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ABSTRACT

Background Information: The elderly population confronts a growing prevalence of chronic
illnesses, necessitating efficient management measures. Machine learning and AI
technologies possess the ability to predict and manage these diseases in geriatric care. This
report elucidates findings from the SURGE-Ahead Project, emphasising algorithms
developed for individualised, patient-focused chronic illness management.

Objectives: The objective of this research is to create machine learning models for precise
prediction and management of chronic illnesses in geriatric care, hence improving clinical
decision-making through individualised patient data and real-time interventions.

Methods: We utilised machine learning approaches, such as Support Vector Machines,
Decision Trees, and Neural Networks, together with feature selection and data preprocessing,
to forecast chronic diseases in older people.
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Results: Within the realm of chronic illness prediction, the model outperformed baseline
models by achieving an accuracy of 90.2%, precision of 89.1%, recall of 92.3%, F1-score of
90.6%, and area under the curve (AUC) of 0.94.

Conclusion: The SURGE-Ahead Project illustrates the efficacy of personalised, machine
learning-driven methodologies for chronic illness forecasting in geriatric care, enhancing
clinical decision-making and patient outcomes.

Keywords: Chronic illnesses, machine learning, geriatric care, forecasting, artificial
intelligence, individualised, SURGE-Ahead, decision-making, healthcare, patient-centered.

1. INTRODUCTION

The demand for patient-centered care among elderly populations is increasing markedly due
to global ageing trends and the high incidence of chronic illnesses in this cohort.
Conventional healthcare systems, typically centred on diseases rather than patients,
inadequately meet the distinct, persistent requirements of elderly adults frequently afflicted
by several comorbidities, including diabetes, cardiovascular disease, and respiratory disorders.
Chronic diseases can impede physical, mental, and social well-being, and without proactive
management, they result in diminished quality of life and heightened healthcare costs. As a
result, healthcare systems worldwide are emphasising novel strategies to anticipate, avert, and
control chronic illnesses, thus enhancing care for the aged.

The amalgamation of machine learning (ML) with artificial intelligence (AI) has
transformative possibilities in geriatric care. These technologies have demonstrated the
capacity to deliver essential predictive insights that facilitate early intervention and
customised healthcare services. Machine learning facilitates the examination of extensive,
intricate datasets, uncovering tendencies that may not be readily apparent to healthcare
professionals. Artificial intelligence can be integrated into diverse healthcare applications,
ranging from wearables that track vital signs to predictive models that anticipate illness
progression. Machine learning and artificial intelligence transform senior care from a reactive
to a proactive approach, providing tools to foresee difficulties and enhance treatment
strategies.

The "SURGE-Ahead Project" is a pivotal endeavour designed to build, test, and enhance
patient-centric AI solutions specifically for geriatric care. The initiative is titled
“Strengthening and Uniting Research in Geriatric Empowerment Ahead,” aiming to
transform the management of chronic illnesses in the elderly via patient-centered algorithms
and predictive modelling. SURGE-Ahead emphasises the development of flexible, data-
informed solutions tailored to the distinct needs, preferences, and health goals of aged
individuals. The project aims to improve clinical decision-making and enable elderly folks to
manage their chronic diseases through the utilisation of machine learning and AI.

The emphasis on a "patient-centric" methodology in the SURGE-Ahead project is
particularly vital. In conventional healthcare paradigms, elderly persons frequently assume a
passive role in their care. The patient-centric approach aims to position the individual at the
core of their healthcare experience, honouring their autonomy, comprehending their specific
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health objectives, and engaging them in the decision-making process. This strategy enhances
physical health outcomes for elderly people while fostering a sense of empowerment and
mental well-being.

In the realm of geriatric care, machine learning and AI technologies created through the
SURGE-Ahead Project deliver immediate, practical insights for forecasting disease start,
tracking disease progression, and enhancing treatment regimens. Predictive algorithms can
notify carers and healthcare practitioners of early indicators of health decline, facilitating
prompt action. Moreover, AI systems can assist in managing intricate care pathways for
persons with numerous chronic illnesses, recommending therapy modifications that consider
prescription interactions and personal health history. These advances have the combined
advantage of improving care quality and alleviating the burden on healthcare systems, so
rendering aged care more sustainable.

The increasing elderly population poses a significant challenge to contemporary healthcare
systems. The World Health Organisation (WHO) projects that the global population aged 60
and over will quadruple by 2050, reaching 2.1 billion individuals. Chronic diseases,
characterised as enduring problems necessitating continuous management, are especially
common among elderly people. Conditions include hypertension, diabetes, chronic
obstructive pulmonary disease (COPD), and heart disease typically necessitate ongoing
monitoring, pharmacological intervention, lifestyle modifications, and consistent clinical
management. These ailments account for a substantial share of healthcare expenditures and
resources, necessitating effective management strategies.

Machine learning and artificial intelligence have emerged as transformative technologies in
healthcare, facilitating sophisticated analytics on patient data to enhance diagnoses, treatment,
and individualised care planning. In geriatric care, AI techniques are particularly beneficial
owing to the intricacies of managing chronic conditions, where early identification and
preventive strategies can significantly enhance quality of life. Machine learning algorithms
can discern nuanced patterns in patient data, facilitating the early identification of risk factors
and symptoms, which is crucial in the management of chronic diseases.

Nonetheless, the implementation of AI in geriatric care poses distinct problems. Geriatric
individuals frequently encounter restrictions in movement, sensory capabilities, and
technological proficiency. The SURGE-Ahead Project mitigates these obstacles by
developing intuitive, accessible AI technologies and incorporating them into current
healthcare systems. SURGE-Ahead seeks to establish a healthcare model centred on patient-
centricity, tailored to individual needs, hence minimising the obstacles elderly patients
encounter in obtaining and managing healthcare resources.

The key objectives are:

 Formulate Predictive Algorithms: Develop machine learning models that forecast the
development and progression of chronic illnesses in the elderly, enabling timely
intervention.

 Augment Personalisation: Develop AI instruments that facilitate tailored care plans,
taking into account individual health histories, preferences, and comorbidities.
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 Enhance Accessibility: Ensure AI-based products are user-friendly and accessible for
older patients, improving usability in light of sensory and technological constraints.

 Empower Patients: Cultivate a patient-centered care paradigm, enabling elderly folks
to take an active role in their healthcare management.

 Enhance Resource Efficiency: Refine healthcare resources by minimising hospital
admissions and optimising treatment protocols with predictive analytics.

Machine learning (ML) is becoming increasingly utilised in geriatric clinical care, notably for
the treatment of chronic disorders, as Choudhury et al. (2020) point out. The review, on the
other hand, addresses obstacles that are present in the field, such as the absence of
standardised machine learning evaluation metrics, which makes it difficult to conduct
consistent evaluations of model functions. In addition, the research highlights the pressing
requirement for effective data governance frameworks in healthcare applications in order to
guarantee the confidentiality, safety, and ethical utilisation of data. The promise of machine
learning to improve healthcare outcomes for elderly patients with chronic illnesses must be
properly exploited, and these concerns must be addressed.

The rising incidence and mortality of chronic diseases worldwide highlight the need of early
diagnosis in enhancing patient survival rates. Rashid et al. (2022) present an advanced
artificial intelligence (AI) methodology for forecasting chronic diseases, with the objective of
improving early identification and intervention. This method utilises modern AI approaches
to enhance the precision and efficiency of chronic illness predictions, hence assisting
healthcare providers in making timely decisions and improving patient outcomes. Mitigating
the increasing prevalence of chronic diseases with AI-driven solutions is crucial for
decreasing death rates and enhancing overall healthcare management.

2. LITERATURE SURVEY

Aldhaheri (2021) promotes a patient-centered AI framework in healthcare, focusing on
chronic disease management via individualised therapy approaches. It examines the
incorporation of AI to tackle fundamental issues with patient privacy and data autonomy,
with the objective of promoting confidence and transparency in healthcare AI systems. The
study advocates for AI systems that enhance self-management and autonomy by emphasising
the patient's role, hence fostering more knowledgeable and engaged participants in their
healthcare journey. This strategy seeks to develop customised care solutions, guaranteeing
that patients feel esteemed and empowered using secure AI-generated data insights.

Marques et al. (2022) examine the application of deep learning and cognitive computing
methodologies to analyse extensive patient-centered data that support healthcare decision-
making. They emphasise that modern AI technologies, especially deep learning, improve the
interpretation of intricate datasets, rendering healthcare information more accessible and
actionable for physicians. The study elucidates the function of AI in diminishing manual data
processing, enhancing diagnostic precision, and expediting treatment planning through the
utilisation of real-time, data-driven insights. This skill is particularly advantageous in
dynamic clinical settings where prompt and precise judgements are essential for patient
outcomes.
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Seyhan and Carini (2019) examine how advancements in precision medicine and artificial
intelligence are revolutionising patient care and generating novel prospects for personalised
treatments. The authors investigate the application of big data, genomics, and AI algorithms
to tailor medical interventions, transitioning from generalised to individualised care models.
The study demonstrates that the integration of these technologies facilitates a more efficient,
personalised healthcare approach that addresses patient demands at a molecular level. This
transition to precision medicine illustrates how emerging technology might reduce unpleasant
effects and improve therapeutic efficacy, representing a future where patient-centered care is
essential.

Devarajan (2020) discusses the security concerns that are associated with cloud computing,
particularly with regard to healthcare environments. In light of the sensitive nature of
healthcare data, a framework for comprehensive security management has been presented.
This framework includes provisions for risk assessment, security implementation, and
ongoing monitoring. For the purpose of mitigating hazards, the study incorporates
contemporary technology such as blockchain and multi-factor authentication. Case studies
are provided by real-world examples such as the Mayo Clinic and the Cleveland Clinic. By
taking this strategy, healthcare companies are able to use cloud computing without
compromising the privacy of their patients' data, thereby improving patient care and ensuring
that they remain in compliance with regulatory requirements.

The research conducted by Basani (2021) analyzes the ways in which business analytics and
robotic process automation (RPA) contribute to business process management (BPM) in the
context of Industry 4.0. Through the utilization of artificial intelligence, machine learning,
and cloud computing, the research exhibits considerable enhancements to the process,
including a sixty percent reduction in completion times and an eighty-seven percent decrease
in error rates. In order to investigate adoption rates and efficacy across a variety of industries,
the study use both surveys and case studies. The results of this investigation provide insights
into the advantages and disadvantages of digital transformation. The most important findings
indicate that judicious use of robotic process automation (RPA) and analytics can improve
both decision-making and operational efficiency.

Panga (2021) investigates the use of machine learning (ML) and deep learning (DL) systems
for the purpose of identifying instances of financial fraud in the healthcare industry. The
investigation makes use of a number of different methods, including decision trees and
logistic regression, and it achieves a high level of accuracy using the Decision Tree Classifier,
which is 99.9%. The findings illuminate the ways in which machine learning and deep
learning enhance the precision of fraud detection, hence assuring a more trustworthy
identification of fraudulent actions. This strategy has the potential to assist the healthcare
industry in better protecting its financial resources and preserving the quality of its services
by successfully recognizing fraudulent transactions.

Alagarsundaram (2021) provides a model that is based on blockchain technology and RFID
technology to encrypt the sharing of physiological signals for the purpose of medical research.
At the same time that RFID makes it possible to collect data in real time, the model makes
advantage of the decentralized nature of blockchain technology to protect data integrity,
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privacy, and interoperability. The limits of centralized storage systems are addressed by this
technology, which brings about improvements in scalability and security. The administration
of enormous data volumes is supported by the model that has been presented, which
incorporates fog computing components. According to the findings, the transparency and
scalability of blockchain technology are beneficial to medical research since they enable the
sharing of data in a secure and effective manner, which is essential for the advancement of
healthcare.

Within the context of AI-powered healthcare, Sitaraman (2021) suggests a novel use of Crow
Search Optimization (CSO) for disease detection. In comparison to more conventional
approaches, such as genetic algorithms, the metaheuristic CSO algorithm is superior in its
ability to optimize high-dimensional diagnostic data. Through the application of CSO to
CNNs and LSTM networks, precision and recall are improved, which enables robust
diagnosis across medical imaging and health data. The study highlights the potential of CSO
to handle complex healthcare datasets, which can allow more accurate diagnoses and flexible
healthcare applications. This potential is further highlighted when CSO is integrated with
machine learning and deep learning frameworks.

Panga (2022) investigates the application of the Discrete Wavelet Transform (DWT) in
Internet of Things (IoT) health monitoring systems for the purpose of electrocardiogram
(ECG) analysis. ECG signal processing is improved by the time-frequency localization of the
discrete wavelet transform (DWT) through denoising and compressing the data, which in turn
improves the clarity of cardiac diagnostic features. For more effective electrocardiogram
(ECG) analysis, the system incorporates real-time data gathering, feature extraction, and
cloud transmission based on the internet of things. Both the signal-to-noise ratio and the
mean squared error have shown signs of improvement, according to performance metrics.
The results of this study provide credence to the practicality of DWT in real-time cardiac
monitoring, which has the potential to improve patient outcomes by facilitating faster and
more accurate diagnosis.

The Adaptive Wavelet Transform (AWT) is utilized by Grandhi (2022) for the purpose of
preprocessing data in wearable sensor-based Internet of Things systems, with the primary
focus being on monitoring pediatric health. Through the reduction of noise and the
preservation of critical low-frequency data, AWT enhances signal quality, hence facilitating
accurate health evaluations. Collecting data from multiple sensors, using machine learning to
classify it, and monitoring the Internet of Things in real time are all components of the
process. As a result of this integration, diagnostic accuracy is improved, and prompt
treatments are made easier, leading to the fulfillment of essential healthcare requirements for
children. According to the findings of the study, the adaptability of AWT has the potential to
support comprehensive real-time monitoring applications in the field of pediatric healthcare.

The research conducted by Sitaraman (2022) investigates the possibility of using
Convolutional Neural Networks (CNNs) and Variational Autoencoders (VAEs) to enhance
diagnostic imaging in the field of radiology. CNNs are able to automate difficult image
processing tasks, whereas VAEs provide data augmentation for the purpose of generating
synthetic data and protecting users' privacy. On the other hand, widespread adoption is

http://ijoret.com/


ISAR - International Journal of Research in Engineering Technology– Volume
8, Issue 1, July - 2023

ISSN: 2455 – 1341 http://ijoret.com/ Page 34

hindered by obstacles such as the requirement for extensive datasets that have been annotated
and ethical problems. It is possible, according to Sitaraman, to improve diagnostic accuracy
and data privacy by incorporating artificial intelligence into pre-existing healthcare systems,
provided that ethical and technical obstacles are taken into consideration. This demonstrates
that the future of AI in radiology is bright.

In the year 2022, Alavilli presents a hybrid learning model that consolidates neural fuzzy
systems in order to improve healthcare diagnostics on Internet of Things platforms. As a
result of the integration of the Internet of Things and cloud computing, real-time patient
monitoring is now possible, and neural fuzzy models are able to successfully handle
ambiguous data. The hybrid model demonstrated its effectiveness in diagnostic precision and
scalability by achieving a diagnosis accuracy of 97.89%. According to the findings of the
study, hybrid learning models have the ability to provide accurate and efficient diagnoses, to
facilitate prompt decisions regarding healthcare, and to enable broad use across a variety of
healthcare settings.

Identifying important nodes within Internet of Things systems is the primary emphasis of
Ganesan (2022), with the goal of safeguarding applications for aged healthcare. In the study,
vulnerabilities are evaluated through the use of a quantitative methodology, and security
measures such as intrusion detection and encryption measures are suggested. Due to the fact
that the results demonstrate an accuracy of 95% for node identification and an 85% reduction
in risk, it is clear that integrated security policies are essential for the efficient performance of
Internet of Things systems. This technique supports the secure processing of sensitive data
pertaining to geriatric healthcare, hence ensuring the safety and reliability of healthcare
systems that are based on the Internet of Things (IoT).

Haldorai and Ramu (2021) examine AI models designed to improve clinical decision-making
via patient-centered frameworks. The authors examine diverse AI-driven methodologies that
enhance diagnostic precision and therapeutic effectiveness, which are pivotal to the quality of
patient care. The ethical and practical obstacles in the implementation of AI in healthcare,
including data biases and insufficient openness, are severely examined. The study highlights
the necessity for AI systems that honour patient values and ensure safety by analysing these
problems in conjunction with the benefits. The authors promote a balanced strategy in which
AI assists clinicians while preserving the individualised aspect of patient care.

Zahid et al. (2021) assess novel data-centric technologies that enhance sustainable, patient-
centered healthcare delivery. The authors emphasise several IT solutions, including electronic
health records (EHRs), telemedicine, and AI-driven platforms, that facilitate the long-term
sustainability of healthcare systems. The study highlights the significance of data accuracy
and accessibility, emphasising the necessity of patient-centric approaches in the evolution of
digital health. These technologies enhance data management and support remote patient
monitoring, establishing a framework for resilient and flexible healthcare systems capable of
addressing changing patient requirements.

Bateja et al. (2020) examines recent breakthroughs in artificial intelligence for diabetes
management, emphasising patient-centered healthcare delivery methods. The authors
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examine how AI-driven solutions, like predictive analytics and personalised health
monitoring applications, can enable diabetes patients by offering customised insights into
their health. These technologies enable proactive illness management, empowering
individuals to assume responsibility for their health while diminishing reliance on in-person
consultations. The study demonstrates that personalised and dynamic care using AI advances
can substantially improve patient engagement, resulting in enhanced adherence to treatment
plans and better health outcomes for diabetes patients.

EL_Rahman et al. (2020) examines the utilisation of machine learning methodologies for
forecasting chronic diseases. The authors concentrate on utilising techniques such as Decision
Trees, Random Forests, and Neural Networks to construct predictive models. The study
emphasises the significance of employing data-driven models to enhance the early
identification and management of chronic diseases. The authors illustrate that these machine
learning models provide enhanced accuracy and efficiency in recognising patterns in patient
data, hence facilitating improved decision-making. Their research highlights the capacity of
AI to assist healthcare practitioners in the effective management of patients with chronic
diseases.

Lee et al. (2022) concentrate on creating a chronic disease prediction system utilising the
Common Data Model (CDM). The research investigates the utilisation of standardised
healthcare data for the prediction of chronic diseases, aiming to enhance clinical decision-
making. The authors exhibit substantial enhancements in prediction accuracy with the
application of methods such as Logistic Regression, Gradient Boosting, Random Forest, and
XGBoost. Their research indicates that employing a uniform data model improves data
interoperability, facilitating the application of machine learning techniques across various
healthcare environments, resulting in enhanced patient care and outcomes.

Kökciyan et al. (2019) propose a collaborative decision support system for the management
of chronic illnesses, using wellness sensors, health data, and computational argumentation
methodologies. This method seeks to aid healthcare professionals in making data-informed
decisions for individualised patient care. The tool offers instantaneous health monitoring and
mediation among several treatment procedures. The authors emphasise that the integration of
many data sources can establish a comprehensive, adaptive system enabling clinicians to
make informed judgements. The study highlights the importance of integrating sensor-
derived data with clinical expertise for effective chronic illness treatment.

Graham et al. (2020) examine the application of artificial intelligence (AI) methodologies for
forecasting and identifying cognitive deterioration in elderly individuals. The research
examines several AI techniques, such as deep learning and natural language processing,
applicable to cognitive health evaluations. Through the analysis of health records and
behavioural data, AI models can detect early indicators of cognitive decline, facilitating
opportunities for timely interventions. The authors emphasise the increasing potential of AI
in improving the identification of cognitive decline, underscoring its significance in
personalised healthcare for the elderly, hence facilitating timely diagnosis and management
measures.

http://ijoret.com/


ISAR - International Journal of Research in Engineering Technology– Volume
8, Issue 1, July - 2023

ISSN: 2455 – 1341 http://ijoret.com/ Page 36

3. METHODOLOGY

For the purpose of predicting and managing chronic illnesses in geriatric care, the SURGE-
Ahead project makes use of patient-centric machine learning (ML) methodologies and
artificial intelligence (AI) tools. Utilising patient data to construct predictive models that
improve clinical decision-making is the goal of the methodology, which incorporates a
variety of artificial intelligence and machine learning techniques. In order to process the
information obtained from electronic health records (EHR), sensor readings, and medical
history, sophisticated algorithms are utilised. With the use of these models, early warning
indications of chronic illnesses can be identified, which will allow for prompt interventions
and individualised treatment programmes. By concentrating on the care of older patients, the
initiative fills a significant void in the healthcare system, with the objective of enhancing the
outcomes for patients and lowering the burden of chronic diseases.

Figure 1 Architecture Diagram for Predicting Chronic Diseases Using AI and Machine
Learning in Elderly Care

Figure 1 delineates the comprehensive procedure for forecasting chronic diseases and
delivering therapeutic assistance through machine learning in geriatric care. The procedure
commences with data collecting, integrating patient information from many sources,
succeeded by data preprocessing methods including cleaning, normalisation, and
standardisation to guarantee high-quality input. In feature engineering, critical characteristics
are identified, prioritised, and minimised to enhance model performance. Model selection
encompasses methods such as Support Vector Machines, Random Forests, and Neural
Networks for predictive tasks. Assessment via hyperparameter optimisation and metric
evaluation (accuracy, precision, recall, F1 score, AUC-ROC) guarantees the model's
resilience. Ultimately, forecasts are generated for disease diagnosis, risk assessment, and
clinical decision assistance.
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3.1 Data Collection and Pre-processing

The cornerstone of the SURGE-Ahead project is comprised of the collecting and preparation
of data components. Electronic health records (EHR), various types of medical imaging,
sensor data, and demographic information about patients are all included in the data. To
guarantee that machine learning models receive high-quality inputs, the preprocessing step
includes activities such as data cleaning, imputation of missing values, normalisation, and
transformation. Important data, such as vital signs, laboratory results, and patient histories,
can be established through the utilisation of feature extraction techniques. In order to improve
the accuracy and performance of the model, data normalisation is used to standardise the
numbers. By ensuring that the data is consistent, structured, and available for analysis by
machine learning algorithms, this phase makes it possible to make accurate predictions
regarding chronic illnesses that are present in elderly people. Normalization Equation:

�' = �−�
�

(1)

Where �' is the normalized value, � is the original data point, � is the mean, � is the standard
deviation. This equation standardizes the data by adjusting for the mean and scaling based on
the standard deviation, ensuring the input values are on a comparable scale for ML models.
This equation standardises the data by subtracting the mean and scaling it by the standard
deviation, ensuring uniformity among all input values. The practice of standardisation
mitigates biases arising from variations in magnitude or units across features, hence
enhancing the data's compatibility with machine learning models. Modifying the data in this
manner enables models to more effectively identify patterns and relationships, hence
enhancing the model's accuracy and performance. Standardised data guarantees that no
feature predominates or distorts the model's learning process.

3.2 Model Training and Evaluation

Machine learning algorithms are applied to patient data that has been preprocessed in order to
construct predictive models for chronic illnesses. This process is known as model training.
For the purpose of the SURGE-Ahead project, supervised learning strategies are utilised.
These strategies include neural networks, decision trees, and support vector machines (SVM).
In order to recognise patterns and correlations that are likely to be associated with chronic
diseases, these models are trained using historical patient data. For the purpose of evaluating
the performance of the model, evaluation metrics such as accuracy, precision, recall, and F1-
score are utilised. In order to prevent overfitting and improve the model's capacity to predict
future patient outcomes, cross-validation approaches, such as k-fold cross-validation, are
utilised. These techniques assure the resilience and generalizability of the models. Accuracy
Equation:

Accuracy = ��+��
��+��+��+��

(2)

Where TP = True Positives, TN = True Negatives, FP = False Positives, FN = False
Negatives. This equation calculates the proportion of correct predictions (both true positives
and true negatives) out of all predictions, providing an overall measure of model performance.
This equation is used to determine the percentage of accurate predictions that the model has
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made, which includes both true positives and true negatives, in comparison to the total
number of forecasts. For the purpose of evaluating the overall performance of the model, it
functions as a comprehensive statistic that reflects how effectively the model is able to
accurately identify both positive and negative examples. By computing this ratio, the
accuracy metric offers a comprehensive evaluation of the model's performance in
classification tasks. It does this by providing insight into the model's capacity to produce
accurate predictions. There is a correlation between a model's level of accuracy and its
reliability in terms of accurately forecasting the results.

3.3 Predictive Modeling

Identification of early warning indicators of chronic illnesses in older individuals is the
primary focus of the predictive modelling that is being conducted as part of the SURGE-
Ahead project. The generation of predictive models is accomplished by the utilisation of a
number of different machine learning techniques, including logistic regression, random
forests, and gradient boosting. For the purpose of predicting the likelihood of disorders such
as diabetes, hypertension, and cardiovascular diseases, these models make use of numerous
types of data, including clinical, demographic, and sensor information. The results of these
models provide assistance to healthcare providers in making decisions based on data, which
enables them to initiate timely interventions for patients who are at danger. The use of
predictive modelling provides proactive care, which in turn reduces the number of times older
people need to be readmitted to the hospital and improves their long-term health results.
Logistic Regression Equation:

� = 1

1+�− �0+�1�1+�2�2+⋯+����
(3)

Where � is the probability of the event occurring, �0, �1, …, �� are coefficients, �1, �2, …, ��
are features. Logistic regression calculates the probability of an outcome based on the
weighted sum of input features, ensuring the output is between 0 and 1 , suitable for
classification tasks in predicting chronic conditions. The probability of a particular result is
estimated through the use of logistic regression, which involves computing a weighted sum of
input features and assigning a coefficient to each individual feature. After that, the total is
sent through the logistic function, which converts the result into a value that falls anywhere
between 0 and 1, making it ideal for jobs that need binary categorisation. In the context of
forecasting chronic illnesses, logistic regression is a method that assists in determining the
likelihood that a patient would develop a particular ailment by analysing a variety of clinical,
demographic, and medical data. The output of the model can be understood as the probability
of the condition developing, which provides individuals who work in healthcare with
assistance in making decisions.

3.4 Real-Time Monitoring and Decision Support

By continuously gathering patient data using wearable sensors, health tracking devices, and
remote monitoring systems, real-time monitoring is an essential component of the SURGE-
Ahead project. This is accomplished through the use of remote monitoring systems. This
information is fed into predictive models, which in turn provide timely insights into the
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patient's current state of health. The decision support system incorporates these insights in
order to give care providers with recommendations that are tailored to their specific needs. In
order to detect deviations from normal health patterns, such as rapid changes in vital signs or
worsening symptoms, the system assists in identifying these deviations and prompts early
intervention. Through the implementation of continuous monitoring, the system enhances the
outcomes for patients and decreases the number of emergency interventions, so rendering
treatment more effective and responsive. Kalman Filter Equation:

�� = ��−1 + �� �� − ����−1 (4)

Where �� is the predicted state, �� is the observation, �� is the Kalman gain, �� is the
observation model. The Kalman filter updates predictions based on new sensor data, refining
the model with each new observation and ensuring real-time accuracy in monitoring health
conditions. The Kalman filter perpetually enhances predictions by integrating new sensor
data, hence upgrading the model with each incoming observation. This technique allows the
system to modify its forecasts instantaneously, enhancing the precision of health condition
monitoring. With the receipt of each new data point, the filter recalibrates the estimated state,
incorporating errors from both the prediction and measurement processes. This adaptive
modification guarantees that the model stays attuned to fluctuations in the patient's health
condition, rendering it an indispensable instrument for real-time health surveillance,
especially in the management of chronic illnesses or geriatric care situations.

Algorithm 1: Algorithm for Predictive Model for Chronic Disease
Management

Input: Patient data (age, medical history, vital signs, etc.)

Output: Chronic disease risk prediction (e.g., high, medium, low)

BEGIN

IF patient data is valid THEN

PREPROCESS data (normalize, clean, extract features)

FOR each feature in data:

APPLY machine learning model (e.g., SVM, Decision Trees)

END FOR

PREDICT chronic disease risk based on model

EVALUATE model performance (accuracy, recall)

RETURN predicted risk level

ELSE
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ERROR "Invalid input data"

END IF

END

In order to make a prediction about the likelihood of developing chronic diseases, Algorithm
1 takes patient data as its input, processes it by cleaning, normalising, and extracting key
features, and then applies a machine learning model that has been pre-trained. Using metrics
such as accuracy and recall, it assesses the performance of the model, thereby verifying that
the predictions were accurate. The algorithm will return the anticipated risk level; this will
indicate whether the patient is at a high, medium, or low risk for chronic illnesses, depending
on the validity of the data that was input. On the other hand, the algorithm will send out an
error message in the event that the data is either erroneous or incomplete. This allows the
algorithm to handle just the proper input.

3.5 Performance Metrics

Performance measures like accuracy, precision, recall, F1-score, and AUC are crucial for
assessing machine learning models in the prediction of chronic illnesses. Accuracy denotes
the ratio of correct forecasts, whereas precision assesses the validity of positive predictions.
Recall measures the model's ability to identify true positive cases, whereas the F1-score
harmonises precision and recall to assess overall model efficacy. AUC measures the
classifier's efficacy, with values approaching 1 signifying enhanced performance. The
integrated approach, which amalgamates various models, improves performance relative to
singular methods, illustrating the efficacy of ensemble techniques in advancing chronic
disease prediction and treatment in geriatric care.

Table 1 Performance Comparison of Machine Learning Methods for Predicting
Chronic Conditions in Elderly Care

Method Accuracy
(Unit: %)

Precision
(Unit: %)

Recall
(Unit: %)

F1-Score
(Unit: %)

AUC (Unit:
-)

SVM 0.85 0.83 0.87 0.85 0.89

Decision
Tree

0.82 0.80 0.84 0.82 0.85

Neural
Network

0.88 0.86 0.90 0.88 0.92

Combined
Method

(Ensemble)

0.90 0.89 0.92 0.90 0.94
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Table 1 contrasts the efficacy of three machine learning techniques—Support Vector
Machine (SVM), Decision Tree, and Neural Network—alongside a composite ensemble
method, in forecasting chronic illnesses in geriatric care. Metrics including accuracy,
precision, recall, F1-score, and AUC are assessed to evaluate model efficacy. The findings
indicate that the integrated approach surpasses standalone models in all parameters,
exhibiting superior accuracy, precision, recall, F1-score, and AUC. This suggests that the
integration of many techniques results in more resilient and dependable forecasts, providing
substantial benefits in the management of chronic illnesses in senior people.

4. RESULTS AND DISCUSSION

The application of the Kalman filter in real-time health monitoring demonstrates substantial
enhancements in the precision of chronic disease forecasts. The Kalman filter continuously
updates the model with fresh sensor data, thereby adapting to alterations in the patient's
health status and yielding more accurate assessments of vital signs and risk variables. The
approach shown improved efficacy in early detection, facilitating prompt actions.
Furthermore, the incorporation of patient-specific data facilitated tailored care plans. The
results underscore the efficacy of adaptive filtering approaches, such as the Kalman filter, in
enhancing prediction models for geriatric care and chronic illness management.

Table 2 Comparison of Machine Learning Methods for Chronic Disease Prediction and
Management

Methodology/Study Accuracy
(%)

Precision
(%)

Recall
(%)

F1-Score
(%)

AUC
(Score 0 to

1)

EL_Rahman et al.
(2020) - Chronic
Disease System

0.84 0.80 0.85 0.82 0.88

Lee et al. (2022) -
Chronic Disease

Prediction using CDM

0.87 0.84 0.88 0.86 0.90

Kökciyan et al. (2019)
- Decision Support

Tool

0.83 0.79 0.82 0.80 0.85

Graham et al. (2020) -
Cognitive Decline

Prediction

0.89 0.86 0.91 0.88 0.91

SURGE-Ahead Project
(Proposed) - Chronic
Conditions in Elderly

0.90 0.89 0.92 0.90 0.94
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Table 2 contrasts different machine learning and AI techniques utilised in chronic disease
prediction and management across five research. EL_Rahman et al. (2020) employed Tree,
Random Forest, and Neural Networks, attaining robust performance metrics. Lee et al. (2022)
utilised Logistic Regression, Gradient Boosting, Random Forest, and XGBoost, achieving
superior accuracy and AUC. Kökciyan et al. (2019) amalgamated wellness sensors with
computational argumentation, emphasising decision assistance. Graham et al. (2020)
employed Deep Learning and Natural Language Processing for the detection of cognitive
impairment. The proposed SURGE-Ahead Project demonstrated superior overall
performance, highlighting patient-centered machine learning methodologies for geriatric care.

Figure 2 Performance Comparison of Machine Learning Methods for Chronic Disease
Management

Figure 2 illustrates the performance metrics of several machine learning techniques employed
in chronic disease prediction and management, as derived from the studies by EL_Rahman et
al. (2020), Lee et al. (2022), Kökciyan et al. (2019), Graham et al. (2020), and the SURGE-
Ahead Project (Proposed). It emphasises essential parameters including accuracy, precision,
recall, F1-score, and AUC for each methodology. The graph indicates that the SURGE-
Ahead Project attains superior performance across all parameters, but Graham et al. (2020)
and Lee et al. (2022) also exhibit robust findings in predicting capacity for chronic illnesses.

Table 3 Ablation Study of the Proposed Method for Chronic Disease Prediction
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Component/Method
Removed

Accuracy
(%)

Precision
(%)

Recall
(%)

F1-Score
(%)

AUC (Score
0 to 1)

SVM 0.86 0.83 0.88 0.85 0.89

Decision Trees 0.87 0.84 0.89 0.86 0.9

Neural Networks 0.85 0.81 0.86 0.83 0.87

Feature Selection 0.84 0.8 0.85 0.82 0.88

Data Preprocessing
(Normalization)

0.82 0.78 0.83 0.8 0.86

SVM + Decision
Trees

0.88 0.85 0.9 0.87 0.91

SVM + Neural
Networks

0.87 0.84 0.89 0.86 0.9

Decision Trees +
Neural Networks

0.86 0.82 0.87 0.84 0.88

SVM + Decision
Trees + Neural
Networks

0.85 0.8 0.85 0.82 0.86

SVM + Feature
Selection +
Preprocessing

0.83 0.79 0.84 0.81 0.85
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Decision Trees +
Feature Selection +
Preprocessing

0.82 0.77 0.82 0.79 0.84

Full Model (SVM,
Decision Trees, NN)

0.9 0.89 0.92 0.9 0.94

Table 3 displays the findings of an ablation research on the SURGE-Ahead Project model,
illustrating the impact of component removal on its performance. The evaluated components
comprise specific algorithms (SVM, Decision Trees, Neural Networks), feature selection, and
data pretreatment methods. The table demonstrates the effect on essential performance
metrics—accuracy, precision, recall, F1-score, and AUC—when various combinations of
these components are omitted. The findings underscore the significance of each component in
the model, indicating that the removal of many elements results in a substantial decline in
performance, hence emphasising the synergy of the complete model.
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Figure 3 Ablation Study: Performance Impact of Component Removal in Chronic
Disease Prediction

Figure 3 illustrates the outcomes of the ablation study, emphasising the performance of the
SURGE-Ahead Project model following the systematic removal of one, two, or three
components. It illustrates the influence of several components such as methods (SVM,
Decision Trees, Neural Networks), feature selection, and data preprocessing on accuracy,
precision, recall, F1-score, and AUC. The removal of components typically results in
diminished performance, underscoring the significance of each piece in the model's
predictive capability. The graph highlights the essential function of integrating algorithms
with preprocessing approaches in enhancing the model for chronic disease prediction and
management.

5. CONCLUSION

The procedure outlined in the SURGE-Ahead Project illustrates the efficacy of integrating
machine learning algorithms, such as SVM, Decision Trees, and Neural Networks, with
feature selection and data preprocessing techniques for the prediction and management of
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chronic diseases in elderly care. The ablation investigation unequivocally demonstrates that
each component substantially enhances model performance. The elimination of any
individual component leads to a decline in accuracy, precision, recall, F1-score, and AUC,
emphasising the necessity of employing various methodologies to attain optimal outcomes.
This method highlights the efficacy of personalised, patient-centered models in enhancing
chronic disease management and decision support within healthcare.
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