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AI-based integration in personalized healthcare systems is expected to improve patient outcomes 

significantly using precision medicine and advanced diagnostics. This research will analyze four 

types of AI-based algorithms for analyzing the healthcare data base: Random Forest, Support 

Vector Machines (SVM), Logistic Regression, and K-Nearest Neighbors (KNN). The following 

study was conducted on a patient record dataset to check the models: accuracy scores 92.3% highest 

score for Random Forest, followed by SVM with an accuracy score of 90.8%. The Logistic 

Regression model produced 86.5% accuracy and demonstrated to be excellent with interpretability, 

while KNN lagged at an accuracy of 82.7%. The results show that Random Forest and SVM are 

suitable for being applied to complex, multi-dimensional healthcare data, therefore resulting in 

greater generalizability and greater predictive power. However, Logistic Regression is useful and 

transparent in decision-making in healthcare. The study proves the point that advances made in AI 

must be balanced with human interpretability to preserve the ethical and understandable nature of 
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AI-based healthcare systems. The results remind the necessity for revolutionizing personalized 

health care through delivering more accurate, timely, and tailored care. 

 

Keywords: Artificial Intelligence, Personalized Healthcare, Random Forest, Support Vector 

Machines, Predictive Analytics. 

 

I. INTRODUCTION 

As artificial intelligence accelerated its development, it opened open doors to transformative 

innovations within sectors, and more remarkably, the healthcare sector could stand out 

amongst the brightest beneficiaries. Traditional models of health care have standardized 

treatments and diagnoses while giving limited consideration to patient variability. However, 

with the introduction of personalized healthcare systems driven by AI, there is a paradigm shift 

towards precision medicine, where treatments are tailored to the unique biological, 

environmental, and lifestyle factors for each patient [1]. AI would, therefore, create a 

revolution in the delivery of personalized health care, using enormous volumes of data 

containing genetic profiles, medical histories, and lifestyle habits, coupled with real-time 

health monitoring, to make more appropriate clinical decisions for the patient [2]. Machine 

learning algorithms can identify the patterns and correlation in patient data which are not 

visible or cannot be identified through traditional methods. The insights gained can predict 

risks of diseases, diagnose at an earlier stage, and then be used towards more effective and less 

potentially harmful treatment plans [3]. Artificial intelligence-driven personalized health 

systems provide continuous monitoring and adaptive feedback to improve patient outcomes. 

Wearable technologies, smart devices, and mobile applications monitor various health 

indicators or vital signs, thereby providing inputs for the analysis of real-time data by AI 

algorithms to offer personally tailored health recommendations, thus enhancing preventive 

care and management of chronic disease. Many benefits of personalized healthcare systems 

AI can integrate have issues, and some of them include concerns about data privacy, possible 

misuse of AI in the healthcare decision, and an improper regulating of using AI. On the right 

frameworks, however, AI-driven personalized healthcare has an ability to improve quality 

care, reduce costs, and perhaps provide accurate, efficient, and patient-centered health care 

delivery. This paper explores the possibilities, benefits, and challenges in harnessing AI for 

personal healthcare systems. 

 

II. RELATED WORKS 

Much has been written regarding the changing face of healthcare in the arena of artificial 

intelligence. AI has been promising, now demonstrated in diagnostics, planning of treatment, 

and delivery of personalized medicine. Studies have taken its possible contribution to better 

patient outcomes, specifically in cardiology and oncology; more recently, there have been 

reports about its being incorporated into dental practice. The area of cardiology reflects much 

of the interest surrounding AI:. A detailed review by Gala et al. (2024) [15] details how AI is 

transforming the delivery of care, especially in cardiology. As discussed by them, AI improves 

diagnostic performance in terms of accuracy, standardizes treatment workflows, and provides 

multiple predictive analytics forms that assure effective management of patients. The above 

narrative review underlines the fact that the primary impact of AI is observed as its ability to 

operate rapidly in processing large datasets and thus allows for timely decision-making 

processes, which are grossly urgent in conditions requiring critical care such as in the field of 
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cardiology. Expanding on the broader healthcare landscape, Gao et al. (2024) [16] conducted 

a survey of AI applications in smart healthcare, which includes technology related to 

monitoring, diagnostics, and patient management. According to their study, AI is the prime 

enabling technology for personalized healthcare because the real-time collection of data from 

wearable devices and smart systems can offer continuous patient monitoring, which then 

translates into more proactive healthcare management. From this view, the present survey 

seems more to highlight the versatility of AI in general, especially its ability to influence the 

efficiency and effectiveness of healthcare services in a wide range of medical fields. Gou et 

al. (2024) [17] delves into AI-assisted medicine, which focuses on AI systems' applications in 

clinical decision-making, diagnostics, and predictive analytics. The authors observe how AI-

based solutions are revolutionizing the medical sector, with tools allowing clinicians to 

diagnose and cure complex medical conditions better. Its form in medical imaging, predictive 

healthcare, and individualized treatment plans demonstrate AI's effect in streamlining optimal 

patient care outcomes. In the area of medical education, Hamilton (2024) [18] gives insight 

into how AI will influence healthcare simulation, especially in the medical field. Moving 

forward with increased AI-powered simulations, it can train medical professionals risk-free to 

increase skills and prepare better for real-world clinical scenarios. This development in the 

area of medical education hints at AI's overall contribution in the health sector-not just in 

diagnostics and treatment but also in the foundational training of health professionals. Hence, 

at the very heart of dental education, Hammoudi Halat et al. [19] discuss the perception and 

education needs of dental students with respect to AI. The knowledge gap in AI adoption in 

dentistry is underscored here, and the fact is underlined that while the student is aware of the 

great potential of AI, many of them already feel ready to apply this new competency in their 

future professional setting. This hints towards the curriculum reform in education regarding 

the integration of AI-related skills into the dentistry curricula, which ensures the integration 

of future health care providers to successfully exploit the AI tools. More to this human side of 

AI adoption in health care is studied further by Ibrahim et al. in the year 2024 [20], based on 

the role of emotional intelligence in AI adoption in the health sector. Their research in Jordan 

explores how AI interacts with the emotional intelligence of health care workers and indicates 

that efficiency can only be achieved when a balance of technical skills and interpersonal ones 

is reached during the implementation of AI. This can be seen as a broadly revealed problem: 

AI should not disrupt human-centric care. Finally, Kanan et al. (2024) [22] stresses the 

deployment of AI in oncology, specifically around the diagnosis and outcome predication in 

lung cancer. Their systematic review and meta-analysis concluded that AI models possess 

tremendous potential to improve diagnostic accuracy and more realistically predict outcomes. 

Such capabilities of AI in terms of processing and analyzing complex image data have 

revolutionized the present by enabling better and prompter intervention in the field of 

oncology. 

 

III. METHODS AND MATERIALS 

In this section, we describe the data used for analysis as well as an in-depth discussion of four 

major algorithms applied in personalized healthcare systems based on artificial intelligence. 

The methods include data preprocessing, the implementation of machine learning algorithms, 

and also techniques used to evaluate them in order to be effective at providing a personalized 

healthcare solution [4]. 
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Data 

A total of 10,000 anonymized patient records from an online healthcare database is used to 

conduct this research. Each record carries information on patient demographics: age, gender, 

etc.; medical history: chronic conditions, previous diagnoses; lifestyle choices such as 

smoking, alcohol use, exercise frequency; genomic data, such as gene variants; and clinical 

outcomes in terms of treatment success or failure, side effects. The data was split into two 

parts with 70% for training and 30% for testing. 

This dataset was pre-processed before applying AI algorithms. Missing values were replaced 

using a mean-based imputation strategy for numeric attributes and the most frequent category 

for categorical attributes. To control standard error, outliers were removed by using the 

threshold of standard deviation was applied here, and deleted to avoid the skewness in the 

analysis [5]. Last, all variables were standardized as it is better to present the same variables 

in the same scale and to receive the effective convergence of the machine learning models. 

 

Algorithms 

Based on the increasing application in personalized healthcare systems, four machine learning 

algorithms were chosen to be used within this research: “Logistic Regression, Support Vector 

Machine (SVM), Random Forest, and K-Nearest Neighbors (KNN)”. The following is a 

detailed description of each algorithm-including its equation, pseudocode, and a table 

summarizing model performance. 

 

1. Logistic Regression 

Description: Regression is one of the most widely used algorithms for solving the binary 

classification problem. It is applied in health and drug treatments to predict the existence or 

success of some disease. This algorithm basically works to calculate the likelihood that a given 

input would belong to a specific class, from the weighted sum of input features [6]. The logistic 

function makes sure that the values predicted lie between 0 and 1, from which this algorithm 

models the probability. 

 

“Table 1: Time Complexity of Algorithms” 

Algorithm Time Complexity 

Logistic Regression O(n) 

Support Vector Machine O(n2) 

Random Forest O(m⋅n⋅log⁡n) 

K-Nearest Neighbors O(n⋅k) 
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“The logistic function or sigmoid function is defined as follows: 

P(y=1∣X)=1/ 1+e−(β0+β1X1+β2X2+...+βnXn)” 

 

“1. Initialize weights (β) randomly. 

2. For each data point X: 

   a. Compute the linear combination: z 

= β_0 + β_1X_1 + β_2X_2 + ... + 

β_nX_n. 

   b. Apply sigmoid function: P = 1 / (1 

+ exp(-z)). 

3. Update weights using gradient 

descent. 

4. Iterate until convergence or 

maximum iterations. 

5. Classify using the threshold: if P > 

0.5, predict class 1; else class 0.” 

 

 

 

2. Support Vector Machine (SVM) 

 

Description: Support Vector Machine is a kind of machine learning algorithm. This is heavily 

used for classification problems when the dimensionality of the data is high. Here, SVM is 

designed to find the hyperplane that distinguishes the points for correct classification into two 

different classes. In the healthcare domain, SVM algorithm can classify the patient risk groups 

based on medical data [7]. 

“The SVM decision function can thus be described as: 

f(X)=wTX+bf” 

 

“1. Initialize weight vector w and bias b. 

2. For each data point (X, y): 

   a. Compute the decision function: f(X) 

= w^T X + b. 

   b. If y * f(X) < 1: 

      i. Update weights: w = w + η(yX - 

λw). 

      ii. Update bias: b = b + ηy. 

   c. Else, update weights: w = w - ηλw. 

3. Repeat until convergence or 

maximum iterations. 

4. Classify using the decision function 

f(X).” 
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3. Random Forest 

 

Description: The Random Forest is an ensemble learning method where multiple decision 

trees are built and their outputs are combined to improve the accuracy of predictions and make 

them robust [8]. In health care specifically, it is particularly useful in handling complex large 

data and providing reliable classifications by cutting overfitting. 

The Random Forest prediction is based on: 

y^=T1t=1∑Tht(X) 

 

“1. For each tree in the forest: 

   a. Select a random subset of the data. 

   b. Train a decision tree on the selected 

subset. 

   c. Repeat until the desired number of 

trees is reached. 

2. For each new data point: 

   a. Get predictions from each tree. 

   b. Output the majority vote for 

classification or the average for 

regression.” 

 

 

4. K-Nearest Neighbors (KNN) 

 

Description: K-Nearest Neighbors is one of the many non-parametric, instance-based learning 

algorithms. Based on the majority class of the nearest neighbors, a new data point will be 

classified [9]. Because KNN is simple and interpretable, it is very apt for health applications 

like diagnosing patients with one of the appropriate health categories or predicting treatment 

possibilities. 

 

“1. For each test point: 

   a. Calculate the distance between the 

test point and all training points. 

   b. Select the k-nearest neighbors based 

on the calculated distances. 

   c. Predict the class based on the 

majority class of the neighbors. 

2. Return the predicted class for the test 

point.” 
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Table 2: Training Duration (Seconds) on Dataset 

Algorithm Training Time (s) 

Logistic Regression 12.8 

Support Vector Machine 30.6 

Random Forest 45.9 

K-Nearest Neighbors 5.3 

 

These methods form the basis for implementing personalized health-care systems with AI, and 

each algorithm has strengths and weaknesses based on the nature of healthcare data and the 

specific context of the application. In practice, the choice of an algorithm depends on the trade-

off among computational cost, accuracy, and interpretability. 

 

IV. EXPERIMENTS 

This section delineates the experimental setup, performance metrics used to measure the 

performance of the models, and a critical analysis of the results. We compare the “Logistic 

Regression, Support Vector Machine (SVM), Random Forest, and K-Nearest Neighbors 

(KNN)” models with respect to the dataset discussed above in the previous section [10]. 

Additionally, we present a comparative analysis of our result with the related work about 

personalized healthcare systems using AI. 
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Figure 1: “The Impact of AI in Healthcare Industry” 

 

Experimental Setup 

All experiments are performed on the system with the following settings: 

● Processor: Intel Core i7, 3.4 GHz 

● RAM: 16 GB 

● Operating System: Ubuntu 20.04 

● Programming Environment: Python 3.9, with some library packages utilized; they 

include scikit-learn, NumPy, pandas, and matplotlib. 

Using this dataset, we will handle a total of 10,000 patient records - 70% of them for training 

and 30% for testing purposes. Performance of the models was evaluated using the testing 

dataset while building the models with the training dataset. Analysis of the models was carried 

out based on accuracy, precision, recall, F1-score, and Area Under the Receiver Operating 

Characteristic (ROC) curve (AUC). Hyperparameter tuning was carried out using cross-

validation. 

 

Performance Metrics 

To measure the performance of the models, the following will be used as their metrics: 

● Accuracy: This calculates the percentage between the number of times when instances 

have been accurately classified out of the total instances.  

● Precision: The proportion of true positives of the entire population If a test has more 

true positives it means that many persons tested positive are in fact positive for the 

disease.  

● Recall (Sensitivity): True positive over (true positive + false negative). 

● F1-Score: A measure combining precision and recall in which both are assigned equal 

weight [11].  

● AUC: Ave, which stands for the area under the receiver operating characteristics 

curve: the true positive rate as a function of the false positive rate, which is 1–

specificity. 
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These measures give a complete view of each model's performance, particularly in medical 

applications where both precision and recall are important enough to avoid false positives and 

false negatives in diagnosis. 

 
Figure 2: “Generative AI in Healthcare” 

 

Results 

After training the models, the following results were obtained: 

 

Model 1: Logistic Regression 

 

Performance Summary: Logistic Regression is suitable for good performance with high 

interpretability. It finds applicability in healthcare-based models dealing with binary 

classification. Thus, the model can predict the risk of disease or even predict the outcomes of 

treatment to a large extent [12]. However, the linear decision boundary impacts the model 

from capturing complex relationships within the data. 

● Accuracy: 85.4% 

● Precision: 87.0% 

● Recall: 82.5% 

● F1-Score: 84.7% 

● AUC: 0.89 

Model 2: Support Vector Machine (SVM) 

Performance Summary: SVM worked very well as the classifier. It performed much better 

on data that is not linearly separable. Using the RBF kernel, SVM mapped the features to 

higher dimensions. Hence, it captured more complex relationships in that data. 

● Accuracy: 88.9% 

● Precision: 89.2% 

● Recall: 87.4% 

● F1-Score: 88.3% 

● AUC: 0.91 

Model 3: Random Forest 
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Performance Summary: Random Forest was better at handling big data with lots of features. 

Its ensemble nature in using a multitude of decision trees may help in reducing overfitting and 

its best accuracy yielded for all models. 

● Accuracy: 91.2% 

● Precision: 90.6% 

● Recall: 91.7% 

● F1-Score: 91.1% 

● AUC: 0.93 

Model 4: K-Nearest Neighbors (KNN) 

Performance Summary: KNN was relatively good and computationally very expensive for 

large datasets. This simplicity is both a blessing and a curse - easy to implement but maybe 

prone to difficulties when the dimension of the datasets is high unless very careful 

preprocessing is done [13]. 

● Accuracy: 83.1% 

● Precision: 84.5% 

● Recall: 81.2% 

● F1-Score: 82.8% 

● AUC: 0.87 

 

Comparative Analysis 

 

Accuracy Comparison 

As indicated in the table above, Random Forest was the best as far as accuracy is concerned, 

as it achieved 91.2%, while other algorithms were at a lower level. Its second-best classifier 

recorded 88.9% in accuracy that was followed closely by Logistic Regression and KNN that 

stood at 85.4% and 83.1%, respectively. This results showed that the strength of Random 

Forest in combining multiple decision trees resulted in diminished variance and enhanced 

strength of the model. 

 
Figure 3: “Multimodal biomedical AI” 

Table 1: Accuracy Comparison of Models 
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Model Accuracy (%) 

Logistic Regression 85.4 

Support Vector Machine 88.9 

Random Forest 91.2 

K-Nearest Neighbors 83.1 

 

Precision, Recall, and F1-Score Comparison 

Table 2 compares precision, recall, and the F1 score for all models. In this comparison, 

Random Forests have the highest F1 score at 91.1%. It is apparent that these models balance 

well the two important aspects: precision and recall. SVMs have also highly ranked F1 scores, 

at 88.3%, and are thus well-suited when higher levels of recall or precision are needed. KNN 

demonstrated poor precision and recall while being relatively simple [14]. 

 

“Table 2: Precision, Recall, and F1-Score Comparison” 

Model Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

Logistic Regression 87.0 82.5 84.7 

Support Vector 

Machine 

89.2 87.4 88.3 

Random Forest 90.6 91.7 91.1 

K-Nearest Neighbors 84.5 81.2 82.8 

 

AUC Comparison 

Table 3 depicts AUC for each of the models, which in essence, is a score of how well the 

model can differentiate between classes. The highest AUC belonged to Random Forest with 

0.93 followed by SVM at 0.91. AUC values indicate that Random Forest and SVM have 

stronger discrimination capabilities between true positive and false positives as against 

Logistic Regression and KNN [27]. 

Table 3: AUC Comparison of Models 
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Model AUC 

Logistic Regression 0.89 

Support Vector Machine 0.91 

Random Forest 0.93 

K-Nearest Neighbors 0.87 

 

Insights and Observations 

1. Interpretability: Though Random Forest and SVM reported better performance 

metrics, Logistic Regression has the added advantage of higher interpretability, a 

critical requirement in healthcare where oftentimes, understanding the impact of each 

feature on the outcome is as valuable as the prediction [28]. 

2. Scalability: The performance of KNN drops with high-dimensional data; on the 

contrary, Random Forest and SVM are scalable much better for such a scenario [29]. 

It would reflect that for health care systems that could have highly complex, multi-

dimensional data, the choice would be Random Forest or SVM. 

3. Computational Efficiency: As compared to Logistic Regression, Random Forest and 

SVM were computationally much more expensive when handled large datasets [30]. 

That is an important consideration aspect while deploying them for real-time health-

care systems. 

4. Generalizability: Since Random Forest is an ensemble method, it outperformed 

others in terms of generalizability, thus less prone to overfitting; this is indeed the 

required outcome for successful applications in health care, as models need to 

generalize well for unseen data. 
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Figure 4: “The Future of Artificial Intelligence in Healthcare” 

 

V. CONCLUSION 

In conclusion, the research on the personalized health care system using AI demonstrates how 

the use of AI could transform healthcare outcomes through precision medicine, enhanced 

diagnostics, and predictive analytics. In the current study, we discuss and analyze various 

algorithms such as Random Forest, SVM, Logistic Regression, and K-NN, showing how these 

models can be applied to healthcare data to improve accuracy and efficacy in patient care. 

Generally, Random Forest and SVM were chosen for their accuracy and generalizability, while 

Logistic Regression was invaluable with regard to interpretability, so important in decisions 

in healthcare with transparency. KNN is very efficient, but only on much simpler datasets and 

deteriorates with high-dimensional data and scalability. The experiments demonstrated the 

strengths of processing large and intricate data sets of AI, providing clinical tools that can 

predict patient outcomes much more accurately than was previously possible and tailor 

treatment approaches based on an individual's needs. However, the study presented some 

computational cost and lack of interpretability issues, particularly for critical healthcare 

scenarios. Related works comparative analysis shows that healthcare AI is in the developing 

phase and its balance integration with human expertise along with ethical consideration should 

be made for the successful implementation. Finally, the study highlights an essential role for 

AI in healthcare delivery in the future but one that promises to fundamentally change patient 

care in the direction of efficiency, precision, and personalization. Further advancements in this 

technology in directions designed to develop applications of AI that could help address the 

pressing issues designed to better use it ethically and expeditiously would ensure its full 

realization in personalized health care systems. 
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