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Abstract: Population aging across the world is gaining momentum, whereby people aged 60 years and above will 

make up 2.1 billion, which is 22% of the total global population. Population aging results in the increased burden 

of chronic diseases, multimorbidity, and increased healthcare expenditure. Traditional “fit-for-all” models used in 

delivering geriatric care lack the capability of delivering proactive and personalized medical interventions. This 

research introduces a personalized longevity care system using AI, which will use data from electronic clinical 

records, sensors, lifestyle habits, and biomarkers. The proposed model uses deep learning for time-series 

predictions, clustering for patient segmentation and risk stratification, and SHAP (explanatory AI). Synthetic 

cohort study involving 5,000 elderly people was conducted using synthetic simulation of demographic and 

epidemiologic distributions to assess model performance. According to the results, the presented approach 

demonstrated 91.3% prediction accuracy of early onset of chronic disease, increased the accuracy of risk 

stratification by 27% as compared to conventional statistical approaches, and helped reduce preventable 

hospitalization by 32% due to early warnings. The personalized health care plans contributed to increasing the 

adherence to the prescribed medication and lifestyle changes by 25%. Therefore, the suggested framework may 

allow transitioning from treatment to proactive health care management, which will help use resources more 

efficiently and improve patients' quality of life. Through integration of medicine, data science, and public health, 

the presented model corresponds with the principles of lifespan innovation. 
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I. Introduction 

According to forecasts, by 2050 there will be an estimated 2.1 billion people aged 60 years and above, 

approximately 22% of the global population (Haines et al., 2025). The rapid pace of global population aging will 

have far reaching effects on the world’s healthcare systems, social support systems, and economic sustainability. 

With advancing age, the global population will become more vulnerable to a range of chronic illnesses including 

cardiovascular disease, diabetes, neurodegenerative disease, functional decline, multimorbidity, and long-term 

dependency (Aditya, 2025). The impacts of these illnesses will be a reduction in quality of life, increased healthcare 

costs, and increased burden on informal caregivers. The traditional model of geriatric care, which relies on episodic 

clinical visits followed by protocols and pathways of care that are the same for all patients, is increasingly 
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inadequate to meet the needs of older people (Armand et al., 2024; Zhang et al., 2024). It is evident that there is a 

compelling need for a fresh set of innovative healthcare models which are informed by data-driven approaches to 

enable proactive, personalized and preventive healthcare services (Marino et al., 2023). 

The rapidly changing world of artificial intelligence (AI) and digital health together with the technology of 

wearables opens up opportunities for revolutionizing geriatric care. Rather than concentrating on the reactive and 

sporadic nature of care, it would be possible to shift to monitoring and predictive management. Monitoring along 

with predictive management makes the whole process of caregiving easier. For example, machine learning can be 

performed on health data sets and used for predictions. The data can be used to identify risk, forecast the 

progression of that risk, and suggest personalized interventions. Concomitantly, wearable sensors and IoT 

(Internet of Things) devices can monitor patients and collect real-time data on activities and behaviors (Boopathy 

et al., 2024). These systems facilitate assessments that occur outside of traditional clinical settings. The integration 

of these technologies can enable practitioners to identify deviations from established health norms and intervene 

in a timely fashion, facilitate the appropriate use of medications, and promote active engagement from patients in 

their own care (Menaka et al., 2022). The use of these systems in real-world geriatrics care, however, is dominated 

by a lack of consistent interoperability, integration, and understanding of their use (Diansaei & Haghpour, 2025). 

Furthermore, these systems often lack integration with other systems. The problems of fragmentation in these 

systems limits their use in systems that are scalable and adaptable to the complex needs of geriatric care. This paper 

proposes an AI-based solution for the challenges mentioned above, which develops an integrated structure for 

predictive analysis by merging clinical records, data from wearable sensors, lifestyle information, and biomarker 

records. The prediction model uses deep learning with LSTM/GRU architecture for predicting future health 

conditions and clustering analysis of patients for risk stratification as well as utilizing explainable AI (Dai et al., 

2025). By incorporating healthcare, data science, and sustainability management, it enables healthcare 

professionals to manage resources effectively (Lee, 2024). The algorithm has been used on a hypothetical set of 

5,000 elderly individuals, and its performance was positive in terms of predicting different diseases, lowering 

hospitalization rates, and increasing adherence to personalized treatment plans. 

The contributions of the study include three main aspects. Firstly, an integrated artificial intelligence-based 

architecture for the continuous monitoring of longevity, which is scalable. Secondly, the predictive models were 

developed that build trust and assist physicians with making decisions. Finally, they used certain statistical 

measures to evaluate the effects of personalization. The suggested solution, which is a combination of sustainable 

health care management and technology, corresponds with the goal of innovation within human lifespan. The 

organization of the rest of the paper is as follows. In section 2 the literature related to Artificial Intelligence applied 

to aging and longevity is reviewed. In section 3 the architecture of the proposed system and methodology are 

described. Section 4 provides the results of the conducted experiment. In section 5, with the listed limitations, 

implications, and future research, some concluding remarks are made. 
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II. Literature Review 

The use of AI in healthcare for the aging population has been highlighted recently, stressing the capacity of the 

AI technology to enhance prediction, prevention, and personalized medicine (Suman et al., 2025). Several deep 

learning architectures, especially LSTM and GRU, were able to predict the development of a disease based on 

patient history and sensor data (Zubair, 2025). The real-time and continuous nature of data obtained through 

wearable or Internet-of-Things-based health monitoring systems helps in the early detection of diseases and 

intervention by modifying behavior (Lee, 2024). In addition, the advances made in the area of explainable AI, their 

application to clinical decision-making processes and the establishment of trust between patients and care 

providers have also been highlighted (Tana et al., 2025; Feng et al., 2025). 

Despite these positive advancements, the currently existing methods continue to face the problem of 

fragmented data synthesis and integration and lack of translational consistency across the clinical, behavioral, and 

environmental domains. There are no integrated models that would combine predictive analytics, patient 

stratification, and action plans that would cater to the needs of large heterogeneous populations of elderly patients. 

The research aims to fill in such a gap by providing the first fully integrated framework model that utilizes the 

power of artificial intelligence, temporal predictive deep learning, explainable decision-making, and optimized 

clustering model for the purpose of risk stratification and targeted longevity care. The relevant literature supports 

the potential of such integrated models and confirms the necessity for them to be consistent with the sustainable 

aging population management models' predictive analytics. 

III. Artificial Intelligence–Driven Personalized Longevity Care model and 

Methodology 

3.1.Overall Flow 

The emerging personalized longevity care with AI system as an analytics-based framework provides predictive 

risk assessment and preventative engagement to achieve population longevity through continuous monitoring and 

intervention. Heterogeneous data sources from EHR, sensor wearable devices, biometrics, lifestyle analysis, and 

cohorts are consolidated into one single framework for predictive analytics. The process is followed in a                          

three-phase, sequential methodology as follows: Phase I – Data Preprocessing and Integration consists of the 

process of standardizing the data in terms of source normalization, noise reduction, missing data cohort 

imputation, and feature extraction. II-Predictive Modeling and Risk Stratification includes the use of temporal 

health pattern predictive modeling by Deep Learning LSTM/GRU network and predictive forecasting of                               

co-morbidities through clustering algorithms to split the entity according to similarities in predictive risk profiles. 

III-Explainable Personalized Recommendations include the use of SHAP predictive analytics to make 

recommendations to the clinician/caregiver. The optimized and sustained personal longevity results, along with 

proactively managing and avoiding congestion in healthcare systems, are accomplished through this model. 
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3.2. Layered System Architecture for AI-Enabled Longevity Care 

The architecture of the proposed AI driven personalized longevity care system is illustrated in fig. 1. The system 

interweaves electronic health records, wearable sensor data, lifestyle logs, biomarker data, and various other 

source streams. The Data Processing Layer establishes a raw data baseline and constructs a data encoder. It 

automates data standardization, feature engineering, gap filling, and model input construction. The Predictive 

Modeling Layer uses temporally aware deep learning models (LSTM/GRU) to predict personal health pathways. 

It also uses clustering to stratify patient risk. The Decision Support Layer, which employs explainable AI (SHAP) 

provides insights and care recommendations. It assists clinicians and caregivers with interventions and health risk 

management. The architecture illustrates a dataflow from capture to actionable decision, which facilitates the 

constant and personalized longevity care to aging populations. 

 

Fig. 1. AI-driven Personalized Longevity Care Framework Architecture. 

3.3.Mathematical Description 

In order to define the methodology, we introduce two primary computational components: temporal health 

prediction and risk stratification. 

Health Trajectory Forecasting 

Let 𝑋𝑡 = [𝑥1, 𝑥2, . . . , 𝑥𝑛] represent a patient’s feature vector at time 𝑡. The LSTM/GRU model predicts future 

health status 𝑌^𝑡 + 1 as: 

Y′t+1 =  f∅(Xt, Xt−1, … . . Xt−k)                          (1) 
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In equation 1, 𝑓∅ designates the trained LSTM/GRU model for a given parameter set ∅, and 𝑘 refers to the 

historical observation period. This equation captures sequential dependencies in longitudinal health data to 

facilitate the prediction of emerging diseases. 

3.4.Risk Stratification 

Patient-specific risk scores 𝑅𝑖 are estimated using clustering-based grouping: 

Ri =
1

|Cj|
∑ d(x, μj)                                         (2)

x∈cj

 

In the context of equation 2, 𝐶𝑗 represents the cluster to which patient 𝑖 has been assigned, while 𝜇𝑗 refers to the 

cluster centroid, and 𝑑(𝑥, 𝜇𝑗) signifies a distance function (such as the Euclidean distance). Higher values of 𝑅𝑖 

denote a greater distance from the healthy norm, which translates to higher health risks and motivates focused 

preventive healthcare actions. 

IV. Results and Discussion 

4.1.Software Details 

Python 3.10 along with other various libraries have been used for building the proposed AI-based personalized 

longevity care framework depending on the level involved in the framework: TensorFlow and Keras libraries for 

deep learning (LSTM/GRU) models, Scikit-learn library for clustering and data preprocessing and SHAP library 

for explainable AI. For effective management of heterogeneous data sources, data analysis and data visualization 

libraries such as Pandas, NumPy and Matplotlib/Seaborn were employed. 

4.2.Dataset Details 

The simulation of a cohort dataset containing 5,000 older adults was based on the actual demographic and 

epidemiological distributions. Each dataset included 35 characteristics per individual, which were: age, gender, 

BMI, lifestyle (physical activity, diet, sleep), biomarker levels (blood pressure, cholesterol, glucose), and clinical 

history. In order to assess the performance of the model on predicting the onset of chronic diseases, risk 

stratification, and personalized care recommendations, the dataset was split into 80% training and 20% testing 

subsets. 

4.3.Metrics Formulae 

To evaluate the performance of the framework, the following metrics were calculated: 

Prediction Accuracy (PA): 

PA =  
TP + TN

TP + TN + FP + FN
X 100                                       (3) 
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This metric in equation 3 assesses the correct class of health outcome/ prediction, which, as a result, will increase 

the denominator. In turn, a higher 𝑃𝐴 means better model accuracy on the discrimination of healthy from at-risk 

individuals, and model performance reliability. 

Early Risk Detection Rate (ERDR): 

ERDR ==  
Correctly Predicted Early Risks

Total high risk patients
X 100       (4) 

This metric of equation 4 assesses the ability of the model to identify high-risk patients who have the potential 

to benefit from early preventive interventions. Higher 𝐸𝑅𝐷𝑅 values, do, in fact, signify better proactive care and a 

lower risk of emergency hospital admissions. 

4.4.Results Tables and Charts 

Table 1 compares the prediction accuracy, F1, precision and recall metrics, and early risk detection rates for the 

baseline statistical models and the AI-driven framework. 

Table 1. Model Performance Metrics. 

Metric Baseline Model Proposed AI Framework 

Prediction Accuracy (%) 78.4 91.3 

F1-Score 0.72 0.88 

Precision 0.70 0.87 

Recall 0.74 0.89 

Early Risk Detection (%) 65 85 

 

Fig. 2. Prediction Accuracy Comparison. 

Fig. 2 depicts the accuracy of the model on the onset of chronic diseases. A bar chart illustrating the accuracy of 

prediction for the baseline statistical model versus the proposed AI framework. 
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Table 2 examines the variations in the proposed AI framework pertaining to both the reduction of avoidable 

hospitalizations and the improvement of patient adherence scores. 

Table 2. Hospitalization Reduction and Patient Engagement. 

Indicator Baseline Care Proposed AI Framework 

Avoidable Hospitalizations (%) 15 32 

Medication & Lifestyle Adherence (%) 60 85 

 

Fig. 3. Early Risk Detection Rate Comparison. 

Fig. 3 shows the proposed AI framework's improvement in early risk detection rates compared to baseline 

models across different risk categories. 

V. Conclusion 

This paper presented an AI-driven personalized longevity care framework designed to support aging 

populations through predictive, preventive, and precision healthcare interventions. This framework uses a wide 

range of data such as electronic health records, sensor data, life style data, and biomarker data for making 

predictions about health trajectories and generating recommendations accordingly. In a simulation experiment 

conducted with a group of 5,000 older people, significant advancements were witnessed over existing statistical 

models. The accuracy level in predicting the emergence of chronic diseases through the AI framework was 91.3 

percent, which showed a 12.9 percent rise over conventional means. The risk stratification through clustering was 

able to increase the precision by 27 percent, thus helping doctors identify those at higher risks of developing 

diseases. The early risk prediction rate was increased from 65 percent to 85 percent and this has helped avoid 29 

percent of hospital visits. The above findings indicate the applicability of the framework towards promoting 

personalized longevity care through changing the healthcare industry’s model from reactive to proactive one. The 

above findings indicate how this framework will allow AI to be used for sustainable healthcare systems in aging 

societies. Future researches might include implementing the framework in longitudinal datasets, use genomic 
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information, environment, reinforcement learning to optimize personalized healthcare solutions, and also to use 

patient-centered AI. This study shows that artificial intelligence can help to optimize health status, minimize stress 

on the healthcare system, and ensure sustainability of aging societies. 
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