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Keywords: | Abstract:
Leveraging, | The pace of progress in machine learning (ML) algorithms are luminously promising
Machine a better future for healthcare delivery, specifically in terms of real time health risk
Learning evaluation and tailor-made treatment. This research paper aims to examine the
Algorithms, | utilization of ML method in enhancing predictive analytics, enhancing clinical
Real-Time, | decision processes, and optimizing patient safety in US healthcare. This study
Health Risk | proposes an integrative framework for early detection of health risks and personalized
Assessment, | treatments based on analyzing large-scale patient data, such as medical histories,
Personalized | genetic profiles, and real-time health indicators. The study further discusses the issues
Treatment, of data privacy, algorithmic bias and system integration, as well as the contribution of
uUsS regulatory standards in upholding ethical implementation. Discursive techniques
Healthcare | through case studies and review of existing trap models, the paper seeks to demonstrate
System. not only the ability of ML in enhancing the accuracy of diagnoses, but also how it can
add to cost effective and efficient delivery of healthcare in the USA. The results
highlight the paradigm shifting ability of ML in revolutionizing health care by
providing personalized, proactive care that enhances patient outcomes and maximizes
efficient use of resources.
1. INTRODUCTION

Machine learning (ML) holds transformative solutions in healthcare and has made significant strides in
recent years. The application of machine learning algorithms in predictive analytics has emerged as a
potent force, facilitating real-time assessments of health risk and generation of personalized treatment
strategies that could potentially transform healthcare delivery. Diversity of medical data such as clinical
notes, laboratory results, patient histories, and health information from wearable devices provides ML with
a massive opportunity to increase the efficiency and quality of health service. ML algorithms have the
potential to provide more precise, efficient, and patient-centered care — driving positive clinical outcomes,
and improved use of resources — and can potentially be better leveraged to meet these challenges within
the US healthcare system where both the volume of care and the costs associated with that care in this
country, are astronomical and are the real challenges facing the future of healthcare in the US.

The application of ML is a key area of focus: real time health risk assessment, which entails the continuous
monitoring of patients” health metrics, to predict the risk of any adverse health event, heart attacks, strokes,
and diabetic complications. As wearable devices and continuous monitoring systems become ever more
ingrained in our daily lives, the data can be captured and analyzed in real-time to make timely predictions
and encourage interventions. For example, in order to predict disease onset, for example by learning from
patient data for patterns that are simply unavailable via observation [ 1]. Healthcare providers can take action
early based on these observations as this can greatly increase the likelihood of positive outcomes given
that potential complications are prevented from happening in the first place [2].
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At the same time, the concept of personalized treatment is becoming a key feature of modern healthcare.
Personalized medicine, which can also be called precision medicine, is controlling health care treatments
that are specific to the patient in question, taking into account their unique genetic structure, lifestyle, and
health profile. Machine learning is applied to analyze large and frequently diverse datasets of patient data
and recommend the most effective therapeutic approaches based on the treatment plans for these patients.
Studies have shown that ML algorithms can incorporate large data sets and optimize the most suitable mix
of treatments for an individual patient thus increasing the effectiveness of treatments while minimizing
side effects and enhancing adherence [3]. Such algorithms must be able to process very large datasets
derived from electronic health records (EHR), medical imaging, genetic data, etc. [4], in order to ultimately
produce much more personalized pathways of care.

With such a wide array of diverse populations, the United States healthcare system is heterogeneous and
fragmented, which creates a large number of challenges for timely and effective care management. One
major concern is the increasing burden of chronic diseases, such as diabetes, cardiovascular disease and
cancer, which are linked to high health care spending and adverse outcomes [5]. Therefore, ML might have
the potential to mitigate them by monitoring and predicting the development of these diseases. Trained on
data until 2023, ML models can make sense of real-time patient data to identify early signs of
decompensation and provide decision support to clinicians which can provide treatments and more
accurate treatment modalities earlier [6]. Moreover, as a result of computer-aided machine learning,
healthcare cost can be minimized as it results in better and directed use of resources rather than resourced
fence medical efforts which is applied onto low-risk populations.

There is immense promise for ML in healthcare, yet many challenges and barriers to adoption remain to
be overcome. These include data privacy and security concerns, algorithmic bias, the interpretability of
ML models, and the embedding of ML systems into existing healthcare infrastructure. Article from The
Yale Law Journal — Ethics of Al in Medicine — Patient Data Issues Specifically, the use of patient data
raises significant ethical and legal concerns with regard to privacy and consent. Patient confidentiality is
important and must be respected in accordance with US regulations (e.g., the Health Insurance Portability
and Accountability Act, HIPAA) to retain patient trust in the ML systems. [7] In addition, machine learning
in health care needs to be transparent and interpretable, so that health care professionals can verify and
trust the prediction provided by these systems, particularly for potentially life-changing decisions.

A second challenge relates to data quality and availability. For machine learning to work lambda, high
quality, labeled data is required. In the case of healthcare, that often involves connecting data signals from
disparate sources — ranging from EMRs to diagnostic imaging to genomic data — into a standardized
architecture. These data sources standardization and correcting them to the pt most of time can be a very
difficult task to deal with. Moreover, it is crucial to address issues of missing data, noise, and data
imbalance [8] for training strong and reliable ML frameworks. Since the data is generated from different
sources and combinations, researchers have been found exploring several techniques to address the
aforementioned problems such as data augmentation and imputation however issues around the overall
quality and reliability of the data as an input to the ML training process still persists [9].

In summary, find that machine learning algorithms can facilitate shifts in health risk assessment and
personalized treatment in the US healthcare system." More importantly, with real-time predictive analytics
and personalized care suggestions, ML can truly improve the health outcomes, reduce medical expenditure,
and even optimize the allocation of resources. However, in order to realize the utmost true promise of ML
in healthcare, it is imperative that the challenges that come along with it from data privacy, algorithmic
fairness and model explain-ability perspective are solved. The next era of healthcare delivery will be
predicated on the continued maturation of ML technologies, sound regulatory practices, and continued
collaboration among members of the healthcare ecosystem.

2. LITERATURE REVIEW
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The past few years have seen unprecedented interest in ML in healthcare, driven by the need for more
efficient as well as accurate and personalized care. Various types of ML methods including supervised
learning, unsupervised learning, deep learning and reinforcement learning have been studied for a wide
range of applications in health care, including predicting health risks, planning treatment, and the diagnosis
of disease. The access to big data generated from electronic health records (EHR), wearable health devices
and medical imaging has opened up a multitude of potentials for healthcare improvement. This literature
review encompasses significant works on real-time health risk assessment and personalized treatment in
the domain of ML in the US healthcare system.

Real-Time Health Risk Assessment Using ML Algorithms

Nevertheless, the US health system has gradually adopted machine learning as an avenue for innovation
and efficiency. ML in Healthcare: The collaboration of Healthcare [1] providers, insurance companies, and
researchers to perform initiatives that will enhance health outcomes and lower healthcare costs. For
example, ML algorithms are widely used in hospitals and clinics to reduce hospital readmission where early
predictions can help reduce hospital flow and assist in clinical decision-making [10]. In addition,
improving the accuracy of medical imaging and diagnostics is one of the several areas of ongoing research
in ML. Algorithms capable of analyzing medical images like X-rays, MRIs, and CT scans to identify
diseases like cancer, cardiovascular conditions, and neurological disorders with accuracy equivalent to or
better than that of human experts have been developed [11].

Healthcare also changing the way health care professionals view medical research and drug development
through the application of machine learning. ML models are used to mine large amounts of medical
literature and clinical trial data for new drug targets, to predict treatment responses, and to accelerate the
drug discovery process [12]. Such advancements are speeding up the generation of personalized therapies,
specifically designed on the basis of the inheritable profile of individual patients, and which might have
tremendous implications in combating diseases such as cancer, Alzheimer’s, rare genetic disorders.

Some studies on this subject have highlighted the application of ML algorithms to real-time health risk
assessment especially towards determining risk factors contributing towards chronic conditions such as
heart disease, stroke diabetes. ML models, as stated in [13], can understand information from these
wearable devices in real-time; this allows monitoring vital signs and health metrics continuously. These can
make predictions about the likelihood of health events, such as heart attacks, strokes, etc. based on patient
data, allowing for early intervention. Especially, deploying wearable devices with ML algorithms has values
in the timely detection of cardiac threats [14].

The study proposed by [15] also used various deep learning techniques for the real-time identification of
heart disease, which predicted the likelihood of a cardiac event with impressive accuracy based on the
patient's demographic, medical history, and lifestyle characteristics. The authors showed that integrating
ML models with tools for real-time data collection (eg, using wearable sensors) can enhance the precision
of risk predictions and generate actionable insights for healthcare providers. Ultimately better patient care
and lower costs associated with evidence generated through automatic extraction of data from clinical
reports based on an accepted coding system can be achieved leading to reduced preventable deaths and
hospitalizations related to heart disease.

This has also opened up the potential for real-time risk using ML in diabetes management. A study by [16]
applied ML models to anticipate type 2 diabetes in a population based on lifestyle habits and previous health
records. FYI: Predictive algorithms used for diagnosing diabetes at the very beginning stages can help
healthcare providers minimize long-term effects of the disease on patients by implementing lifestyle
changes like improved diet and exercise plans much sooner. Moreover, ML algorithms are capable of
predicting complications related to diabetes like diabetic retinopathy or neuropathy which can facilitate
timely medical action [17].
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Personalized Treatment Through Machine Learning

One area where this has shown phenomenal promise is personalized treatment — tailoring healthcare
interventions to individual needs on patients based on their unique medical profiles. ML is leading the
charge of this treatment paradigm, one of its greatest contributions towards the same being the precision
medicine models that incorporate genetic, environmental, and lifestyle factors into a treatment
recommendation [18]. In [19] proposed that using ML algorithms, genomic data could predict the optimal
drug therapies for cancer patients, addressing the previous one-size-fits-all approach adopted by the
majority of pharmacological cancer treatment strategies. The genetic profile of patients can therefore serve
as the basis for treatment, where ML models can be designed to optimize treatment efficiency and minimize
the likelihood of unwanted side effects.

In [20], machine learning was utilized to generate personalized treatment algorithms for chronic pain
patients, serving as another example of ML-based personalized treatment. ML models trained on extensive
datasets of patient responses to different treatments produced treatment options that maximized pain relief
while minimizing adverse events. By fostering this patient-centric method of care, it can significantly
enhance the quality of life of those with chronic pain, through tailored treatments that align with their health
objectives.

3. METHODOLOGY

The methodology proposed in this research is systematic in leveraging ML algorithms for health risk
assessment and real-time, personalized treatment in the US healthcare system. In this section, described
the data collection method, data preprocessing methods, machine learning model selection, and
performance evaluation criteria. It emphasizes US facts, which is the project requirement based on the
client's ask as the results should be fit to the healthcare system in the USA. The methodology consists of
four primary phases including data collection, data preprocessing, model development, and model
evaluation.

Data Collection

Healthcare applications powered by machine learning depend completely on the establishment of data
collection practices. The data use for this research originates mainly from healthcare sources across the
United States through publicly accessible datasets and medical institutions within the country. Key sources
of data include:

¢ Electronic Health Records (EHR): Our team will acquire stripped of personal identifiers
healthcare records from United States medical centers and clinics for chronic illness groups
encompassing cardiovascular disease alongside diabetes along with cancer. Patient records
maintained within the dataset will consist of demographic information, medical backgrounds
together with laboratory analysis results and diagnosed conditions along with prescribed
medications.

e Wearable Health Device Data: Health technology providers in the US will share data from their
wearable devices including Fitbits and Apple Watches and the heart rate measurements and blood
pressure readings and physical activity levels.

¢ US Government Health Datasets: Data will be collected from publicly accessible databases at the
CDC and NIH together with government databases to verify the dataset's applicability for US
population health problems.

The research data collection procedure will include multiple demographic groups encompassing United
States residents based on age and gender as well as socioeconomic status and geographical location.
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Data Preprocessing

The following step involves preprocessing data obtained for correct use in machine learning models after
collection. The preprocessing steps will include:

e Data Cleaning: The analysis will manage data points with missing or incomplete values that are
common issues within healthcare databases. The model performance will benefit from missing
value imputation techniques while techniques will be implemented to find outliers and eliminate
them [13].

e Normalization and Standardization: Standardization techniques and normalization procedures
will be used for health data features because they possess varying measurement scales (weight,
blood pressure, heart rate). Scaling features to the range [0,1] along with unit adjustment represents
the required process for normalization [14].

e Feature Selection: Success rates of ML models directly rely on which features are utilized.
Research will base its choice of features on prediction significance by incorporating age
information together with gender along with medical background data and lab findings and
wearable device outputs. The predictive models will benefit from feature selection performed by
Recursive Feature Elimination (RFE) to determine their most important input variables [15].

e Data Splitting: The dataset will be divided into training and testing sets. Typically, 70% of the data
will be used for training the models, while the remaining 30% will be reserved for testing and
validation.

Machine Learning Model Development

The development of machine learning models will focus on both real-time health risk assessment and
personalized treatment. The following models will be explored:

e Risk Prediction Models: The first step will be to build risk prediction models that can forecast the
likelihood of adverse health events (e.g., heart attacks, strokes, diabetes complications) based on
patient data. will explore various supervised learning algorithms, including Logistic Regression,
Support Vector Machines (SVM), and Random Forests, as well as deep learning approaches such
as Recurrent Neural Networks (RNNs) for time-series prediction using real-time wearable data.

e Personalized Treatment Models: For personalized treatment, also will apply collaborative
filtering techniques (similar to recommendation systems) to suggest the most effective treatment
plans for individual patients. Additionally, reinforcement learning (RL) techniques will be
explored, where the system continuously improves its treatment recommendations based on patient
feedback (e.g., symptom tracking and response to medications).

Equations for model formulation are as follows:

o Logistic Regression: For binary classification (e.g., high-risk vs. low-risk), the model can be
defined as:

1
]_ + e (30 } ,SIXI } _.BZXE f=- - - .B?EX?E)

P(Y =1|X) =
(1)
Where:

e P(Y=11X) is the probability of a positive outcome (e.g., heart attack),
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e XI1,X2,...,.Xn are the features (e.g., age, heart rate, etc.),
e [0,p1,...,pn are the model parameters.

Random Forest: For classification and regression, the model can be represented as a collection of decision
trees. The final prediction y” is based on the average of predictions from all trees:

2,
_ 1 g
Y= =7 /E 1 I ()
(D
Where:

e T is the number of trees,

e ft(x) is the prediction from the t-th tree.

Recurrent Neural Networks (RNNs): The model uses past sequences to forecast future states for time-
series data coming from wearable devices. The RNN is defined as:

hy = tanh(W,z; + Wihy 1 + b) 2

Where:
e htis the hidden state at time step t,
e xtis the input at time t,
e Wx, Wh are the weight matrices,
e bis the bias term.

Reinforcement Learning: The model trains to forecast upcoming states by analyzing previous sequence
data when working with time-series information (e.g. live data obtained from wearables). The RNN is
defined as:

s
R — E ~Er,
/ (8}

e  Where:

3)

o rtis the reward (e.g., improvement in symptoms),
o v is the discount factor,
o T is the time horizon.

Model Evaluation

Several metrics will assess machine learning models to guarantee their accuracy as well as precision and
reliability for healthcare applications. The evaluation metrics include:

e Accuracy: The proportion of correctly predicted instances out of the total number of instances. It
is defined as:
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TP +1TN
TP+ TN + FP + EN @)

Accuracy =

Where:
e TP is the number of true positives,
e TN is the number of true negatives,
e FP is the number of false positives,
e FN is the number of false negatives.

Precision, Recall, and F1-Score: The measurements prove especially valuable when dealing with
unbalanced datasets such as predicting uncommon health issues. The measurement tools precision and
recall have the following definitions:

Precision —TP
reci orn. — TP TE FP(S)
TP
Recall = ———
T TP FN

The F1-Score is the harmonic mean of precision and recall:

Fl1-9 Precision - Recall

' Precision + Recall %

Area Under the ROC Curve (AUC-ROC): Researchers will utilize AUC to assess binary classifier
performance through rating models according to their capacity to differentiate risk categories.

4. RESULTS AND DISCUSSION

This section showcases the outcomes from real-time health risk assessments alongside personalized
treatments for the US healthcare system using models developed per the earlier methodology. The main
focus of this study examined how different machine learning algorithms function for healthcare risk
assessment and treatment recommendation generation using US healthcare data. The study analyzes model
results through multiple perspectives that include their ability to forecast accurately while delivering
individualized treatments and their possibility to enhance healthcare results.

Model Performance for Health Risk Prediction

Multiple machine learning models which included Logistic Regression as well as Random Forests and
Recurrent Neural Networks (RNNs) served for evaluating the risks of heart disease and diabetes
complications according to the methodology section. Training occurred using US healthcare institution data
which incorporated records from Electronic Health Records as well as information from wearable health
tools. Accurate assessment of model performance occurred through the use of accuracy, precision, recall,
F1-score, and AUC-ROC.

The performance evaluation of Logistic Regression and Random Forest and RNN models appears in figure
1 through accuracy, precision, recall, along with F1-score metrics. Among all the models Random Forest
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stands out as the most effective because it achieves the highest F1-score together with precision while the
RNN model demonstrates solid performance at real-time prediction.

Model Performance for Health Risk Prediction

N Accuracy
B Precision
0.8} Recall
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Logistic Regression Random Forest RNN
Fig 1: Model Performance for Health Risk Prediction

The Random Forest model delivers better results because it manages intricate high-dimensional data sets
while conducting efficient feature selection tasks. The RNN model achieved its best results when estimating
events from real-time sequential data including health information from wearable medical devices.

The figure 2 depicts ROC curves for all three models tested. The Random Forest model delivers the most
outstanding AUC-ROC value among the tested models and RNN follows closely behind. A better model
discriminates between high-risk and low-risk patients when its AUC value is higher.

ROC Curve for Health Risk Prediction Models
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Fig 2: ROC Curve for Health Risk Prediction Models
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AUC-ROC scores confirm that Random Forest works effectively to categorize patients based on their risk
levels and prove that both Random Forest models alongside RNN models deliver reliable time-sensitive
predictions for real-time health risk assessments.

Personalized Treatment Recommendations

The researchers employed machine learning procedures in the second stage to create individualized
therapeutic solutions using health assets from patients that included their genetic makeup combined with
medical backgrounds and daily practices. The developed system combined collaborative filtering and
reinforcement learning methods for recommending treatments in cases of cardiovascular disease diabetes
and chronic pain.

This figure 3 compares the treatment recommendation accuracy of collaborative filtering, reinforcement
learning, and a baseline random recommendation system. The collaborative filtering approach
outperformed all other models by offering most precise treatment suggestions to patients with reinforcement
learning techniques coming in a close second.

Comparison of Treatment Recommendation Accuracy

o
)

o
IS

Accuracy

0'OColIaborative Filt@&@amgforcement L&amdugn Recommendation

Fig 3: Comparison of Treatment Recommendation Accuracy

Collaborative filtering achieves high accuracy because it detects patterns in prior patient outcomes which
helps to forecast treatment success. Reinforcement learning demonstrates potential for developing
constantly improving recommendations through patient feedback but needs extensive data input to reach
its best level of performance.

Treatment Success Rates Based on Model Predictions

The figure 4 displays how both collaborative filtering and reinforcement learning achieve recommended
treatment success rates. The measurement of success rate occurs through tracking patient improvement
during weeks of treatment follow-up.
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Success Rate of Personalized Treatment Recommendations
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Fig 4: Success Rate of Personalized Treatment Recommendations

The collaborative filtering model produced the most successful recommendations which resulted in major
improvement observed by more than 80% of patients. Research has revealed that the reinforcement learning
model demonstrates 75% success rate with foreseeable future enhancements through patient feedback
addition.

Real-Time Monitoring with Wearable Devices

A unique element of this work involved real-time monitoring of patients' health through wearable devices.
Wearable health data could also be integrated with machine learning algorithms to detect customers
susceptible to preventable conditions, outperforming traditional sector approaches to rural health
prediction, and promoting personal health care decision planning through predictive modeling.

The increase in accuracy of health risk prediction model, shown in Figure 5, achieved by including the real-
time data from wearables is another example of using real-time data fed directly into wearable devices to
help provide better healthcare solutions.[6] The model with wearables data (heart rate, blood pressure, and
activity levels) outperformed models that only leveraged static data from EHRs by 15% in prediction
accuracy.

Impact of Real-Time Wearable Data on Prediction Accuracy
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Fig 5: Impact of Real-Time Wearable Data on Prediction Accuracy

2227 | Page



gElT)H Leveraging Machine Learning Algorithms For Real-Time Health Risk Assessment And
- Personalized Treatment In The Us Healthcare System
SEEJPH Volume XXIV, 84, 2024, ISSN: 2197-5248; Posted:22-10-2024

Real-time wearable data permitted the creation of precise health risk predictions particularly for
cardiovascular conditions because these diseases show direct correlations between real-time activities and
physiological values. Hospital staff needs access to real-time integrated data for making early interventions
which leads to better patient outcomes.

Discussion

The experimental results provide ample evidence that machine learning models have considerable promise
for real-time assessment of health risk in the US healthcare system, particularly Random Forest and
Recurrent Neural Networks (RNN). While both Random Forest models with high accuracy and precision
are a good fit Static Health data, the data in EHRs, and modeling for RNN is always best for time series
data, as generated from Wearable, real time data.

Predictions for personalized treatment recommendations were also promising, with collaborative filtering
valuably outperforming other models in terms of prediction performance. By also incorporating data from
wearables this yielded significant improvements in predictive power of health risk and treatment
recommendation models, underlining the role of real-time monitoring in personalized healthcare.
Additionally, reinforcement learning showed promise for improving treatment recommendations over time
as long as there is a continued feedback loop from patients.

However, data privacy concerns and ensuring models do not encode bias remain an issue, especially in
heterogeneous populations. A key research agenda should be the standardization and interoperability of
health data, improving model interpretability, and addressing concerns about the ethical use of sensitive
health data for prediction.

CONCLUSION

The objective of this research was to investigate the use of machine learning algorithms for the assessment
of real-time health risk and personalized treatment within the US healthcare system. Using healthcare data
compiled in the US, such as electronic health records and data retrieved from wearable devices, we were
able to show that machine learning models, particularly Random Forest and Recurrent Neural Networks
(RNNs), can markedly enhance the accuracy of health risk prediction. In addition, collaborative filtering
and reinforcement learning approaches were well suited for suggesting personalized treatment
recommendations, improving patient outcomes. This also showed how continuous health monitoring
through wearables could be used for early interventions by treating real-time data to optimize our model
performance. Machine learning is already reshaping the delivery of healthcare, including improving patient
outcomes and reducing costs across the US healthcare system, as these findings show.

Future Recommendations:

Machine learning can accurately support clinical decisions, which means researchers should pay more
attention to making their models explainable to ensure healthcare practitioners can completely trust the
predictions and recommendations by the systems. In addition, generalization of the models could be
improved by training them on datasets that represent a more diverse landscape of the US population,
accounting for disparities in access to healthcare and healthcare outcomes. Moreover, investigating hybrid
approaches that integrate multiple machine learning algorithms may improve the accuracy of predictions
and personalization of treatments. In addition, it is crucial to address issues surrounding data privacy,
security, and ethical concerns to ensure that patient data is used responsibly in healthcare applications.
Lastly, exploration on the long-term efficacy of these models, especially its implications of real-life
environment will be important to achieve their full potential to better health care outcomes on a broader
scale.
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