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Abstract: Diabetes, cardiovascular disease, and COPD are characteristic examples of chronic diseases that contribute greatly to the 

general healthcare cost, especially for the Medicare population. The best management of these conditions and the resulting morbidity 

and mortality is dependent on early screening for these conditions. Artificial Intelligence (AI) has become significant in the healthcare 

sector owing to the possibility of processing a large amount of data so as to compare with earlier data and infer the early stages of 

chronic diseases. This paper identifies and discusses several ML algorithms that can be used for the early detection of conditions in the 

Medicare population. As for the algorithms, the work is devoted to the aspects of data preprocessing, model selection, and evaluation 

measurements used in clinical practice. In this paper, we compare algorithms such as the SVM, RF, and NN using a Medicare dataset. 

Hence, the study reveals that embracing the use of modern technologies such as ML could help Medicare easily detect chronic diseases, 

leading to more effective treatment and or management of such patients, as well as rational use of available resources. Lastly, the paper 

includes points of concern, possibilities of having bias, and directions for future work when using ML in this area. 
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1. Introduction 
 

Diseases such as diabetes, heart disease, and Chronic 

Obstructive Pulmonary Disease affect a large population in 

the world, have high mortality, long-time disability rates, 

and bear a high health cost to society. The USA observes 

that over 60 percent of the population is affected by chronic 

illnesses, a fact that is reflected in the fact that chronic 

diseases account for more than 90% of all health costs in the 

country. This is evident in the Medicare program through 

which over 64 million older Americans are enrolled, and the 

program is constantly under pressure thanks to the current 

high incidence of chronic diseases [1]. 

 

1.1 Early Detection Importance 

 

Screening is instrumental in the early identification of 

diseases, the creation of a healthier society and timely 

intervention and treatment. Present techniques are frequently 

inadequate, as early diagnostics are not achieved by the 

common manifestations or through ordinary tests and 

examinations. Artificial intelligence, especially the subset 

called Machine learning (ML), is showing much promise as 

an enabler tool in disease diagnosis. By using training data 

such as patients’ electronic health records, vital sign data 

from wearable devices and lab results, the ML algorithms 

can look for early markers that the disease is on set. 

 

1.2 Machine learning in health care 

 

ML has the characteristics of working with multiple 

dimensions, and its performance can only get better with 

time as it receives more data on the particular problem. They 

used this adaptive learning process when new research and 

patient data were released constantly in the field of 

healthcare. Three, it emphasizes that besides accurately 

identifying the earliest signs of the disease, ML can help in 

risk assessment and individualizing the approach, thanks to 

which medical practitioners can focus on patients who are at 

high risk of mortality and adjust the treatment method 

depending on the patient’s traits. 

 

Despite the limitations that come with the use of ML in 

healthcare, including issues to do with data quality, as well 

as the bias that could be inherent in the algorithms, the 

benefits of using the technology in an attempt to diagnose 

and manage chronic diseases cannot be overstated. The 

implementation of an ML-based clinical decision support 

system is the key to changing the paradigms of chronic 

disease detection and management for the sake of obtaining 

improved patient and system outcomes. 

 

Generally, the integration of the ML into clinic practice care 

could be a major paradigm shift in how chronic illness is 

managed thereby leading to better outcomes for patients and 

the entire healthcare system. 

 

2. Literature Survey 
 

The use of Machine Learning (ML) algorithms in chronic 

disease diagnosis has been increasingly popularized in the 

recent past especially for the Medicare population group. 

This paper aims to review the literature on the application of 

ML algorithms in the early diagnosis of chronic diseases, 

with particular emphasis on the elderly since they are the 

most affected. The review includes information on the rate 

of chronic diseases in Medicare beneficiaries, conventional 

diagnostic techniques, the introduction of ML in healthcare, 

concrete types of ML used in the identification of chronic 

diseases, and the difficulties in implementing such 

technologies in practice. 

 

2.1 Chronic Diseases in the Medicare Population 

 

The most common illnesses are chronic diseases, including 

diabetes, cardiovascular diseases, as well as COPD, and 

most of the patients are from the elderly group under 
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Medicare. These conditions generate a large portion of 

health care use and expenditure in Medicare. 

 

For instance, cardiovascular diseases are the leading cause 

of hospitalization among Medicare beneficiaries, accounting 

for millions of hospital stays each year. Diabetes, another 

common condition, affects nearly one-third of Medicare 

beneficiaries, leading to significant complications such as 

kidney disease, neuropathy, and cardiovascular events if left 

unmanaged. COPD is also prevalent, particularly among 

elderly smokers, and is a leading cause of morbidity and 

mortality in this population. 

 

The late detection of these diseases often results in advanced 

disease stages at diagnosis, leading to more severe health 

outcomes and higher treatment costs. This underscores the 

urgent need for early detection mechanisms that can identify 

these conditions before they become symptomatic. 

 

2.2. Traditional Diagnostic Methods 

 

Traditional diagnostic methods for chronic diseases include 

a combination of blood tests, imaging studies, and physical 

examinations. For example, diabetes is typically diagnosed 

through fasting blood glucose levels, HbA1c tests, or oral 

glucose tolerance tests. Cardiovascular diseases are often 

identified through electrocardiograms (ECGs), stress tests, 

or imaging techniques such as echocardiograms and 

coronary angiography. COPD diagnosis usually involves 

spirometry, which measures lung function, and imaging tests 

like chest X-rays or CT scans. 

 

While these methods are effective for diagnosing diseases in 

symptomatic patients, they have limitations when it comes 

to early detection, particularly in asymptomatic individuals. 

For example, many patients with early-stage diabetes or 

prediabetes may not exhibit any symptoms and thus may go 

undiagnosed until the disease has progressed. Similarly, 

early-stage cardiovascular disease may not be detected until 

a patient experiences a significant event such as a heart 

attack. The reliance on symptomatic presentation and 

periodic screenings can result in missed opportunities for 

early intervention. 

 

2.3. Advent of Machine Learning in Healthcare 

 

Today, Machine Learning (ML) has played an important 

role in many fields and sectors and one of the sectors is 

healthcare. The ability of the ML algorithms could be to 

identify numerous relationships within the big datasets that 

are complicated and cannot be identified by the basic forms 

of statistical methods. This ability is particularly useful in 

chronic diseases where, often, multiple factors-genes, diet, 

stress, exposure to chemicals, etc., contribute to the 

manifestation of the disease, and their contribution is not 

always additive. 

 

It reveals the fact that the behaviour of patients can be 

predicted through machine learning models based on the 

previous record of patients and even the probability of the 

development of diseases before the development of 

symptoms. The kind of carrying capacity given by this 

model enables a healthcare provider to spot high-risk 

patients and probably modify their disease prognosis with 

preventive measures or early interventions for the 

advancement of the disease. For instance, ML algorithms 

can learn from EHRs, laboratory tests, and even digital 

bracelets and find out that patients are at risk of developing 

diseases that are similar to diabetes or cardiovascular 

disease. 

 

2.4 ML Algorithms in Chronic Disease Detection 

 

There are several successful cases of using ML for the 

detection of chronic diseases, and all the approaches have 

their advantages and limitations. Here are some of the most 

prominent ones: 

 

2.4.1. Support Vector Machines (SVM) 

SVMs are well suited for classification problems, in general, 

and specifically for the identification of new cases of 

chronic diseases. SVMs operate by identifying the best 

hyperplane that would be able to segregate the data into 

various classes. SVMs, in particular have been applied to the 

classification of patients on risk of chronic diseases inclusive 

of diabetes and cardiovascular diseases. [2] Followed a 

similar procedure to mine a similar set of factors from 

diabetic patients’ demographic and clinical data to predict 

the onset of the disease. Thus, the model yielded high 

accuracy and proved that SVMs are promising for the 

diagnosis of chronic diseases. Despite all these, SVMs have 

disadvantages associated with high computational costs for 

large datasets and if the data is not linearly separable. 

 

2.4.2. Random Forest (RF) 

Random Forest (RF) is an ensemble learning algorithm 

which, during the training phase, builds a multitude of 

decision trees and, during the prediction phase, returns the 

mode of the classes (in classification) or the mean prediction 

of the individual trees (in regression). Therefore, RF is 

particularly useful for working with big data with many 

variables, which makes it appropriate for healthcare data 

many of which are features. [3] Employed RF to build a 

model aimed at identifying the factors influencing 

cardiovascular events in a group of patients based on the 

data from their EHR. RF model had better prediction 

accuracy than the conventional risk scores like the 

Framingham Risk Score, and thus, RF has an opportunity to 

revolutionize chronic disease prediction. RF models are also 

beneficial in that they cause fewer cases of overfitting than 

other models and can also handle missing data. 

 

2.4.3. Neural Networks (NN) 

A Neural Network (NN) can be described as a category of 

the ML algorithm designed to imitate the working of the 

human brain. They are especially useful in capturing 

nonlinear patterns in data and, therefore, can be very 

effective in diseases such as COPD or heart failure that have 

multiple causes. [4] Employed deep neural networks to 

capture clinical data for analyzing and predicting the 

occurrence of COPD. According to statistics that were 

depicted in the model, there is every possibility that NNs 

would be useful in the early identification of patients with 

chronic diseases, even without apparent symptoms. 

However, NNs pose certain challenges: large datasets and 
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computational power are needed for their work, and 

therefore, they can hardly be implemented in a clinic. 

 

3. Methodology 
 

3.1 Data Collection 

 

3.1.1. Dataset Description 

The empirical data set contains a broad range of predictor 

and outcome variables related to patient characteristics, 

diseases, laboratory test results and hospitalizations. The 

data set accumulates records for multiple years and which 

contributes to the recognition of chronic diseases. 

• Patient Demographics: Historical, current, and potential 

factors include age, gender, race, and status. 

• Medical History: Current and past medical conditions, 

including chronic diseases, other diseases concurrently 

present, treatments currently being taken and any past 

hospital admissions. 

• Lab Results: Meal, workout, stress, sleep, and also 

records of blood glucose level, cholesterol levels, blood 

pressure, etc. 

• Hospitalization Records: Discharge and admission, the 

purpose of treatment and the overall results. 

 

3.1.2 Data Preprocessing 

Data preparations are important mainly with respect to the 

preparation of the data before it is used to train the model. 

The preprocessing pipeline consists of the following steps: 

• Data Cleaning: This may entail the elimination of 

redundant records, inconsistencies or making 

amendments to the data set. For example, data sets 

having exceptional values (e.g. negative age or missing 

critical variables) are either purified or deleted. 

• Handling Missing Values: This is not merely a scene in 

healthcare datasets, as it is expected that some data is 

missing most of the time. Several things are done, such 

as using mean, median or mode to estimate the absent 

values, neglecting the rows with missing values, or using 

models that do not require the disposal of rows or 

columns of data, such as Random Forest. 

• Normalization: In real life, normal distributions are 

applied to the continuous variables, like lab results, in 

order to avoid that one variable overpowering the model. 

• Feature Selection: Methods like RFE, in which feature 

selection is done, or PCA, in which dimensionality is 

reduced, are used. The use of this process helps in 

identifying the relevant features thereby leading to better 

performing models and models that are easier to 

interpret. 

 

 
Figure 1: Data Preprocessing Steps 

 

3.2 Selection of Machine Learning Algorithms 

 

In the current world, many services involve machine 

learning algorithms in their operation. These computing 

models, referred to as machine learning algorithms, allow 

computers to learn the patterns in data and then predict using 

that data [5,6] or make an assessment based on data, all 

without having to program it. From image and audio 

recognition and recommendation systems to fraud detection 

and self-driving cars, including natural language processing, 

those algorithms are the foundations of today’s AI. 

 

3.2.1. Support Vector Machines (SVM) 

SVM algorithms are chosen for binary classification tasks; 

this is important to identify patients in a vulnerable 

population prone to chronic diseases. The SVM algorithm, 

in its simplest form, involves the determination of the 

hyperplane that, when used to classify the two classes, 

delivers the maximum accuracy. To solve the issue of a non-

tertiary relationship between the input variables and the 

target function, Kernel functions, for instance, the radial 

basis function (RBF), are used. 

 

3.2.2. Random Forest (RF) 

Random forest (RF) is chosen for its stability and capacity to 

work in high-dimensionality problems with large numbers of 

features. The working of RF is based on building a number 

of decision trees and then combining their forecasts to arrive 

at a final decision. This results in the ensemble, which is 

very useful in reducing the level of overfitting and 

increasing the level of generality. 

 

3.2.3 Neural Networks (NN) 

Neural Networks (NN), especially Deep Learning models 

are chosen because of their performance in complex and 

nonlinear structures within the data set. NNs are a set of 

layering of neurons which receive information input and 

predict the output. In this research, the model of choice is a 

multi-layer perceptron (MLP), a preferred model for 

classification tasks in health care. 

 

 
Figure 2: Architecture of a Multi-Layer Perceptron (MLP) 

Neural Network 

 

3.2.4. Naive Bayes 

The Naive Bayes classifier is part of the Bayesian classifier 

and is built on the principle linked to the Bayes Theorem, 

which is utilized in the Naive Bayes algorithm family; these 
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algorithms predicate feature independence. Naively based 

classifier tends to look at a feature as an independent feature 

from all the features which are in the same class. When it 

comes to classification problems, if your classes are more 

than two but can also be two, Naive Bayes is a good model 

to employ. When it is assumed that each feature works 

independently and has an equal contribution of affecting the 

target class, then the naive Bayes classifier is a probabilistic 

classifier based on the theory of probability enshrined in the 

Bayes theorem [7]. The NB classifier assumes there is no 

relationship between the features, are the features are not 

responsible for reducing or increasing each other’s 

probability that the sample belongs to a particular class. 

However, every feature is equally responsible for the 

probability. It is a decision-pledge theory of fast and 

efficient results on high-dimensional and large data sets; 

easy to implement. The NB classifier is robust to noise and 

is, therefore, useful in real applications. 

 

3.2.5. Logistic Regression (LR) 

Logistic regression is a supervised learning process which is 

majorly applied to classification tasks or assignments. The 

main aim of this process is to determine the probability of 

the given instance to belong to the given class. Other 

classification methods used in it include logistic regression, 

and interesting to note that this method is actually named so 

[8]. Thus, using the output obtained from the linear 

regression function, regression brings out the probability of 

the provided class using a sigmoid function. This is why 

regression is effective. Thus, the issue of how the two are 

related arises because the two concepts need to be reconciled 

with one another. As opposed to linear regression, which can 

potentially provide any real value, logistic regression is used 

to determine whether an instance belongs to a certain class 

as perceived from the class membership probability 

assessments. 

 

3.2.6. Random Forest 

In both the classification as well as the regression, the 

Random Forest, which is a supervised learning method is 

employed. But issues of categorization are at the heart of its 

performance, this is the kind of problem which its 

organizational structure is supposed to address and generate. 

I believe no one will argue that trees are the foundation of a 

forest, and healthier forests have trees with higher density. 

On a similar note, the method of the random forest 

procedure in the data [9,10] samples the construction of 

decision trees, gets the prediction results from each of the 

tree types, and opts for the optimal tree with votes. 

Compared with a single decision tree the ensemble method 

can be able to average the results and thus be more efficient 

rather than a single decision tree. 

 

3.2.7. SVM 

As for classification and regression in particular, there is a 

variety in the framework of supervised machine learning 

algorithms like Support Vector Machine or SVM for short. 

For classification, however, it really stands out, although 

there are things we mention about regression as well. HVL 

The main use of the SVM algorithm is to find the proper 

hyperplane that can well distinguish the regions of different 

classes in an (N-dimensional space) [11] The hyperplane 

wants the greatest possible distance of several classes’ 

nearest points. This is to mean that the number of features 

decides on the dimensionality of the hyperplane. When there 

are merely two characteristics for input, then the concept of 

hyperplane reduces to a line. When three characteristics of 

the input are incorporated, the hyperplane becomes a two-

plane plane. 

 

3.2.8. ExtRa Trees 

Extra Trees or Extremely Randomized Trees is another kind 

of ML that builds a large number of decision trees and uses 

the result of each of them to determine the final result. 

However, Random Forest and Extra Trees are almost alike. 

To ensure that decision trees are sufficiently distinct, 

Random Forest uses bagging to pick several versions of the 

training data. On the other hand, Extra Trees builds decision 

trees on the entire dataset, as shown in the following 

equation [12,13]. This implies that it may allow, for 

instance, the feature split, as well as the child node values, to 

be randomly chosen to make sure that the variation between 

the decision trees is adequately controlled. Alternatively, in 

a Random Forest, finding the characteristic splitting value is 

done by means of a greedy searching algorithm. Random 

Forest and Extra Trees are very close in terms of these two 

differences only. 

 

3.2.9. K-Nearest Neighbour (KNN) 

However, when it comes to classification and regression, 

one of the most frequently used methods is the K-Nearest 

Neighbors (KNN) method. The basic rationale is that labels 

or values associated with other points of the same dimension 

are expected to be similar. During the training phase of the 

KNN algorithm, the whole of the 40 samples of the training 

dataset [14,15] is saved. To do this, it employs a measure 

such as the geometric distance so as to measure an input data 

point’s distance to all training samples. After that, the 

algorithm continues to identify its K nearest neighbors using 

the distances between the particular input data point and its 

neighbors. When it comes to methods of classification, the 

method will assign, as the projected label of the input data 

point, the most frequent class label among any of the K 

neighbors. In order to predict an input data point, regression 

calculates the average or weighted average of the K 

neighbours’ targets. Due to the simplicity and the 

application of the KNN method in various disciplinary 

fields, it can be widely used. More crucial for it is the 

parameter tweaking since its efficiency depends on K and 

the distance measure used. 

 

3.3 Recommended Method 

 

Data gathering, cleansing, training model design and 

assessment are the several steps that may be followed in 

order to predict diseases with the help of machine learning 

techniques. In this part, we shall describe the normative 

process of employing ML for disease prediction. To support 

the initiation of disease prediction, some data needs to be 

collected from various data sources, including, but not 

limited to, electronic health records, patient’s genetics, and 

lifestyle factors. This collected data must then be 

preprocessed. Data that the system acquires contains noise, 

missing values as well as outliers, and therefore it is 

preprocessed. 
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Figure 3: The Kaggle Data Set 

 

In the selection of the best predictors during the process of 

illness prediction, the feature selection algorithms are 

applied. Regarding the type of machine learning that can be 

employed in disease prediction, the following are possible. 

The selected approach is trained using supervised learning 

where the data is preprocessed. For the user to efficiently 

use the model, hyperparameter optimization is done. I guess 

in the particular case of human disease prediction with 

regards to symptoms, what the proposed model is bringing 

in is a better and more accurate solution. The dataset that 

was used is depicted in the Kaggle figure. 3 ExtRa Trees 

technique was used to train the models on this dataset. An 

individual will present himself or herself to the doctor or 

health care provider with these symptoms. Later in that, we 

will operate the symptoms through our model. The model 

will then create the aforementioned potential illness. The 

novelty of the suggested study is that hyperparameters’ 

tuning increases the efficiency of the ExtRa Trees model. As 

a result, it is showing more precision. In this study, the 

author has considered many models using regular data sets 

for training and evaluation. 

 

3.3.1. ExtRa Trees Algorithm 

 

 
 

In the dataset, there are symptoms and the diseases they 

reflect; for the model training, the ExtRa Trees algorithm is 

employed. There are several reasons to use the ExtRa Trees 

[16] algorithm; however, the primary benefit shall be 

mentioned here, which is the fact that this algorithm can 

handle datasets containing both continuous and categorical 

variables. It is especially useful when used in regression as 

well as in classification tasks. This is where it shines, or 

rather stands out with unequaled performance when it comes 

to categorization exercises. As Figure 2 illustrates, ExtRa 

Trees is a DS which has many advantages for research and 

development as well as practical implementation, such as 

improved invocation efficiency, reduced space complexity, 

and avoidance of add-replace cycles. The first thing which is 

done is to choose random instances from a given set, or 

training set. This way, a second-step decision tree will be 

generated for each training set in the manner described 

above. Third, the decision tree shall be decided by the 

average of the trees. The fourth step, as a last step, selects 

the best forecast that has maximum support. The ExtRa 

Trees method diagnoses diseases in the following manner: it 

compares the patient’s symptoms with the disease symptoms 

and the geographical region indicated in the database. The 

job then proceeds to assess the reliability of the model after 

the results have been interpreted using the given labels. 
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Figure 4: The Methodology of ExtRa Trees Algorithm 

 

3.4 Model Training and Testing 

 

3.4.1 Training Process 

The set is then divided into training and testing sets often in 

70:30 ratio bases. [17] The training set on the other hand, is 

used in the formulation of the models, whereas the testing 

set, on the other hand, is employed to assess the performance 

of the models. Cross-validation techniques, especially k-fold 

cross-validation, are used with a view of tuning parameters 

as well as to check on cases of over fitting. 

• Cross-Validation: Dividing the data set into K subsets, 

the model will be trained on K-1 subsets; at the same 

time, one subset will be used for validation. This is 

where the k time’s cross-validation process is performed; 

that is, all the created subsets are used once for 

validation. 

• Hyperparameter Tuning: This includes the use of grid 

search or random search in order to come up with the 

right hyperparameters for each model. For SVM, for 

example, one might have to adjust the kernels of function 

and the parameter of regularization. The number and 

depth of trees for RF may be modified and this was 

observed in the experimentation process. For NNs, the 

number of hidden layers, learning rate, and activation 

functions are considered practical and optimized. 

 

3.4.2 Testing and Validation 

The trained models are then tested on the test set in order to 

measure the quality of the models. [18] The following 

metrics are calculated: 

• Accuracy: The ratio of the number of test instances that 

have been classified correctly out of the total number of 

test instances. 

• Sensitivity (Recall): The integrity of the propositions 

used to determine positive individuals, that is, the 

sufferers of a certain chronic disease. 

• Specificity: The overall health of individuals 

misclassified by the model, for instance, negative cases 

such as healthy people. 

• ROC-AUC: The Area under the Receiver Operating 

Characteristic curve gives a general idea of the 

performance of the model over a range of classification 

thresholds. 

 

3.5.1 Accuracy 

Accuracy is a Common evaluation metric that estimates the 

total variation of the model’s success rate out of the total 

entities and defines it as the ratio of the correct observation 

out of the total observation. [19-21] Accuracy, though 

helpful, is inadequate on its own, especially when applied to 

cases where the number of negative observations is 

considerably higher than that of positive ones. 
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3.5.2 Sensitivity and Specificity 

• Sensitivity (Recall): Specificity measures the proportion 

of actual negatives which the model classifies as such. 

High sensitivity is essential, especially for patient health 

risk applications, so that affected patients are 

appropriately marked for further diagnostics or treatment. 

• Specificity: Specificity measures the ratio of true 

negatives that is, how many individuals who are level 

one classification are truly negative solutions. In the 

setting of chronic disease identification, specificity then 

serves to exclude individuals who do not have the disease 

of interest to reduce their likelihood of being intervened 

on. 

 

3.5.3 ROC-AUC 

The ROC-AUC (Receiver Operating Characteristic - Area 

Under Curve) is a metric that provides a comprehensive 

view of a model’s performance across various classification 

thresholds. A model with an AUC close to 1 is considered 

highly effective, while an AUC close to 0.5 indicates a 

model with no discriminative ability. 

 

3.6 Implementation in Clinical Settings 

 

3.6.1 Feasibility Analysis 

Before deploying these ML models in clinical environments, 

a preliminary study of the practical realization of the 

application is carried out. This also involves the assessment 

of the computational utility of these models, including 

possible real-time computation of these models, their 

accommodation into existing clinical processes, and 

clinician uptake of these models. 

• Computational Requirements: Some of the models 

may take time and computational resources especially 

when they have to be used for a large database such as 

NNs. The use of cloud services or obtaining high-

performance computing systems on a company’s site 

may be required. 

• User Acceptance: Some central issues are health care 

provider training to comprehend and rely on ML 

predictions. This may require designing user interfaces 

for models which would display them and their 

confidence levels in an easily understandable format. 

 

3.6.2 EHR Connectivity 

Neither of the modeling methods can be solely useful in 

addressing the challenges in healthcare; consequently, 

integrating ML models into EHR systems is important to 

offer timely decision support to clinicians. This integration 

enables the ML models to review patient data as they fill the 

system and give suggestions or risks at that particular 

moment. 

• Real-Time Decision Support: The patients with a higher 

risk of getting chronic diseases and the ML models can 

raise an alarm that can make clinicians order other tests 

or even take preventive measures. 

• Data Flow: The integration works in the sense that the 

data must be flowing between the EHR system and the 

ML model to avoid any delay in the analysis of the 

patient data. 

 

 
Figure 5: Integration of ML Models with EHR Systems 

 

4. Results and Discussion 
 

 

The findings of this study are shown in this section in 

relation to the efficacy of three machine learning techniques, 

namely SVM, RF, and NN to identify chronic diseases 

among the Medicare population. Some of the major diseases 

for which there is a need to carry out comparative analysis 

are diabetes, cardiovascular disease, COPD and heart 

disease. The objective was to determine the model with the 

best predictive performance in terms of chronic disease 

diagnosis and generalization, but also with consideration of 

its computational requirements and its sensitivity to different 

sources of bias. 

 

4.1 Comparative Analysis 

 

4.1.1 Model Comparison 

• SVM: Showed the highest degree of sensitivity and 

specificity in the diagnosis of diabetes and heart disease. 

It is particularly appropriate for high-dimensional spaces 

and, however, is rather time-consuming. 

• RF: Reported the best results with data size and features 

that are used in terms of both performance and 

computational complexity. It was especially effective in 

the diagnosis of cardiovascular diseases. 

• NN: Appeared to be most accurate for identifying higher-

order, nonlinear relations, especially those concerning 

COPD prediction. However, it called for more data and 

computational power to achieve higher accuracy. 

 

4.1.2 Discussion of Results 

This research implies that by adopting machine learning, it is 

possible to enhance the early diagnosis of chronic diseases 

among Medicare individuals. However, this should depend 

on the application and characteristics of the data that is to be 

used in the model. For example, where high levels of 
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accuracy are needed, such as in text classification, SVM 

could be used, while for tasks that need moderate accuracy, 

and this is in addition to moderate computational resources, 

RF would suffice. NN is particularly useful when used to 

detect diseases that present certain patterns; however, it uses 

more computing power. 

 

4.2 Challenges  

 

4.2.1 Algorithmic Bias 

There is an issue of generalizability because of the algorithm 

risk, especially if the training data does not cover all 

Medicare subgroups. For instance, if some demographic 

categories are excluded, then the model may not be good at 

predicting diseases in such categories. However, to avoid 

such a bias, it is inevitable to have a diverse and 

representative data set. 

 

4.3 Future Research Directions 

 

It is proposed that in future research the data sample should 

be expanded to include younger populations also, which 

would make the development of the models more 

generalizable. Also, it may be useful to investigate appealing 

other approaches of the machine learning methodologies, 

including gradient boosting or deep learning models, for the 

enhancement of predictive discrimination. Other issues, such 

as algorithm bias and data quality, will also have to be 

focused on to make sure that such models can readily be 

applied in clinical practice. 

 

5. Conclusion 
 

From this research, it is shown that machine learning 

techniques such as SVM, RF and NN can play a vital role in 

improving the case-detection of chronic diseases in the 

Medicare population in the early stages. Each model brings 

unique strengths to the table: SVM is best suited in terms of 

accuracy, especially with diagnoses such as diabetes and 

heart disease; RF is best used with large datasets complex in 

features which it balances performance and time; and NN in 

capturing nonlinear complex patterns in conditions such as 

COPD. Nevertheless, there are several acknowledged 

problems, including the demand for superior and 

generalizable data, the possibilities of an algorithm’s 

prejudice, and concerns about model explainability. This 

paper explores several challenges as follows, which must be 

solved to optimize the adoption of ML models in 

tracheostomy care. For the healthcare system, the prospects 

of deep ML models as a new approach to chronic disease 

management through early detection and timely 

interventions can have a massive impact on the results and 

costs. With healthcare being a wide and dynamic field in the 

present generation, the employment of machine learning in 

enhancing resource utilization and patient care delivery is 

most likely to be a critical development in the enhancement 

of efficiency, effectiveness, and tailored healthcare solutions 

in the future. 
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