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Abstract

Healthy longevity has emerged as a major goal of modern healthcare, shifting the emphasis from extending lifespan to
maximizing healthspan. Although lifestyle interventions effectively prevent chronic diseases and promote healthy ageing,
selecting the most appropriate intervention for individual patients remains challenging because of biological heterogeneity,
incomplete clinical information, and multiple sources of uncertainty. Existing computational approaches, including artificial
intelligence, machine learning, mathematical modeling, and operations research, have shown considerable potential for
personalized healthcare; however, they provide limited guidance on selecting the most appropriate method for specific clinical
decision-making contexts. This narrative review proposes a decision-oriented conceptual framework for selecting
mathematical modeling approaches to support healthy longevity. Evidence from healthy longevity, Precision Lifestyle
Medicine, artificial intelligence, mathematical modeling, and operations research was synthesized to classify computational
methods according to clinical objectives, dominant sources of uncertainty, and data characteristics. The proposed framework
links specific healthcare scenarios with appropriate approaches, including machine learning, Bayesian networks, grey system
theory, fuzzy decision models, multi-objective optimization, and digital twins. Unlike previous studies that mainly compare
algorithmic performance, the proposed framework emphasizes clinical applicability and decision suitability. It provides
practical guidance for selecting computational methods to support personalized lifestyle interventions, improve healthspan,
and facilitate the development of intelligent clinical decision-support systems for precision healthcare.
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1| Introduction

The remarkable increase in human life expectancy over the past century represents one of the greatest

achievements of modern medicine and public health. Advances in disease prevention, vaccination, sanitation,
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and healthcare have substantially reduced premature mortality worldwide. However, increased lifespan has
not been accompanied by a proportional increase in years lived in good health. Instead, population ageing has
been associated with a growing prevalence of chronic diseases, multimorbidity, frailty, cognitive impairment,
disability, and rising healthcare costs. Consequently, the focus of contemporary healthcare has shifted from
extending lifespan to promoting healthy longevity, in which healthspan, the period of life spent in good
physical, cognitive, psychological, and social health, has become a fundamental objective [1-3].

Although healthspan has emerged as a central concept in geroscience, its definition and measurement remain
inconsistent. A recent systematic review identified substantial heterogeneity in its conceptualization and
operationalization, limiting comparability across studies and hindering clinical translation. Consequently,
developing practical frameworks that translate healthspan into measurable and actionable clinical objectives

has become an important research priority [4].

Lifestyle factors play a pivotal role in extending healthspan. Regular physical activity, healthy nutrition,
adequate sleep, stress management, smoking cessation, weight control, and social engagement substantially
reduce the risk of chronic diseases while preserving physical function, cognitive performance, functional
independence, and quality of life. These findings have led to the development of Precision Lifestyle Medicine,
which secks to personalize lifestyle interventions according to each individual's biological, physiological,

behavioral, environmental, and psychosocial characteristics 2], [5].

Despite these advances, selecting the optimal lifestyle intervention for an individual patient remains
challenging. Patients with apparently similar demographic characteristics or clinical profiles often exhibit
markedly different responses to identical interventions because of complex interactions among genetic,
metabolic, physiological, behavioral, and environmental factors. Consequently, clinical decision-making in
healthy longevity should be viewed as a complex multi-objective process performed under substantial
uncertainty [3], [5], [6].

Healthcare professionals must simultaneously balance multiple competing objectives, including disease
prevention, preservation of physical and cognitive function, maintenance of functional independence,
improvement of quality of life, and efficient use of healthcare resources. These decisions are further
complicated by biological variability, incomplete clinical information, measurement errors, behavioral
adherence, and temporal [6], [7].

2| Methodology

This study was conducted as a narrative review with the objective of developing a decision-oriented
conceptual framework for selecting mathematical modeling approaches to support healthy longevity. Unlike
conventional systematic reviews that primarily summarize existing evidence, this review integrates findings
from multiple disciplines, including healthy longevity, healthspan, precision lifestyle medicine, artificial
intelligence, mathematical modeling, and operations research.

A comprehensive literature search was performed in PubMed, Scopus, Web of Science, and Google Scholar
to identify relevant studies published in English. The search strategy combined keywords related to healthy
longevity, healthspan, Precision Lifestyle Medicine, clinical decision-making, artificial intelligence, machine
learning, mathematical modeling, operations research, optimization, uncertainty, digital twins, Bayesian
networks, grey system theory, and fuzzy systems. Priority was given to recent high-quality review articles,
landmark methodological papers, and influential clinical studies published in peer-reviewed journals.

Studies were selected based on their relevance to personalized healthcare, computational decision support,
uncertainty modeling, and mathematical approaches applicable to healthy ageing. Rather than comparing
algorithmic performance, the extracted evidence was analyzed to identify common decision problems, major

sources of uncertainty, data characteristics, and computational strategies used in different healthcare contexts.

Finally, the identified methods were synthesized into a decision-oriented conceptual framework that classifies

mathematical modeling approaches according to clinical objectives, uncertainty sources, and data availability.
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The proposed framework is intended to provide practical guidance for researchers and healthcare
professionals in selecting appropriate computational methods to support personalized interventions aimed at
improving healthspan and promoting healthy longevity.

3| Clinical Challenges in Healthy Longevity Decision-Making

Promoting healthy longevity requires healthcare professionals to make complex clinical decisions that extend
beyond disease prevention. The primary objective is to maximize healthspan while preserving physical
function, cognitive performance, psychological well-being, functional independence, and quality of life.
Achieving these outcomes is challenging because clinical decisions must simultaneously address multiple, and
often competing, objectives within highly heterogeneous patient populations.

A major challenge arises from the substantial variability among individuals. Patients with similar demographic
characteristics, body mass index, laboratory findings, or disease status frequently exhibit markedly different
responses to identical lifestyle interventions. Such variability is influenced by numerous interacting factors,
including genetic background, metabolic flexibility, immune function, ageing biology, environmental
exposures, behavioral adherence, and socioeconomic conditions. Consequently, personalized lifestyle
recommendations cannot rely solely on population-based evidence but require individualized decision-making
strategies.

Clinical decision-making is further complicated by multiple sources of uncertainty. Biological variability,
incomplete or missing clinical data, measurement errors, temporal changes in physiological status, and
unpredictable behavioral responses all contribute to uncertainty regarding intervention outcomes. As a result,
deterministic decision-making approaches are often insufficient to capture the dynamic and adaptive nature
of human health.

These challenges indicate that healthy longevity should be viewed as a multi-objective clinical decision
problem rather than a single disease-management task. Effective decision support therefore requires
computational approaches capable of integrating heterogeneous data, managing uncertainty, balancing
competing clinical objectives, and generating personalized recommendations. These considerations provide
the rationale for examining the mathematical modeling approaches discussed in the following section.

4 | Mathematical Approaches for Healthy Longevity

The complexity of healthy longevity decision-making has stimulated growing interest in computational
methods capable of integrating heterogeneous data, addressing uncertainty, and supporting personalized
interventions. Various mathematical and artificial intelligence approaches have been applied in healthcare;
however, their suitability depends on the characteristics of the clinical problem, data availability, and the
nature of uncertainty involved.

4.1|Machine Learning

Machine learning methods have become widely used for disease prediction, risk stratification, and
personalized healthcare. By identifying complex nonlinear relationships within large datasets, these
approaches can support the prediction of chronic disease risk, treatment response, and health trajectories.
However, many machine learning models require large amounts of high-quality data and often suffer from
limited interpretability, which may restrict their application in clinical decision-making [8].

4.2 | Bayesian Networks

Bayesian networks provide a probabilistic framework for representing relationships among clinical variables
and updating predictions as new information becomes available. These models are particularly valuable when
uncertainty is substantial and causal relationships are important. Their ability to combine expert knowledge
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with empirical data makes them attractive for personalized lifestyle planning and long-term health risk
assessment [9].

4.3 | Grey System Theory

Grey system theory was specifically developed for situations characterized by incomplete, uncertain, or sparse
information. Because healthcare data are often limited or partially observed, grey models can provide useful
insights when traditional data-intensive methods are not feasible. These approaches may be particularly
relevant in early-stage clinical assessments or resource-limited settings [10].

4.4 | Fuzzy Decision Models

Many healthcare decisions involve subjective judgments and imprecise information. Fuzzy approaches enable
the incorporation of linguistic concepts such as “high risk,” “moderate adherence,” or “poor sleep quality”
into formal decision-making frameworks. As a result, they can effectively support personalized
recommendations when clinical information cannot be expressed precisely [11].

4.5 | Multi-Objective Optimization

Healthy longevity is inherently a multi-objective problem because healthcare professionals must
simultaneously consider disease prevention, quality of life, functional independence, and healthcare costs.
Multi-objective optimization methods explicitly address these competing goals and identify balanced solutions
rather than optimizing a single outcome. Consequently, they are particularly suitable for personalized
intervention planning [12].

4.6 | Dynamic Systems and Digital Twins

Human health is a dynamic process that evolves over time. Dynamic systems models and digital twins attempt
to represent these temporal changes by simulating physiological processes and predicting future health states.
These approaches have considerable potential for proactive and preventive healthcare because they allow
intervention strategies to be evaluated before implementation [13].

Collectively, these computational approaches offer complementary strengths. Rather than seeking a
universally superior method, the central challenge is selecting the most appropriate modeling approach
according to the specific clinical objective, available data, and dominant source of uncertainty. This challenge
motivates the decision-oriented framework proposed in the following section.

4.5 | Decision-Oriented Framework for Selecting Mathematical Models in
Healthy Longevity

The preceding sections demonstrate that no single computational approach is universally suitable for all
healthy longevity decision problems. Instead, the selection of an appropriate mathematical model depends on
several interrelated factors, including the clinical objective, the characteristics of the available data, the
dominant source of uncertainty, and the complexity of the decision-making process. Therefore, rather than
recommending a single superior methodology, we propose a decision-oriented conceptual framework that
assists researchers and healthcare professionals in selecting computational approaches according to specific
clinical requirements.

The proposed framework is based on four sequential decision dimensions. The first dimension defines the
clinical objective, such as disease prevention, healthspan extension, personalized lifestyle planning, functional
preservation, or quality-of-life improvement. The second dimension identifies the dominant source of
uncertainty, including biological variability, incomplete clinical information, behavioral uncertainty,
measurement errors, or temporal physiological changes. The third dimension considers data characteristics,
including sample size, data completeness, longitudinal availability, and data heterogeneity. Finally, the fourth
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dimension matches these characteristics with the computational methodology most capable of addressing the
corresponding decision problem.

Within this framework, Bayesian networks are particularly appropriate when probabilistic reasoning and
causal relationships are required under uncertain conditions. Grey system models are advantageous when
clinical information is incomplete or datasets are relatively small. Fuzzy approaches are suitable for
incorporating subjective clinical judgments and linguistic variables into decision-making. Machine learning
algorithms perform well when large, high-quality datasets are available for prediction, whereas multi-objective
optimization methods are most appropriate when multiple competing clinical goals must be balanced
simultaneously. Dynamic systems models and digital twins provide additional value when long-term

physiological evolution and personalized intervention trajectories are of primary interest.

Unlike previous reviews that primarily compare computational techniques according to algorithmic
performance, the proposed framework emphasizes decision suitability. Its primary objective is not to identify
the mathematically optimal algorithm, but to recommend the most appropriate modeling strategy for a
specific healthy longevity decision context. Such a decision-oriented perspective may improve methodological
selection, enhance clinical interpretability, and facilitate the development of intelligent decision-support

systems for personalized healthy ageing.

The classification presented in Table 7 was synthesized from previous studies on healthspan, Precision
Lifestyle Medicine, Bayesian networks, grey system theory, fuzzy systems, machine learning, multi-objective
optimization, and digital twins [1], [3], [5], [8—10], [12].

Table 1. Decision-oriented classification of mathematical modeling approaches for healthy longevity.
Developed by the authors based on the reviewed literature.

Clinical Dominant Data Recommended Main Rationale
Objective Uncertainty  Characteristics Model
Disease risk Biological Large structured ~ Machine learning Learns complex nonlinear
prediction variability datasets relationships
Personalized Behavioral Mixed clinical and ~ Bayesian network Updates recommendations as new
lifestyle planning ~ uncertainty lifestyle data evidence becomes available
Eatly clinical Incomplete Small or sparse Grey system theory Performs well with limited
assessment data datasets information
Patient-centered Linguistic Qualitative and Fuzzy models Incorporates subjective clinical
decision-making ~ uncertainty quantitative data judgments
Healthspan Multiple Multimodal Multi-objective Balances competing health
optimization competing longitudinal data ~ optimization outcomes

objectives
Long-term health  Temporal Longitudinal Dynamic Models’ disease progression and
monitoring dynamics physiological data  systems/Digital twins  intervention trajectoties

The proposed framework is summarized in Fjg. 7. Rather than recommending a universally superior
computational method, the framework guides model selection according to the clinical objective, dominant
sources of uncertainty, and data characteristics, thereby facilitating personalized decision-making for healthy
longevity.
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Fig. 1. Decision-oriented framework for selecting mathematical modeling
approaches to support healthy longevity.

The framework was developed by the authors based on concepts from Geroscience, healthspan research,
precision lifestyle medicine, mathematical modeling, and operations research. The expected outcomes
(healthspan, quality of life, functional independence, chronic disease prevention, and healthcare burden
reduction) are supported by previous evidence [1], [2], [4], [5].

6| Discussion

The growing emphasis on healthy longevity has fundamentally changed the focus of healthcare from treating
individual diseases to preserving long-term health, functional independence, and quality of life. This shift
requires clinical decision-making strategies that can simultaneously consider multiple health objectives while
addressing the substantial uncertainty inherent in human physiology. The findings of this review indicate that
no single computational approach is universally applicable to all healthy longevity decision problems. Instead,
the effectiveness of a mathematical model depends on the specific clinical objective, the characteristics of the

available data, and the dominant sources of uncertainty.
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A major contribution of the proposed framework is its transition from an algorithm-centered perspective to
a decision-centered perspective. Previous reviews have primarily compared computational methods according
to predictive accuracy or methodological characteristics. In contrast, the present framework emphasizes
selecting mathematical models based on clinical requirements. This distinction is patticularly important in
healthy longevity because different clinical scenarios require different analytical strategies. For example,
probabilistic approaches may be more suitable for uncertain causal reasoning, whereas multi-objective
optimization is better suited to balancing competing health outcomes. Likewise, grey system models may
outperform data-intensive approaches when clinical information is limited or incomplete.

Another important implication is the integration of Precision Lifestyle Medicine with computational decision
support. Lifestyle interventions are inherently personalized, and identical recommendations often produce
markedly different outcomes among individuals because of biological, behavioral, and environmental
heterogeneity. By explicitly considering uncertainty, data characteristics, and clinical objectives, the proposed
framework may facilitate more personalized and clinically meaningful decision-making, ultimately supporting
interventions that improve healthspan rather than merely extending lifespan.

Despite these strengths, several limitations should be acknowledged. First, the proposed framework is
conceptual and has not yet been prospectively validated in clinical settings. Second, the recommendations are
based on evidence synthesized from diverse disciplines, which may introduce methodological heterogeneity.
Third, rapid advances in artificial intelligence and digital health technologies may continuously reshape the
relative advantages of different computational approaches.

Future research should focus on validating the proposed framework using real-world clinical datasets,
integrating wearable sensor data and electronic health records, and incorporating emerging technologies such
as digital twins, multimodal artificial intelligence, and explainable Al. Such developments may enable the
creation of next-generation clinical decision-support systems capable of delivering adaptive, personalized
interventions that maximize healthspan while improving quality of life and reducing the burden of age-related
discases.

7| Conclusion

Healthy longevity represents one of the most important goals of modern healthcare, requiting a transition
from disease-centered management to personalized strategies that maximize healthspan, preserve functional
independence, and improve quality of life. Achieving these objectives is inherently challenging because clinical
decision-making must address biological heterogeneity, multiple competing health outcomes, and diverse
sources of uncertainty.

This review demonstrates that no single computational methodology is universally appropriate for all healthy
longevity decision problems. Instead, the selection of mathematical models should be guided by the clinical
objective, the characteristics of the available data, and the dominant sources of uncertainty. By integrating
evidence from healthy longevity, Precision Lifestyle Medicine, artificial intelligence, mathematical modeling,
and operations research, we proposed a decision-oriented conceptual framework that supports the selection
of appropriate computational approaches for specific clinical contexts.

Unlike previous reviews that primarily compare algorithms according to methodological performance, the
proposed framework emphasizes clinical applicability and decision suitability. This perspective provides a
practical bridge between computational methodology and clinical practice, facilitating the development of
intelligent decision-support systems capable of delivering personalized lifestyle interventions.

Future studies should validate the proposed framework using real-world clinical data, wearable technologies,
digital health platforms, and longitudinal cohort studies. Integrating emerging technologies, including
explainable artificial intelligence, digital twins, and multimodal data analytics, may further enhance
personalized healthcare and contribute to extending healthspan while improving quality of life. Ultimately,
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adopting decision-oriented computational strategies has the potential to transform healthy longevity from a
conceptual objective into a practical and evidence-based component of precision healthcare.
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