding for dementia may not capture 
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the condition's various subclasses due to insufficient data, thus limiting the model's ability 

to predict diverse diseases. Future research should expand the dataset by including data 

from multiple hospitals or different regions to enhance the model's representativeness. 

Additionally, exploring advanced feature engineering techniques and incorporating 

additional data sources could optimize the model's performance and enhance its practical 

application. 



 

 
CHAPTER 5 

CONCLUSIONS 

This study proposes an ET classification model for the early detection and 

categorization of dementia and heart failure. These diseases are commonly correlated 

among adults, and the model utilizes blood test data. The dataset, sourced from Chiang Rai 

Prachanukroh Hospital, comprises records from 4,297 individuals, including health 

assessments and blood test results. The ET algorithm was selected as the classification 

model due to its capability to effectively handle complex and high-dimensional data, 

making it a suitable choice for this study. A main contribution of this study is the 

demonstration that SMOTENC, an oversampling technique designed for both categorical 

and numerical data, outperforms the widely used CTGAN method. This finding is 

particularly significant for the classification of heart failure and dementia, where data 

scarcity can limit the effectiveness of predictive models. This improvement is attributed to 

SMOTENC’s effective methodology for finding the nearest points during oversampling, 

which enhances the model's performance and leads to more accurate classifications. 

By applying SMOTENC, the model's performance improved significantly, leading to more 

accurate classifications. The proposed model underwent evaluation by comparing it against 

several existing methods, namely KNN, DT, SVM, RF, GB, and AdaBoost. 

The comparison was based on various evaluation metrics: accuracy, precision, recall, 

F-measure, and ROC AUC. The results revealed that the ET model outperformed the other 

models, demonstrating significant improvement in all metrics. This affirms its superiority 

in accurately classifying dementia and heart failure. 
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APPENDIX A 

DATA DISTRIBUTION AND EXPLORATION 

A1. Disease Prevalence 

  According to the dataset, the number of patients with both diseases is identical 

in 4,297 patient records with ten features. The ICD-10 codes in the PDX feature were 

derived, and dementia was labeled with “Dementia” and heart failure with 

“Heart Failure”. This feature was used to identify the information for each related 

feature, which comprises the data in Figure 3.2. The disease ratio is shown in 

Figure A1. 

 

Figure A1 Disease Prevalence Ratios 
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A2. A Comparison of Gender 

  For gender, the ratio of male to female prevalence of each disease is shown in 

Figure A2. Females are 59.72% more likely than males to have dementia, while they 

are 56.16% more likely to experience heart failure. 

 

Figure A2 Comparison of Gender Ratios 

A3. Age Distribution 

  As shown in Figure A3, this study examines the prevalence of dementia or heart 

failure in older adults. Data were collected from patients over 60, with data volume 

similar to the age of 80. 

 

Figure A3 Age Distribution 
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A4. Patients with Abnormal Creatinine Levels 

  As shown in Figure A4, creatinine levels should be between 0.6 and 1.3 

milligrams per deciliter (mg/dL) for adults. Abnormal creatinine levels were found in 

only 152 of 599 dementia patients, accounting for 25.37%. For heart failure, there was 

nearly double the number of patients with abnormal creatinine values, 60.76%, 

or 2,170 out of 3,571 patients. 

 

Figure A4 Abnormal Creatinine Levels in Patients 

A5. Patients with Abnormal Blood Urea Nitrogen Levels 

  As shown in Figure A5, blood urea nitrogen levels are measured in milligrams 

per deciliter (mg/dL), and levels higher than 25 mg/dL are considered abnormal. There 

were 359 dementia patients with normal blood urea nitrogen levels, with only 76 for 

abnormal patients, or 17.47% of patients with abnormal levels. However, more than 

54.12% of heart failure patients had abnormal values. 
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Figure A5 Abnormal Blood Urea Nitrogen Levels in Patients 

A6. Patients with Abnormal Hemoglobin Levels 

  As shown in Figure A6, hemoglobin (Hb) is a protein found in red blood cells 

re-sponsible for oxygen delivery to tissues. The criterion for the normal range of 

hemoglobin concentration is generally 16.0 grams per deciliter (g/dL). 

Hemoglobin levels were abnormal in 53.04% of dementia patients and 64.35% of heart 

failure patients. This proportion may indicate a significant association with the diseases. 

 

Figure A6 Abnormal Hemoglobin Levels in Patients 
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A7. Patients with Abnormal Potassium Levels 

  As shown in Figure A7, a typical adult potassium level ranges between 3.5 and 

5.3 millimoles per liter (mmol/L). Only 19.47% of dementia patients had abnormal 

levels, suggesting that they may have a lesser impact than in heart failure, 

where 31.23% of patients had abnormal values. 

 

Figure A7 Abnormal Potassium Levels in Patients 

 

A8. Patients with Abnormal White Blood Cells Levels  

  As shown in Figure A8, white blood cells in the blood are considered normal if 

the level ranges between 4,000 to 11,000 per microliter. According to the dataset, 

this feature impacted 13.67% of dementia patients and 32.85% of heart failure patients. 
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Figure A8 Abnormal White Blood Cells Levels in Patients 

A9. Patients with Abnormal Neutrophil Levels Across Diseases 

  As shown in Figure A9, a normal, healthy neutrophil count should be between 

2,500 and 7,000 neutrophils per microliter of blood. Abnormal readings were found in 

56.24% of heart failure patients and 17.37% of dementia patients. 

 

Figure A9 Abnormal Neutrophil Levels in Patients 
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A10. Patients with Abnormal Platelet Levels Across Diseases 

  As shown in Figure A10, a normal platelet count ranges from 150,000 to 

400,000 platelets per microliter of blood. Platelet abnormalities were found in 9.42% 

of dementia patients and 22.61% of heart failure patients. 

 

Figure A10 Abnormal Platelet Levels in Patients 

A11. Patients with Abnormal Lymphocyte Levels 

  As shown in Figure A11, the usual range of human lymphocytes is 1,000 to 

4,800 per microliter of blood. Of the 541 patients with dementia disease, only 17 

patients had white blood cell abnormalities, and 941 patients with heart failure had 

the same abnormalities out of 3,416 patients. 
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Figure A11 Abnormal Lymphocyte Levels in Patients 
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APPENDIX B 

COMPREHENSIVE PERFORMANCE OF PCA RESULTS 

Table B1 Performance Metrics for PCA with 3 Principal Components 

Classifier Accuracy Precision Recall F1 Score AUC-ROC 

ET 73.62% 92.06% 76.46% 83.54% 65.07% 

GB 67.98% 94.90% 67.02% 78.56% 70.88% 

Ada 66.27% 94.76% 65.07% 77.16% 69.90% 

RF 73.75% 91.92% 76.76% 83.66% 64.70% 

DT 70.34% 90.02% 74.36% 81.44% 58.23% 

KNN 70.21% 92.97% 71.36% 80.75% 66.73% 

SVM 61.42% 96.28% 58.17% 72.52% 71.19% 

Table B2 Performance Metrics for PCA with 5 Principal Components 

Classifier Accuracy Precision Recall F1 Score AUC-ROC 

ET 80.18% 92.02% 84.71% 88.21% 66.56% 

GB 74.80% 94.73% 75.41% 83.97% 72.97% 

Ada 73.88% 94.66% 74.36% 83.29% 72.44% 

RF 79.53% 92.65% 83.21% 87.68% 68.45% 

DT 75.20% 91.07% 79.46% 84.87% 62.36% 

KNN 75.07% 93.60% 76.76% 84.35% 69.96% 

SVM 66.93% 95.40% 65.37% 77.58% 71.63% 
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Table B3 Performance Metrics for PCA with 7 Principal Components 

Classifier Accuracy Precision Recall F1 Score AUC-ROC 

ET 84.78% 93.39% 88.91% 91.09% 72.35% 

GB 79.13% 95.20% 80.21% 87.06% 75.89% 

Ada 75.72% 94.96% 76.31% 84.62% 73.95% 

RF 82.94% 93.24% 86.81% 89.91% 71.30% 

DT 79.53% 93.83% 82.01% 87.52% 72.06% 

KNN 76.90% 94.88% 77.81% 85.50% 74.17% 

SVM 71.13% 96.08% 69.87% 80.90% 74.93% 

Table B4 Performance Metrics for PCA with 9 Principal Components 

Classifier Accuracy Precision Recall F1 Score AUC-ROC 

ET 87.14% 93.17% 92.05% 92.61% 72.34% 

GB 80.31% 95.27% 81.56% 87.88% 76.57% 

Ada 76.12% 95.16% 76.61% 84.88% 74.62% 

RF 85.56% 93.31% 89.96% 91.60% 72.35% 

DT 79.92% 92.13% 84.26% 88.02% 66.87% 

KNN 75.98% 94.98% 76.61% 84.81% 74.10% 

SVM 72.57% 96.36% 71.36% 82.00% 76.21% 
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