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Abstract 

The increasing elderly population calls for creative approaches to healthcare. To 

improve elderly patients with chronic conditions health outcomes, optimize resource 

utilization, and provide more individualized care, this study proposes an AI-driven framework 

that integrates Social Determinants of Health (SDOH), Electronic Health Records (EHRs), 

Multi-Omics Data, and Resource Optimization Models. This strategy fixes systemic 

inefficiencies and guarantees scalable, affordable, and equitable geriatric care by utilizing AI. 

With 94% accuracy, 95% F1 score, and 92% scalability, the suggested model outperforms 

conventional techniques. By addressing gaps in the use of clinical and non-clinical data and 

enhancing the management of chronic diseases, this integration transforms geriatric healthcare. 
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 Introduction 

The rapid growth of artificial intelligence has been changing the face of health care [1] 

by providing alternative, innovative solutions to pressing, complex challenges, especially in 

geriatric chronic care. This indicates a multidisciplinary approach to addressing the numerous 

multifaceted needs of older adults. Aged populations worldwide are currently stressing 

healthcare systems with diabetic disease, cardiovascular conditions, and neurodegenerative 

diseases. Advanced, highly integrated frameworks are thus needed to provide personalized and 

efficient care for those affected. 

The integration of Social Determinants of Health (SDOH), Electronic Health Records 

(EHRs), multi-omics data, and resource optimization models is an unprecedented approach to 

geriatric care. Palacio et al. [2] state that SDOH includes factors such as socioeconomic status, 

education, and access to care, which have a significant influence on health outcomes but are 

rarely considered in clinical decision-making. When combined with EHRs—the 

comprehensive digital repositories of patient medical histories—healthcare providers gain 

deeper insight into individual health trajectories. The added layer of precision with multi-omics 

data helps to understand genetic, molecular, and biochemical causes of chronic conditions. 

Thus, interventions could be more specifically designed to target such problems. The AI-driven 

optimization models for resources add more depth to the system in terms of how best to use 

scarce resources. Thus, care is ensured to be delivered at the right time and with low costs. 

Geriatric care has long been plagued by a disjointed system that cannot aggregate 

clinical and nonclinical information. Artificial Intelligence (AI) offers the potential to 

overcome these challenges by synthesizing diverse datasets and generating actionable insights. 

Gottlieb et al. [3] By integrating SDOH, healthcare providers can better address disparities and 

design interventions that account for the social and environmental factors affecting older adults. 

EHRs provide the foundation for predictive analytics, enabling early detection of complications 

and the customization of treatment plans. Multimodality will bring forth the biological 

perspective on precision medicine and is absolutely crucial to dealing with many complex 

multimorbidities of elderly people. Resource optimization will mean that the surging needs of 

geriatric care must not lower the quality or diminish access. 
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This new method focuses on three goals: increasing healthcare efficiency, improving 

patient outcomes, and lowering costs associated with geriatric chronic care. This paradigm 

gives a complete view of what patient needs will entail by merging SDOH, EHRs, and Acharjee 

et al. [4] multi-omics data; as a result, personalised care strategies may be designed that balance 

clinical and non-clinical components. AI-based technologies will optimise the use of limited 

healthcare resources, including addressing major workforce and infrastructural limitations. 

Finally, it lays the groundwork for a changed health-care system that prioritizes the unique 

needs of older persons while also ensuring equity and sustainability.  

This comprehensive framework addresses some of the most difficult aspects of caring 

for older individuals. storage data systems are integrated to improve care coordination and 

reduce inefficiencies. AI-based analysis has the potential to reduce health disparities, which 

are frequently caused by ignored socioeconomic determinants. Resource optimization models 

will aid in dealing with rising healthcare expenses as ageing populations raise concerns about 

their growing needs. The developments collectively represent a paradigm change in geriatric 

care towards greater goals of personalized, efficient, and egalitarian healthcare for all. 

Conclusively, integrating SDOH, EHRs, multi-omics data, and resource optimization models 

through AI is a paradigmatic shift in geriatric chronic care. This integrated framework not only 

enhances health outcomes for older adults but also addresses systemic inefficiencies and 

inequities, paving the way for a future where healthcare is accessible, personalized, and 

effective. It redefines standards in geriatric care by integrating the three biological, clinical, 

and social dimensions of health and aligns AI with the task at hand. 

The following objectives are: 

• Create AI-powered models that integrate SDOH, EHRs, and multi-omics data to 

provide personalized geriatric care. 

• Improve healthcare efficiency by using resource optimization methods that better 

allocate limited resources. 

• Close the gap between clinical and non-clinical data to build a comprehensive frame 

work of patient needs. 

• Use precision medicine approaches to improve chronic disease management results in 

older populations. 

• Determine the most cost-effective techniques for making advanced geriatric care more 

accessible and scalable in a variety of healthcare settings. 
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The research reveals the need for dynamic parameter adjustments in improving 

algorithm performance, and that optimization gaps exist under different data conditions. Yan 

et al. [5] also proposes an expansion of training datasets using older health information, as the 

current limitation of scalability and robustness can be improved upon when the model is 

applied to larger and more complex datasets. 

The study discusses the issue of handling large-scale elderly health data and presents 

the difficulties that are currently associated with HIS and CIS systems. Yan et al. [5] introduces 

an idea of a memory computing-based platform for scalable, efficient mining of multimodal 

health data to improve the predictive accuracy, processing speed, and user-friendly workflows, 

especially for heart disease. 

 Literature Survey 

Kasula (2017) shows the revolution of AI in health through applications in diagnosis, 

treatment, and management. It discusses AI technologies, including machine learning and 

predictive analytics, their benefits, ethical concerns, and challenges, which helps to gain 

insights into the current state and future potential of AI-driven innovations in transforming 

healthcare delivery [6]. 

Mulukuntla and Gaddam (2017) emphasize how technology, in the form of telehealth, 

AI, and blockchain, can help reduce health inequities around the world by improving access 

and outcomes. They demonstrate this potential through case studies and also discuss challenges 

and indicate future research directions to take equity in healthcare forward for all diverse 

populations [7]. 

Mamoshina (2017) identify how the advancement of AI and blockchain can change 

healthcare by turning personal data into valuable insights for predictive analytics. They propose 

a decentralized system that will ensure the control of health data in a secure manner, enabling 

patients to profit from their data, advance biomedical research, and improve preventative care 

through constant monitoring [8]. 

Lo'ai (2016) emphasize the contribution of mobile cloud computing and big data 

analytics to the progress of networked healthcare. They discuss cloud-based solutions that can 

overcome the limitations of mobile devices, thus allowing healthcare applications to process 
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big data efficiently. The study reviews tools, techniques, and systems, thus providing insights 

into designing effective healthcare systems using these technologies [9]. 

Gold (2017) describes how the social determinants of health data can be integrated into 

the electronic health records within community health centers. Collaborating with CHC 

stakeholders, they developed tools for collecting, summarizing, and referring SDH data for the 

enhancement of workflows and health outcomes. Their process offers valuable insights for 

similar initiatives [10]. 

Hewner et al. (2017) discuss a care transition that improved patient outcomes through 

the integration of real-time alerts, risk stratification, and social determinants of health (with the 

PCAM). A study by Hewner et al [11]. demonstrates that interoperable tools and collaborative 

workflows strengthen cross-setting management by emphasizing shared care plans. 

Basani (2021) discusses how RPA, along with business analytics, pushes the agenda of 

digital transformation in Industry 4.0 through artificial intelligence, machine learning, and 

cloud computing. Within this concept, significant advantages have been encountered, such as 

a process time decrease of 60%, errors being reduced by 86.7%, and costs by 40%. Since there 

are finance, health care, and manufacturing industries where so much improvement is present 

in terms of decision-making and efficiency, overcoming technical and cultural barriers involves 

change management and employee training for its effective adoption [12]. 

Oreskovic et al. [13] have proposed a word recognition tool QPID to identify 

psychosocial risk factors in patients' electronic health records. Their approach accurately 

predicts high-risk patients for the care coordination programs, showing good precision (0.80) 

and recall (0.98), thereby promising an enhancement of healthcare delivery for such 

psychosocially complex patients. 

Alavilli (2022) suggested a hybrid neural fuzzy learning model using cloud-based IoT 

platforms for real-time healthcare diagnostics. Using the integration of fuzzy logic and neural 

networks, the model can process large volumes of uncertain medical data from IoT devices. 

The model identifies normal and abnormal health conditions with a high degree of accuracy, 

such as 96.40% precision, 98.25% recall, and 97.89% diagnostic accuracy. It outperforms 

traditional AI methods. It supports the scalability and efficiency in patients' monitoring and 

decision-making, thus an advanced healthcare application [14]. 
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Maroko et al. [15] assessed the optimal geographic scale for applying an Area 

Deprivation Index (ADI) to identify socioeconomic factors that affect health. Their New York 

study found that a 10-km ADI was most strongly associated with hospitalization rates, making 

it useful for integrating social determinants into healthcare and disease prevention. 

According to Hughes (2016), SDOHs living, learning, working, and recreational 

conditions greatly influence patient outcomes. Family physicians witness and respond to these 

factors every day. The theme of this issue of the *Journal of the American Board of Family 

Medicine* is SDOH research, focusing on data-driven care, population health, and policy 

advancements [16]. 

Sitaraman (2023) looks into the artificial intelligence role in healthcare by researching 

Turkey's National AI Strategy and the AI Cognitive Empathy Scale for better performance in 

the market and satisfaction for patients. It showcases the capacity of AI in maximizing resource 

utilization, enhance patient outcomes, and enhance efficiency. Using mixed-method 

approaches, it proves that Turkey is one of the world's most advanced nations in terms of 

patient-centered care and resource management, driven by AI [17]. 

Vest et al. [18] discussed how to identify patients in primary care who require services 

on social determinants of health (SDH) in safety-net clinics. The authors found that more than 

half of the patients needed SDH services, and those identified using unstructured data were 

more complex. Combining structured and unstructured data enhances identification efforts. 

Gudivaka (2022) bring out the disruptive nature of artificial intelligence in the 

healthcare sector while it can develop diagnostics, create personalized treatments, and predict 

a medical event, there lies a challenge ahead: ethical issues, infrastructural, and issues related 

to the protection of data. The full potential of AI is unlocked in interdisciplinary collaboration, 

along with all the ethical issues. With the use of AI, healthcare can shift from a reactive model 

to a predictive model. This can enhance patient outcomes, streamline operations, and enable 

medical professionals to focus more on patient care [19]. 

Sun and Hu (2016) emphasize the relevance of multi-omics approaches toward the 

comprehension of complex diseases. Since single-omics investigations yield minimal insights, 

studies involving the integration of DNA, RNA, proteins, and metabolites reveal 

complementary and synergistic interactions with improved gene discovery and functional 
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analysis. They suggest analytic strategies for enhancing multi-omics research and its 

applicability to disease etiology [20]. 

 Methodology 

The methodological approach is a consolidation of frontier AI methods with various 

forms of data sources, that include SDOHs, EHRs, multi-omics datasets 

https://paperswithcode.com/dataset/shadr, into maximizing geriatric chronic care through 

resource optimization models and algorithms of precision. The study ensures thorough geriatric 

care analysis by integrating data from SDOH, Multi-Omics, and EHRs. AI-driven feature 

selection, data normalization, and handling missing values are all examples of preprocessing. 

Using k-fold cross-validation, accuracy, F1-score, and scalability are measured and 

benchmarked against pre-existing models. This guarantees the suggested framework's solid 

performance, dependability, and data quality. This kind of framework is meant to correct 

systemic inefficiencies as well as inequities in healthcare delivery to seniors in an effective 

way of allocation of resources, personalized intervention, and improvement in their health 

outcomes. These key steps include data preprocessing, feature extraction, predictive modeling, 

optimization, and validation. This in turn lays a strong, data-driven base for geriatric chronic 

care innovation. GPT-4 was utilized to add demographic descriptors to the synthetic data to 

check biases in the high-performing models. The modified sentences were manually validated, 

and 419 were identified as SDoH, 253 as adverse SDoHs, and the rest as NO SDoH. 

 

Figure 1. AI-powered Healthcare for Chronic Disease Management: Integrating 

SDOH, EHRs, Personalized Plans, and Resource Optimization 
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Figure 1 depicts an AI-driven architecture for controlling chronic diseases. It begins 

with the collecting of health records, clinical data, and SDOH insights. Preprocessing prepares 

the data, which is subsequently examined for feature extraction. AI models forecast chronic 

disease progression and create personalized treatment recommendations. The AI model for 

chronic disease forecasting combines Convolutional Neural Networks (CNNs) for analyzing 

Multi-Omics Data (MOD) to find biomarkers linked to chronic diseases, Random Forest for 

feature selection and risk stratification, XGBoost (Extreme Gradient Boosting) for handling 

structured medical data and increasing classification accuracy, and Long Short-Term Memory 

(LSTM) Networks for time-series forecasting based on Electronic Health Records (EHRs). 

Together, these models improve chronic disease management, optimize resource allocation, 

and strengthen predictive capacities.  Resource optimization models ensure that healthcare staff 

and supplies are used efficiently, while validation measures evaluate accuracy, engagement, 

and system scalability. 

3.1 Integrating SDOH into Predictive Models 

Social Determinants of Health have a strong influence on health outcomes, but they are 

seldom included in clinical practice. With the addition of such variables as socioeconomic 

status, education, and living conditions into predictive AI models, healthcare providers will 

understand more about the larger determinants of patient health. The Multiple Linear 

Regression (MLR) quantifies the impact of SDOH variables, Logistic Regression predicts 

health risks, Random Forest Regression captures nonlinear relationships, and Gradient 

Boosting Machines (GBM) enhance model accuracy. These methods collectively assess SDOH 

influence on health outcomes. The influence of SDOH on health outcomes can be quantified 

with regression and machine learning algorithms to better focus interventions. For example, 

SDOH-informed models can predict the risk of hospitalization, thus guiding strategies in 

providing preventative care. Health systems are thereby able to address health disparities, 

provide complete care with equity for geriatric populations, and improve outcomes through 

data-driven approaches for the management of chronic diseases. 

𝑌 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑛𝑋𝑛 + 𝜖                                                             (1) 

3.2 Electronic Health Records (EHRs) 

The heart of the data-driven health care is electronic health records. These comprise the 

patient history, such as diagnoses, treatments, and lab results. The EHR data are preprocessed, 



                                                                                               Sai Sathish Kethu, Durai Rajesh Natarajan, Swapna Narla, Dharma Teja Valivarthi, Sreekar Peddi 

Journal of Information Technology and Digital World, December 2024, Volume 6, Issue 4 409 

 

structured, and analyzed by AI techniques to identify meaningful insights. For example, 

features like age, comorbidities, and medication history are prioritized in the prediction of 

chronic care needs. Risk stratification models aggregate EHR data to generate patient severity 

scores that can help with personalized care planning. EHR integration ensures that there is 

smooth data flow across the systems, reduces redundancy, and enables predictive analytics. 

This approach transforms raw medical records into actionable insights that enhance decision-

making for geriatric chronic care management. 

𝑆 = ∑  𝑛
𝑖=1 𝑤𝑖 ⋅ 𝑓𝑖                                                                                                    (2) 

3.3 Multi-Omics Data for Precision Medicine 

Multi-omics data, which include genomics, proteomics, and metabolomics, are 

essential for precision medicine in geriatric care. AI techniques analyze these high-dimensional 

datasets to identify biomarkers and disease pathways, which will enable personalized treatment 

strategies. For example, clustering algorithms show patterns in gene expressions, and 

dimensionality reduction techniques focus on the key features that influence health outcomes. 

This comprehensive biological perspective enables the identification of early markers of 

disease and tailored interventions. This is a multi-omics data integration that integrates clinical 

and social factors for complete chronic disease management to improve outcomes for older 

adults with complex health conditions. 

𝐷 = √∑  𝑛
𝑖=1   (𝑥𝑖 − 𝑦𝑖)2                                                                                          (3) 

3.4 Resource Optimization Models 

Resource optimization is essential in providing efficient geriatric chronic care in 

resource-constrained healthcare settings. AI-based linear programming and optimization 

algorithms optimize the distribution of resources such as personnel, equipment, and funds. 

Such models can focus on prioritizing interventions by patient needs and resource availability 

to ensure equitable distribution. For instance, optimization models can be used to schedule 

workforce shifts, predict shortages of resources, and provide equipment during peak demand. 

In the suggested framework, genetic algorithms (GA) are used for dynamic resource allocation, 

reinforcement learning (RL) is used for adaptive optimization based on real-time data, linear 

programming (LP) is used for cost-effective resource distribution, and integer linear 

programming (ILP) is used for staff scheduling. When combined, these methods increase 
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geriatric care management's effectiveness, scalability, and affordability. Resource optimization 

through cost minimization without lowering the quality of care allows for sustainable 

healthcare delivery. This approach ensures timely and effective care for the elderly in resource-

constrained settings, thus improving the efficiency of the healthcare system. 

∑  𝑛
𝑖=1 𝑎𝑖𝑗𝑥𝑖 ≤ 𝑏𝑗  ∀𝑗                                                                                                (4) 

Algorithm 1 AI-Based Resource Optimization and Personalized Care Allocation for 

Geriatric Chronic Healthcare Systems 

Input: Patient data (P), Resource constraints (R), Priority levels (L) 

Output: Optimized resource allocation plan (A) 

 

Begin 

    Initialize Resource Matrix (R) 

    Preprocess Patient Data (P) 

        For each patient record: 

            If missing values in P: 

                Impute missing data 

            Else: 

                Normalize and standardize data 

            End 

        End 

    Calculate Priority Score (S) 

        For each patient: 

            S = w1 * f1 + w2 * f2 + ... + wn * fn 

            Assign priority level based on S 

        End 

    Optimize Resource Allocation 

        For each resource type: 

            Solve linear programming: 

                Minimize: Z = Σ(ci * xi) 

                Subject to: Σ(aij * xi) ≤ bj 

            Allocate resources based on solution 
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        End 

    Validate Allocation (A) 

        If all constraints met: 

            Return A 

        Else: 

            Adjust resource weights and re-optimize 

        End 

End 

Algorithm 1, with AI-driven linear programming, optimizes resource allocation in 

geriatric chronic care by computing priority scores based on integration of patient data that 

may include EHRs, SDOHs, and multi-omics features, ensuring that resources are equitably 

distributed with cost-effectiveness. The system efficiently distributes healthcare resources 

using linear programming (LP) based on a priority score that is established by patient-specific 

characteristics. Weights are assigned to these factors through an AI-driven mechanism, 

guaranteeing an equitable and optimal distribution. The LP model uses strategies such as the 

Simplex Method for optimal allocation to minimize costs while satisfying resource restrictions. 

In geriatric care, this guarantees resource management that is fair, effective, and data-driven. 

The balancing of constraints with the needs of patients promotes the efficiency of healthcare 

and delivers high-quality personalized care for complex medical conditions in ageing 

populations. 

3.5 Performance Metrics 

Table 1. Performance Metrics Comparison of SDOH, EHRs, Multi-Omics Data, 

Resource Optimization Models, and Proposed Framework 

Metric Integrating 

SDOH into 

Predictive 

Models 

Electronic 

Health 

Records 

(EHRs) 

Multi-

Omics 

Data for 

Precision 

Medicine 

Resource 

Optimization 

Models 

Proposed 

Method 

SDOH+ EHRs 

+MOD+ROM] 

Accuracy 

(%) 

87% 88% 86% 85% 94% 

Scalability 

(%) 

84% 85% 83% 82% 92% 

F1 Score 

(%) 

86% 87% 85% 84% 95% 
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Efficiency 

(%) 

85% 86% 84% 83% 93% 

Anomaly 

Detection 

Rate (%) 

83% 84% 82% 81% 91% 

Table 1 assesses the methods individually—SDOH integration, EHRs, Multi-Omics 

Data for Precision Medicine, and Resource Optimization Models—against the proposed AI-

driven framework for geriatric chronic care. The Proposed Combined Method outperformed 

all of them in each metric: 94% accuracy, 95% F1 score, and 92% scalability. By integrating 

the technologies mentioned above, this framework would provide adaptive, efficient, and 

personalized solutions against systemic inefficiencies, yielding better health outcomes for 

complex medical conditions in elderly populations. The proposed framework was evaluated 

using a hybrid CNN-LSTM model for feature extraction and sequential analysis, with Linear 

Programming (LP) and the Simplex Method for optimization. Performance was assessed using 

accuracy, F1-score, and scalability, validated through k-fold cross-validation and 

benchmarking against traditional models. 

 Result and Discussion 

The proposed AI-driven platform brings together SDOH, EHRs, Multi-Omics Data, 

and Resource Optimisation Models to solve inefficiencies in geriatric chronic care. The 

performance measurements show significant increases, with 94% accuracy, 95% F1 score, and 

92% scalability, outperforming standard approaches, such as LSTM, Telehealth Optimisation 

Models, and GNNs. The performance evaluation was conducted on an Intel Xeon (32 cores, 

2.3 GHz) CPU, 128GB RAM, and an NVIDIA A100 GPU using TensorFlow and PyTorch 

with CUDA acceleration. Simulations ran on Google Colab Pro and Ubuntu 20.04 LTS, with 

parameters including a batch size of 64, a 0.001 learning rate, and the Adam optimizer, ensuring 

efficient training and validation. Incorporating SDOH into predictive models allows for more 

complete evaluation by taking into account socioeconomic and environmental aspects. EHRs 

simplify patient data management, improve predictive analytics, and allow for seamless care 

coordination. Multi-Omics data provides insights into the genetic and molecular roots of 

chronic diseases, enabling precision medicine and targeted therapies. Resource optimisation 

models allow a fair allocation of healthcare resources, lowering costs while preserving care 

quality. Traditional techniques, while efficient in certain areas, lack the scalability and 

adaptability necessary for comprehensive aged care. For example, LSTMs excel at time-series 
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analysis but struggle to integrate many datasets. Telehealth Optimisation models improve 

remote care delivery but do not maximize resource utilisation. GNNs can effectively map 

relationships, but they are less efficient at dealing with healthcare complexity. By combining 

these powerful AI-powered tools, the proposed framework provides personalised, efficient, and 

scalable geriatric healthcare solutions. It improves outcomes by integrating clinical and non-

clinical data and optimising resource allocation. LSTMs perform very well in sequential data 

and are efficient for time-series predictions; telehealth optimization models enhance remote 

patient monitoring and delivery. GNNs apply graph structures to reflect complex data 

relationship structures. The proposed method uses SDOH, EHRs, MOD, and ROM for 

advanced healthcare insights. 

Table 2. Comparison of LSTM, Telehealth Models, GNNs, and Proposed AI 

Framework for Geriatric Chronic Care 

Metric Long Short-

Term 

Memory 

(LSTM) 

[21] 

Telehealth 

Optimization 

Models 

[22] 

Graph 

Neural 

Networks 

(GNNs) 

[23] 

Proposed 

Method [SDOH+ 

EHRs 

+MOD+ROM] 

 

Accuracy 

(%) 

86% 85% 87% 94% 

Scalability 

(%) 

83% 84% 82% 92% 

F1 Score 

(%) 

85% 84% 86% 95% 

Efficiency 

(%) 

84% 85% 83% 93% 

Anomaly 

Detection 

Rate (%) 

81% 82% 83% 91% 

 

Table 2 compares the traditional approaches—LSTM Zazo et al. [21]Telehealth 

Optimization Models Nye et al [22] and Graph Neural Networks (GNNs) Simonovsky & 

Komodakis et al [23] with the proposed AI-driven framework for geriatric chronic care. The 

proposed combined method outperforms all the metrics at 94% accuracy, 95% F1 score, and 

92% scalability. The framework, through integrating SDOH, EHRs, Multi-Omics Data, and 
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resource optimization models, has addressed inefficiencies that ensure scalable, efficient, and 

personalized healthcare solutions for elderly populations with complex medical conditions. 

 

Figure 2. Performance Metrics Comparison of Traditional Methods and Proposed AI 

Framework for Geriatric Chronic Care 

Figure 2 compares the performance of existing methods—LSTMs, Telehealth 

Optimisation Models, and GNNs—with the proposed AI-driven framework. The suggested 

method provides superior metrics, such as 94% accuracy, 95% F1 score, and 92% scalability, 

by combining SDOH, EHRs, Multi-Omics Data, and Resource Optimisation Models. This 

integration overcomes inefficiencies by providing personalized, scalable, and efficient 

solutions for chronic disease management in ageing populations. 

 Conclusion  

The suggested AI framework transforms geriatric chronic care by combining SDOH, 

EHRs, Multi-Omics Data, and Resource Optimisation Models. It offers excellent performance 

metrics, including 94% accuracy and 95% F1 score, while reducing inefficiencies in geriatric 

care. By merging clinical and non-clinical elements, the framework ensures personalised, 

equitable, and cost-effective care. It supports comprehensive chronic disease management, 

improves resource allocation, and offers scalable solutions to complicated medical issues in 

ageing populations. This revolutionary method establishes a standard for advanced geriatric 

healthcare systems, paving the path for better outcomes, less inequities, and more sustainable 

healthcare practices for older persons worldwide. Future research will centre on blockchain for 
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secure data sharing, federated learning for privacy-preserving analytics, and improved 

predictive models to improve scalability and precision in geriatric healthcare systems.  
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