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Chapter 1: Introduction – Fundamentals of Longevity Engineering 
1. 1. 1. The Imbalance of the Healthcare System in the 21st Century 

One field that has had immense success in the 20th century is that of medicine, 
profoundly influencing the trajectory and future of humanity.  

The model defined in the previous century is one that can be categorized as reductionist, 
although extremely effective. This model made huge strides by dividing complex health 
problems into linear, cause-and-effect parts.  

These advances led to new discoveries such as antibiotics that have limited the deadly 
impact of infections, vaccines that have eliminated devastating diseases, precise surgical 
procedures, and treatments that have successfully treated numerous acute conditions [1]. 

The increase in life expectancy became the ultimate metric of the era. This is a very 
telling measure, becoming an end in itself, which led to an unprecedented expansion of human 
existence on a global scale.  

However, paradoxically, this success has leveled the ground for a profound crisis of the 
system in the 21st century. The model that propelled progress is now completely ill-adapted to 
the new circumstances it created [2]. Thus, the model has now suffered the consequences of its 
own success.  

Today, health systems around the world face not a single challenge, but a convergence of 
three interconnected crises – demographic, epidemiological and economic – that threaten their 
very long-term sustainability. These are not isolated problems, but facets of the same systemic 
challenge, intertwining and amplifying each other, forming a “Gordian knot” that defies simple 
solutions. 

Three crises are affecting health systems, these are: 
a. Demographic crisis. Considering that life expectancy has increased significantly, in 

conjunction with declining fertility rates in many regions of the world, a global 
phenomenon of population aging has been established and developed. This is 
particularly visible in developed societies. For example, in the European Union, it is 
estimated that the share of people over 65 years of age will increase from 
approximately 21% in 2022 to approximately 30% by 2050 [3]. This structural 
change in population dynamics is unprecedented in human history and exerts 
immense pressure on health systems, as older people use health services to a 
disproportionate extent. The current demographic reality is no longer a distant 
projection, but a defining component of today's social and economic landscape, which 
fundamentally changes the ratio between the active, economically contributing 
population and the one dependent on care services, with elderly people no longer in 
most cases being economically active and contributors to the tax systems necessary 
for payments to public health funds. 

b. The epidemiological crisis is the second crisis and is closely linked to the 
demographic one. As the population ages and infectious diseases are more effectively 
controlled, the burden of disease on the patient and the health system shifts from 
acute, episodic and sporadic diseases to chronic, non-communicable diseases (NCDs), 
such as cardiovascular diseases, diabetes, cancer and neurodegenerative diseases. 
Also, among the elderly population, multimorbidity has become the norm from an 
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exception [4]. Multimorbidity is characterized by the presence of several chronic 
diseases at the same time in an individual, which are usually kept in balance. 
However, this phenomenon represents a fundamental challenge for a health system 
designed around a model of:  

one disease -> one specialist -> one treatment. 
c. Economic crisis. As a direct result of the two previous crises, the third, and most 

serious crisis, is the economic one, because it has an impact on the entire population. 
The current medical model has become much too expensive. At the same time, it is 
desired that the healthcare system be a social one, for social inclusion, but this is not 
economically viable, on the other hand the private healthcare system is much too 
expensive for the majority of the population, becoming inaccessible. Thus, in most 
countries, a hybrid system has been reached, through a public-private partnership. But 
even this is not sufficient in the face of current challenges. For example, the economic 
impact of the five major non-communicable diseases worldwide is estimated to reach 
47 trillion dollars by 2030, which endangers the economic stability of the world 
[6].Average health spending in EU countries will represent 10.4% of GDP by 2022 
[7], a percentage that continues to rise despite economic growth. A dangerous 
negative feedback loop amplifies this cost increase: a shrinking working population 
must support a growing elderly population with increasingly expensive and complex 
medical needs, a change that is at odds with sustainable, long-term economic growth 
[8]. 

1. 2. Longevity Engineering - A New Paradigm 

The crises analyzed above, together form a “Gordian knot”, which demonstrates that 
solutions cannot be found using the same methodology and paradigm that is used today, which 
perpetuates these problems.  

Today, a fundamental reassessment of the way we define, measure and manage health is 
needed. A simple optimization of the status quo is not enough. In this section, the need for a leap 
from a reactive medical model focused on treating disease to a proactive, systemic model that 
pursues longevity engineering will be debated. 

The fundamental deficiency of the reductionist approach is found in its basic assumption, 
namely, that a complex system, such as the human body or a health system, can be fully 
understood by analyzing its component parts in isolation [9]. This perspective, although 
extremely powerful in linear contexts, fails in the face of non-linear interactions, feedback loops, 
and emergent properties that characterize chronic diseases and multimorbidity [10]. 

The current system is hyper-optimized to perform interventions at the end of the causal 
chain (e.g., treating a myocardial infarction, excising a tumor, etc.). But at the same time, it is 
backward in managing the complex network of biological, behavioral, and social factors that 
lead to the occurrence of those events. 

Thus, the paradigm shift requires, first of all, a change in the final goal. For a century, the 
ultimate metric of medical success was increasing lifespan. This goal was successfully achieved, 
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but it led to the paradoxical situation in which the years of life gained are often lived in a state of 
poor health and dependence on family and social systems.  

The new paradigm proposes a more ambitious and relevant goal for human well-being: 
maximizing the healthy lifespan: the period of life spent in good health, without the functional 
limitations imposed by chronic diseases [2]. 

The goal is not just to add years to life, but to add life to years. This new goal transforms 
health from a cost to be managed into a strategic asset to be cultivated for individual and national 
prosperity. 

A transformation of this caliber of goals must be perfectly aligned with the emerging vision 
of 4P Medicine, which encapsulates the direction needed for 21st century health systems.  

4P Medicine can be defined by its four pillars: 
● Predictivity: Seeks to identify individual risks of disease long before they manifest 
clinically. 
● Prevention: Focuses on proactive and early interventions to reduce these risks and 
prevent the onset of disease. 
● Personalization: Adapts prevention and treatment to each individual’s unique genetic, 
biological, and lifestyle profile. 
● Participatory: Involves patients as active partners in the management of their own 

health. 
This 4P vision, although widely accepted as an ideal, suffers from a fundamental gap: the 

lack of a robust engineering architecture capable of operating it at the scale of an entire health 
system. Thus, the question arises that we try to answer: how do we move from a concept to a 
functional reality? 

This thesis submits to the acceptance that the solution lies in adopting a focused 
perspective towards the field of systems engineering.  

While complexity science and the theory of Complex Adaptive Systems (CAS) provide 
an essential descriptive framework for understanding why health systems behave in nonlinear 
and unpredictable ways [1], systems engineering provides the prescriptive methodology for 
designing and managing this complexity [11]. This technique represents a holistic and structured 
approach to the design and management of complex systems throughout their entire life cycle, 
from defining needs to operation and sustainability [12]. 

Thus, in conclusion, the need for a paradigm shift is not an option, but an imperative 
condition for the survival and prosperity of health systems.  

This implies a threefold transition: 
1. From a reactive, disease-centered model to a proactive, health-centered one aligned with 

the vision of 4P Medicine 
2. From the goal of increasing lifespan to orchestrating and optimizing healthy lifespan 
3. From reductionist thinking to a robust methodology based on systems engineering.  
This new vision represents the foundation on which all the research presented in this thesis is 

built. 
1.3.  Thesis Statement and Overall Objectives 
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Based on the identified systemic challenges and the need to operationalize the 4P 
Medicine vision, this thesis proposes a central working hypothesis and a research direction aimed 
at addressing them. 

Thesis Statement: The transition of health systems from a reactive and unsustainable 
model to a proactive "longevity engineering" paradigm, which operationalizes the principles of 
4P Medicine, is possible through the development and integration of a multilevel systemic 
framework. This framework, grounded in the principles of systems engineering and implemented 
through advanced Artificial Intelligence tools, allows for the design, ethical governance and 
clinical application of optimized interventions at the public policy level (macro), while ensuring 
transparency and trust at the level of the individual medical act (micro). 

Starting from this statement, the overall objective of the research is the design, conceptual 
development and validation of key components of this multilevel systemic framework. To 
achieve this goal, three specific objectives have been defined, each corresponding to an original 
scientific contribution and mapped to the pillars of 4P Medicine: 

Specific Objective 1: Development of a macro-level simulation framework for 
optimizing health policies (Operationalization of Prediction and Prevention). 
● Problem: Policy makers lack tools capable of predicting the long-term impact of policies 

and optimizing prevention strategies. Traditional models are static and cannot explore the 
complex interactions between health investments and national economic prosperity. 
● Anticipated result: Design and validation of a hybrid simulation framework that integrates 

a top-down macroeconomic model with a bottom-up agent-based modeling (ABM). This "digital 
twin" for public health is capable of discovering optimal investment policies, validated through a 
concrete case study on a chronic disease with significant impact on the population. 

Specific Objective 2: Design a governance framework for proactive ethical validation of 
AI (artificial intelligence) systems in health (Operationalization of Participation and 
Extended Prevention). 
● Problem: The use of AI models to propose health policies can introduce significant ethical 

risks, such as perpetuating inequities. Ensuring a participatory and transparent process in the 
governance of these systems and preventing social harms are essential. 
● Expected result: Development of a new architectural framework, called: "AI Ethical 

Triplet", which acts as an automatic ethical "red teaming" (validation) system. This methodology 
creates stress tests for AI-proposed policies against diverse synthetic populations, assessing the 
impact from the perspective of equity and robustness, thus evolving from a "Human-in-the-
Loop" model (human as an active part of a systemic loop) to a proactive "Ethical Sandbox". 

Specific Objective 3: Propose an interpretable AI architecture to increase trust in 
clinical decision support at the micro level (Operationalization of Personalization and 
Participation). 
● Problem: The widespread adoption of AI systems in clinical practice is hampered by their 

"black box" nature, which undermines trust and prevents real physician participation in the 
decision-making process. An approach that supports personalized and transparent diagnosis is 
needed. 
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● Expected result: Design an "interpretable by design" AI methodological architecture. This 
framework, exemplified by an application for standardizing BI-RADS classification in 
mammography, mimics the human reasoning process, making the algorithm's decision fully 
transparent and auditable, and demonstrating how high-quality data at the micro level can feed 
into macro-level models. 

The cumulative achievement of these three objectives demonstrates the viability and 
coherence of the proposed multilevel framework, providing an integrated, systems engineering-
based solution to the complex health challenges of the 21st century. 

1.4.  Overview of Original Contributions 

To achieve the specific objectives stated above, this thesis makes three original scientific 
contributions, each materialized in a published or submitted paper. These contributions are not 
isolated elements, but interconnected components of a coherent systemic framework, which 
addresses the issue of health system transformation at three critical levels: strategy (macro), 
governance (meso), and application (micro). 

Contribution 1: An AI-Based Hybrid Simulation Framework for Optimizing Health 
and Economic Prosperity (Macro Level).  

This first contribution, detailed in Chapter 3 and in [13], directly addresses the problem 
of strategic planning at the national level. It represents the Prediction and Prevention engine of 
the framework, allowing for in silico exploration of the future. The novelty lies in the 
hybridization of a top-down macroeconomic modeling with a bottom-up agent-based simulation 
(ABM), orchestrated by an AI optimization engine. This framework goes beyond traditional 
models by its ability to capture the “Equitable Development Cycle” – the positive feedback loop 
in which investments in health stimulate productivity, which generates economic growth, 
enabling further investments in health. Validation through the osteoporosis case study 
demonstrated the system's ability to identify policies that significantly outperform standard 
approaches, laying the technical foundation for the development of "Digital Twins" for public 
health. 

Contribution 2: The AI ​​Ethical Triplet: A Framework for Extensive Simulation of 
Equity in Health Policies (Governance Level).  

The introduction of powerful AI systems raises a fundamental ethical question, which 
requires a robust and participatory oversight mechanism. This second contribution, presented in 
Chapter 4 and in [14], provides a direct answer. We propose the "AI Ethical Triplet", a 
governance architecture designed as a proactive and hostile validation mechanism. Unlike 
traditional audits, the Ethical Triplet is an automated system that stress-tests proposed policies 
against diverse synthetic populations, assessing the impact on equity, harm and robustness. This 
contribution formalizes a process of ethical "red teaming", transforming the "Human-in-the-
Loop" oversight model into an "Ethical Sandbox", an advanced form of participation at the 
policy level that prevents social harms before implementation. 

Contribution 3: An Implicitly Interpretable AI Framework for Clinical Decision 
Support (Micro Level).  

8



For the macro-level vision to be sustainable, it must be based on high-quality data and the 
trust of micro-level actors. This third contribution, detailed in Chapter 5 and in [15], addresses 
the fundamental problem of the "black box" in medical AI. The proposed solution is a shift from 
models that require post-hoc explanations to models that are "implicitly interpretable by design".  

The two-stage architecture mimics a physician's reasoning, ensuring that each result is 
accompanied by a clear and auditable justification. Exemplified by an application for 
standardizing the BI-RADS classification for breast cancer, this methodology supports 
personalized diagnosis and facilitates real physician participation in collaboration with AI. 
Crucially, this framework functions as an engine for generating structured and high-fidelity data, 
essential to feed and validate macro-level models, thus closing the loop of the multilevel 
systemic framework. 

 
Figure 1. The proposed new framework 

1.5. Structure of the Thesis 
The current work is structured in six chapters, designed to guide the reader in a logical 

and coherent way, from defining the general problem to presenting the original contributions and 
analyzing their implications. 

Chapter 1, "Introduction", establishes the context and justification of the research. It 
presents the converging crises that put health systems under pressure and argues for a paradigm 
shift towards a proactive one, based on systems engineering and aligned with the vision of 4P 
Medicine. The chapter culminates with the thesis statement, defining the objectives and an 
overview of the three original contributions. 

Chapter 2, "Current State of Knowledge", provides the theoretical foundation of the 
work. It explores the foundations of complexity science and systems engineering, introduces 4P 
Medicine as a target paradigm, analyzes the emerging technological architecture (AI, Digital 
Twins, ABM) and discusses the implications of this transition. The chapter concludes with a 
critical synthesis, identifying the specific gap in research: the absence of an integrated 
engineering framework for the operationalization of 4P Medicine. 
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Chapter 3, "A Hybrid AI Simulation Framework for Optimizing Health and 
Economic Prosperity", presents the first original contribution. Here, the architecture of the 
macro-level simulation framework, designed as a Prediction and Prevention engine, is detailed, 
and validated through a detailed case study. 

Chapter 4, "The AI ​​ Ethical Triplet: A Framework for Extensive Simulation of 
Equity in Health Policies", focuses on the second contribution, addressing the issue of ethical 
governance. The chapter introduces the architecture of the "AI Ethical Triplet" as a solution for 
proactive validation, operationalizing the principle of Participation at the policy level. 

Chapter 5, "A Decipherable Implicit AI Framework for Clinical Decision Support", 
details the third contribution. This chapter focuses on the micro level, proposing an "interpretable 
by design" AI architecture to enable Personalization and Participation in the clinical act and to 
generate the high-quality data needed by the system. 

Chapter 6, "Final Conclusions and Future Directions", concludes the paper. This 
chapter summarizes the results, presents the unified "Longevity Engineering" model as a 
complete operationalization of the 4P Medicine, discusses systemic implications, offers 
recommendations, acknowledges research limitations, and outlines future directions. 
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Chapter 2: Current State of Knowledge 

To fundamentally address the systemic crises described in the previous chapter, a change in the 
theoretical overview through which we analyze health systems is necessary. The linear and 
mechanical assumptions of the reductionist model must be replaced by a conceptual framework 
that accepts the complexity, dynamism, and unpredictability inherent in public health.  
In this section, the theoretical foundation of the thesis was established, building a detailed 
argument. It starts from the essence of the engineering discipline, defines the specific role of 
Systems Engineering, establishes the fundamental concept of "system", and evolves 
progressively towards the frontiers of complexity science and Complex Systems Engineering.  
The goal is to demonstrate why this integrated perspective is not only appropriate, but absolutely 
necessary to navigate the challenges of the 21st century in the field of health. 
All technologies applied to operationalize 4P Medicine are useful when their transformative 
power derives from their synergistic integration into a unified architecture, which we call the 
"Simulation Trio”. 

 
Figure 2 Simulation trio architecture 
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In this architecture: 
1. The Digital Twin provides the context and continuous connection to real-world data. It 

is the sandbox. 
2. Agent-Based Modeling (ABM) provides the dynamic engine of complexity, simulating 

the interactions of millions of agents. It is the simulation engine. 
3. Artificial Intelligence (AI) provides the intelligence to navigate, optimize, discover, 

and add behavioral realism to this complex world. It is the discovery engine. 
Their seamless integration represents the underlying technology architecture that enables 

a paradigm shift towards systems-oriented public health, providing the tools needed to truly 
engineer longevity. This technology trinity is the engineering response to the identified gap, 
providing a plausible path to turn the promise of 4P Medicine into a functional reality. 

This chapter presents a comprehensive argument for the need and feasibility of a new 
paradigm in healthcare, grounded in the principles of systems engineering.  

We have demonstrated that the theoretical methodology of Complex Adaptive Systems 
(CAS) provides the essential descriptive framework for understanding why healthcare systems 
behave in nonlinear and unpredictable ways. On this theoretical foundation, we have shown that 
systems engineering provides the prescriptive methodology needed to manage this complexity in 
a structured and rigorous manner.  

We have also identified the emerging technological architecture, a simulation trio of 
Digital Twins, Agent-Based Modeling, and Artificial Intelligence, that makes the large-scale 
application of these theoretical principles possible for the first time in history.  

We have argued that the ultimate goal of this new technological capability must be a 
redefinition of success, moving from simply extending life expectancy to actively engineering 
healthy life spans (healthspans), a goal aligned with a more holistic vision of national well-being. 

Finally, we explored the profound implications that this transition has for the entire 
medical ecosystem, from education and clinical practice to research. 

The synthesis of the specialized literature reveals a landscape of knowledge that is, at the 
same time, vibrant and fragmented. There is a considerable volume of valuable research that 
explores each of these components in isolation. We find studies on the application of Digital 
Twins in medicine, papers on the use of ABM for epidemiological modeling, articles on the 
potential of AI in diagnostics, and a rich literature on systems thinking in healthcare 
management. 

However, a critical analysis of the current state of knowledge highlights a major and 
fundamental gap in research: the absence of an integrated, multi-level systemic framework that 
connects these islands of knowledge into a coherent and functional whole.  

Although the individual components exist, the "architecture" that unites them is missing. 
More specifically, we identify three dimensions of this gap: 
1. A Technology Integration Gap: There is a lack of a unified vision on how Digital Twins 

(the context), ABMs (the simulation engine), and AI (the discovery agent) can be combined into 
a synergistic computational pipeline for designing and optimizing health policies. 

2. A Multi-Level (Micro-Macro) Connectivity Gap: Research tends to focus either at the 
macro level (public policy) or the micro level (clinical decision support), without providing a 
clear methodological link between the two. There is no framework to demonstrate how high-
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fidelity data generated at the point of care (micro level) can feed into and validate population-
level (macro level) simulations, and vice versa. 

3. A Methodological Gap from Design to Implementation: A model is missing to guide 
the entire life cycle of a health innovation, from optimal policy design to its ethical governance 
to its safe and reliable application in clinical practice. 

This triple research gap represents exactly the territory that this thesis aims to explore and 
define. 

The original contributions that will be detailed in the following chapters are not intended 
to be isolated studies, but rather the constitutive pillars of this integrated systemic framework.  

The following three chapters will present, in turn, solutions to each of these gaps, 
demonstrating how macro-level design, meso-level ethical governance, and micro-level 
application can be united in a coherent model for longevity engineering. 
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Chapter 3: A Hybrid AI-Based Simulation Framework for Optimizing Health and 
Economic Prosperity (Original Contribution 1) 

The previous chapter established the theoretical foundation of the thesis, arguing that 
healthcare systems and national economies are, in essence, Complex Adaptive Systems (CAS), 
interconnected and inseparable.  

Building on this understanding, this chapter presents the first original contribution of 
related research: a hybrid computational framework designed to translate this theory into 
practice.  

The central objective is to answer a fundamental question for any 21st century 
policymaker: How can a nation, with finite resources, optimally invest in population health to 
reduce the burden of chronic diseases, increase healthy life expectancy, and thereby catalyze a 
sustainable cycle of economic growth and well-being? 

The problem is not simple, but deeply rooted in complexity. The relationship between the 
health of a population and the economic prosperity of a nation is deeply nonlinear, characterized 
by feedback loops, time lags, and emergent properties that defy traditional analytical tools.  

Conventional approaches, based on linear econometric models, Markov chains, or static cost-
effectiveness analyses, while valuable in limited contexts, are fundamentally incapable of 
describing the dynamics of this interconnected system [13].  

They cannot adequately model how a small but strategic investment in prevention can 
generate exponential economic benefits over decades, or how neglecting the health of a segment 
of the population can create, over time, a major obstacle to national development.  

The conceptual cornerstone of this chapter is the "Vigilance Cycle of Development" (or 
"Vigilance Cycle of Health and Prosperity"), a positive feedback loop that governs the 
interaction between human and economic capital. 
The logic of this cycle is intuitive but powerful: 
1. Investing in Health: Resources (financial, human, technological) are strategically allocated to 
improve the health of the population, with a focus on the prevention and management of chronic 
diseases. 
2. Improving Human Capital: A healthier population translates into more efficient human 
capital. Absenteeism rates decrease, labor productivity increases, and years of active and 
productive life are extended. Reducing the burden of disease (measured in DALYs) frees up 
individual and family resources. The average age of retirement increases. 
3. Stimulating Economic Growth: A more productive and resilient workforce becomes an 
engine for innovation and economic growth. National output (GDP) increases, as does the tax 
base. 
4. Generating New Resources: Economic growth generates new revenues for the state and the 
private sector, allowing additional resources to be reallocated to new investments in health, 
education, and infrastructure, thus closing and strengthening the cycle. 

14



 
Figure 3 Systemic diagram of the Equitable Development Cycle 

This view is solidly supported by fundamental economic theories.  
The Human Capital Theory, developed by Schultz and Becker, posits that investments in 

the education and health of individuals are not simple expenses, but productive investments that 
increase the economic capacity of a nation [13] [Schultz, 1961].  

The Grossman model (1972) further formalized this concept, treating health as a durable 
capital asset in which individuals invest to increase their "healthy days", which allow them to 
work and enjoy life.  

This approach to proactively model and optimize the health-prosperity cycle represents 
the very operationalization at the macro level of two fundamental pillars of the 4P Medicine: 
Prediction and Prevention.  

The computational framework proposed in this chapter, a Digital Twin for public health, 
is, in essence, the engineering engine for these two pillars. 

It serves as a Prediction tool, allowing decision makers to go beyond historical data 
analysis and rigorously explore the future consequences of their decisions. By simulating 
thousands of “what-if” scenarios, the Digital Twin can predict the long-term impact of different 
investment strategies, revealing emerging trajectories of population health and economic 
prosperity. At the same time, the ultimate goal of this prediction is to inform and optimize 
Prevention strategies. Rather than reactively allocating resources to treat diseases after they have 
occurred, the framework enables proactive planning. It provides the ability to quantify the long-
term return on investments in screening programs, awareness campaigns, or lifestyle 
interventions, thus justifying, through simulated evidence, the strategic shift of resources to 
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preventing diseases before they manifest. Thus, the contribution in this chapter provides the 
technical architecture to transform the concepts of Prediction and Prevention from aspirational 
visions into practical and quantifiable governance strategies. 

However, the theoretical recognition of this link has not been accompanied by the 
development of practical tools capable of modeling and optimizing it. This is where the original 
contribution of this chapter comes in.  

To overcome the limitations of traditional models, we designed an innovative multi-level 
computational framework that hybridizes two complementary modeling approaches: a top-down 
macroeconomic model that defines system-level constraints, and a bottom-up agent-based 
simulation (ABM) that models the heterogeneous behavior of a dynamic population.  

This framework is more than a passive model, integrating an AI-based optimization 
engine capable of exploring thousands of policy scenarios to discover non-intuitive and high-
impact strategies.  

In this way, we transform the policymaking process from one based on intuition or static 
analysis to a data-driven discovery process similar to the optimization of a complex engineering 
system.  

In this chapter, we have detailed the architecture and methodology of this simulation 
framework.  

We have presented the mathematical model, the computational component, and the AI 
optimization engine. 

Subsequently, we demonstrated the functionality and potential of the framework through 
a detailed case study on the management of postmenopausal osteoporosis, a chronic disease with 
significant population and economic impact.  

Thus, we demonstrated not only the technical viability of the approach, but also its ability 
to generate valuable strategic insights, laying the conceptual and technical foundations for the 
development of "Digital Twins" for public health.  

The successful validation of the hybrid computational framework through the 
postmenopausal osteoporosis case study transcends the simple demonstration of a methodology. 

It paves the way for a practical and scalable implementation of this approach: the 
development of a “Digital Twin for Public Health”. This section aims to discuss this vision, 
present a conceptual architecture for such a platform and analyze the challenges and ethical 
considerations inherent in such an endeavor.  

The transition from a point simulation model to an institutionalized tool, such as a Digital 
Twin, represents the final logical step in the operationalization of the “longevity engineering” 
paradigm.  

The methodological framework presented and validated in this chapter is, in essence, the 
prototype engine of a Digital Twin.  

A simulation model, no matter how powerful, remains an academic or research exercise if 
it is not embedded in an accessible, reusable and interactive platform, intended for the end user – 
in this case, the policy maker, epidemiologist or health economist.  

A Digital Twin for Public Health is more than a simulation; it is a socio-technical 
ecosystem. 
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It serves as a virtual, dynamic, and interactive replica of a nation’s or region’s health 
system, connected to real-world data sources and designed to function as a strategic “sandbox.”  

In such an environment, policymakers can move beyond the traditional, reactive policy-
making cycle.  

Instead of implementing costly and difficult-to-reverse interventions based on historical 
data and static models, they can explore, test, and refine dozens of in silico scenarios.  

This ability to “simulate before you act” is transformative, enabling evidence-based, 
anticipatory governance that can optimize resource allocation, minimize unintended 
consequences, and increase system resilience to future crises.  

Fundamentally, this tool is the engine that operationalizes the first two pillars of 4P 
Medicine at a systemic scale: Prediction and Prevention. 
● Prediction: The Digital Twin transcends traditional statistical prediction, which relies on 

correlations extracted from historical data. Through Agent-Based Modeling, it provides a 
form of mechanistic prediction. It doesn’t just predict that a certain outcome is likely, but 
simulates how and why that outcome emerges from millions of individual interactions. 
This allows for the anticipation of nonlinear phenomena and critical tipping points, such 
as the explosion of healthcare costs when the prevalence of a chronic disease exceeds a 
certain threshold. It can predict the health trajectories of entire demographic cohorts 
under different policy scenarios, identifying subgroups at highest risk of developing 
complications decades before this happens. 

● Prevention: This superior predictive capability is the foundation on which a new era of 
proactive and intelligent prevention is built. The Digital Twin transforms preventive 
planning from an exercise based on general recommendations into an engineering 
optimization process. It allows decision-makers to design and test in silico hundreds of 
hybrid prevention strategies (primary, secondary, tertiary), to discover the optimal 
combination that maximizes healthy life years (HALE) for every monetary unit invested. 
Thus, it provides the quantitative evidence needed to justify the "investment in health" in 
the face of short-term budgetary pressures, demonstrating the long-term economic and 
social return of preventing diseases, instead of treating their consequences. 

To translate this concept into reality, we propose a multi-tier architecture, based on a cloud 
infrastructure, that encapsulates the methodological logic in a functional platform (Figure 4). 
This architecture is designed to be modular, scalable and adaptable to different contexts 
(diseases, populations, policy objectives). 
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Figure 4: Conceptual Architecture for a Digital Twin for Health and Economic Prosperity 

The architecture comprises the following main layers: 
1. User Interface Layer (Web & Mobile): This is the entry point for decision-makers. An intuitive 
interface would allow them to interact with the system without requiring in-depth technical 
knowledge. Key components include: 
○ Configuration Module: Allows users to define the parameters of a new analysis: disease of 
interest, population demographics, time horizon and, crucially, weights for the National Well-
being Score, thus aligning the optimization with current strategic objectives. 
○ Simulation Panel: Provides control over launching, monitoring and stopping simulations and 
optimization processes. 
○Results Dashboard: Visualizes the results in a clear and comparative way, using interactive 

graphs and summary tables. Allows direct comparison of multiple candidate policies based on 
key metrics (DALYs, HALE, GDP, Well-being Score), illuminating the trade-offs between 
them. 

1. Cloud Layer (Application Logic): This is the management brain of the platform, 
orchestrating all operations. 
2. AI Optimization Controller: Manages the entire optimization flow, from generating training 
data to training the surrogate model and running the optimization algorithm. 
Simulation Controller: Interfaces with the simulation engine, managing the instantiation of agent 
populations and the execution of simulations according to defined policies. 
3. Simulation History Controller: Stores the results of all previous simulations and 
optimizations in a database, allowing for auditing, reproducibility and long-term comparative 
analysis. 
4. Core Engines Layer (AI Models & Simulation Engine): This contains the core 
computational components described in the methodology. It is separated from the application 
logic to allow independent updates and enhancements (e.g. replacing the ABM engine with a 
more powerful version or adding new AI algorithms). 
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5. Data Layer: The foundation of the entire platform. It integrates and manages the data needed 
to anchor the Digital Twin in reality, including demographic data (census), epidemiological data 
(disease prevalence and incidence), economic data (treatment costs, productivity), and behavioral 
data. 

Developing and implementing a Digital Twin for Public Health is an ambitious endeavor, 
involving significant challenges that must be proactively addressed. 

Data Requirements: The accuracy and relevance of the Digital Twin are directly proportional to 
the quality, granularity, and timeliness of the data it is fed with. Obtaining longitudinal, 
individual-level data (even anonymized), on disease progression and health behaviors is a major 
challenge, given the fragmented nature of many health data systems [41]. 

Computational Cost: Running thousands of ABM simulations and training AI models requires a 
high-performance computing (HPC) infrastructure. Although cloud costs are becoming 
increasingly affordable, the initial investment and ongoing operational costs must be considered. 
Algorithmic Inequality and Equity: A fundamental ethical concern is the risk that the Digital 
Twin will perpetuate or even amplify existing inequities in society. If the training data reflects 
historical disparities in access to care or health outcomes, the AI ​​agent, in its effort to optimize 
for the average, could discover policies that further disadvantage vulnerable subgroups. This risk 
imposes the need for a robust ethical governance framework, an issue that forms the core of 
Contribution 2 (Chapter 4). 

Governance of Objectives: Defining the "National Well-Being Score" is not a purely technical 
issue, but a deeply ethical and political one. The choice of weights () reflects a set of social 
values ​​regarding the trade-off between economic growth, average population health, and equity.  

This process must be transparent and involve a broad dialogue with all relevant stakeholders, 
including the general public, to ensure the democratic legitimacy of the objectives for which the 
system is optimized. 

In conclusion, the transition from a methodological framework to an operational Digital Twin is 
essential to fully realize the potential of “longevity engineering”. 
While the challenges are real, they are not impossible. 
A phased, transparent approach guided by sound ethical principles can transform this vision into 
a powerful tool for creating smarter, more resilient and more equitable health systems. 
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Chapter 4: Ethics triplet Ia: A frame for extensive simulation of equity in health policies 
(original contribution 2) 

The previous chapter demonstrated the huge potential of a hybrid computational 
architecture, culminating in the vision of a "digital twin for public health".  

I argued that such an instrument, assisted by artificial intelligence (Ia), can function as a 
strategic "sandbox", allowing the decision makers to discover optimized health policies, with a 
positive impact on the economic well -being and the years of healthy life. 

However, it is precisely this immense power to optimize and influence the destinies of 
millions of people bring in the foreground an equally great and complex challenge: ethical 
responsibility. 

As we integrate more and more deeper algorithms in the decision -making infrastructure, 
especially in areas with high human stakes such as health, the undeniable promise of progress is 
accompanied by an equally indisputable risk. 

The systems, by their nature, are designed to optimize for a specific objective function, in 
our case, the maximization of the "national well -being score". 

This singular goal, although computational efficient, can create dangerous ethical 
perspectives. An algorithm that follows with maximum efficiency a lax objective, such as 
improving the average state of health, could, without adequate supervision, discover solutions 
that systematically disadvantage vulnerable subgroups, which exacerbates existing or 
unintentional negative consequences. 

This is the manifestation in the field of health of what in the specialized literature of 
safety is known as the "issue of alignment of values" (Value Alignment Problem) [74]. 

The danger does not consist of a malignant intention of the system, but in the discrepancy 
between the literal objective I have programmed and the complex set and often tacitly of human 
values ​​(equity, justice, compassion) that we would like to respect. 

A reference study, conducted by Obemeyer [75], revealed how an algorithm widely used 
in the United States to allocate medical care resources systematically discriminates a group of 
patients. 

The algorithm used previous medical costs as an indicator (proxy) for health needs, an 
erroneous assumption that ignored a demographic subgroup had access to fewer resources and, 
therefore, generated lower costs at the same level of disease. 

The result was a system that, although it seemed neutral and objective, perpetuated and 
amplified a serious social inequity. 

This eloquent example emphasizes a fundamental limitation of the traditional 
mechanisms of governance. Approaches such as post-implementation audits, although necessary, 
are fundamentally reactive. They identify the damage after they have already occurred. 

On the other hand, the "Human-in-the-Loop" model (HITL), in which a human 
supervisor approves the decisions of the algorithm, although essential, is hit by the human 
cognitive limits. 
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Phenomena such as "Automation Bias" (tendency to have excessive trust in automatic 
systems) can reduce human vigilance, transforming supervision into a simple formality [76]. 

Therefore, it becomes obvious that, in order to use the power of the digital twins guided 
by IA, we need a new type of safety mechanism, one that is proactive, systematic and reactive. 

It is not sufficient to check if an algorithm works correctly as per specifications; We must 
actively explore the ways in which it could fail from an ethical point of view, under various and 
unexpected conditions. 

We need a system that not only validates, but "stresses" the proposed policies, 
deliberately seeking ethical vulnerabilities before they have consequences in the real world. 

This necessity aligns and extends the vision of medicine 4P. If the pillars of prediction 
and prevention are operationalized by the digital twin, then the pillar of participation acquires a 
new, crucial dimension. 

Participation can no longer be limited to the doctor-patient relationship at the micro level. 
In an era in which algorithms shape policies that affect the entire population, participation must 
become a systemic and democratic process of validating the values ​​ incorporated in these 
systems. 

The framework of the governance we propose is, in essence, a mechanism of 
computational participation, which allows the society to interrogate and align algorithmic 
decisions. 

Moreover, this framework extends the concept of prevention beyond individual biology, 
to systemic sociology. 

The objective is no longer just the prevention of the disease, but also the prevention of 
social injury - preventing discrimination, inequity and erosion, which can be as harmful to the 
health of a nation as any pathogen. 

This imperative for a proactive ethical validation is the starting point for the second 
original contribution of this thesis. 

In this chapter, we propose a new governance architecture, called the "ethical triplet", 
designed to serve as counterpoint and validation mechanism for digital twins optimization of 
policy. This framework is not a simple set of recommendations, but a functional computational 
architecture, a kind of "automated ethics committee" that acts as a "Red Teaming" partner for the 
optimization agent. 

The objective of this chapter is to detail this architecture, to describe its components, to 
operationalize the principles of medical ethics in quantifiable metrics and to demonstrate how 
this approach evolves the current supervisory model to an "ethical sandbox", an environment in 
which the ethical compromises inherent to any public policy can be explored, and before a 
transparent mode, implementation. 

Thus, we complete the frame of "longevity engineering" with an essential component of 
caution, making sure that, in search of computational intelligence, we do not sacrifice human 
wisdom. 

The present chapter introduced the architecture of the ethical triplet and articulated the 
conceptual transition from a "Human-in-The-Loop" model to a paradigm of "ethical sandbox”. 
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Taken together, these components do not describe only a set of technical tools, but base a 
coherent and operational model for the responsible governance of artificial intelligence in public 
health. 

This final section has the role of synthesizing these elements and discussing the wider 
implications of this model, arguing that it offers a practical way to navigate the inherent tension 
between rapid technological innovation and the ethical imperative of protecting human well 
-being. 

The proposed governance model rests on three interdependent conceptual pillars: 
proactivity, deliberation and participation. 

By integrating these principles, the ethical triplet frame transforms the discussion on 
ethics from a post-facing compliance into a values-by-design) design into the life development 
cycle. 

The foundation stone of our model is the principle of proactivity. The traditional 
governance of technology was largely reactive. 

Ethical problems, such as algorithmic discrimination or violation of confidentiality, are 
often identified only after a system has been largely implemented and has already caused 
damages. Ethical audits, when they take place, are frequently performed post-hoc, having a role 
of autopsy than preventive diagnosis. 

The ethical triplet reverses this logic. Through the "stressor" and "executor", the frame 
creates an environment in which ethical risks can be systematically anticipated and explored 
before implementation. 

This is a fundamental shift from "repairing the damage" to "preventing injury". The 
ability to simulate the impact of a policy on "stressed" populations - which reflect the scenarios 
of economic crisis, inequities of access or social distrust - is a powerful anticipation tool. 

It allows the decision makers to identify the ethical "fracture points" of a policy in the 
safety of a virtual environment, transforming the governance from an art of reaction into a 
science of preparation. 

The second pillar is the emphasis on deliberation. As argued in the previous section, the 
"Human-in-the-Loop" model can paradoxically weaken the human judgment by automation and 
by presenting a single "optimal" option. 

In contrast, the paradigm of "ethical sandbox" is explicitly designed to empower and 
enrich human deliberation. 

By generating a set of candidate policies and by presenting their performance on a 
comparative "ethical dashboard", our model refuses to provide a simple answer.  

Instead, he asks a complex but essential question: 
"Given these compromises between average efficiency, equity, risk of injury and 

robustness, which politically best lines with our strategic values ​​and priorities?". 
This approach has two major virtues. First of all, it makes explicit compromises. There is 

no illusion of a perfect solution, "win-win". 
Decidents are forced to recognize and justify the difficult choices. 
Secondly, it moves the final responsibility where the place is: to the human decision 

factor. 
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Technology is no longer an oracle that dictates the solution, but a counselor who 
illuminates the complexity of the decision. 

The role becomes that of broadening the moral imagination of the decision maker, not to 
replace it. Thus, the model promotes a form of collaboration man in which the car deals with the 
computational complexity, and the value judgment. 

The third and most important pillar is the imperative of participation. A model of 
governance, however technically sophisticated, cannot be truly responsible if it is developed and 
operated in a vacuum, by a small group of technical experts. 

His legitimacy and effectiveness depend on the integration of a wide range of 
perspectives, especially those who will be most affected by algorithmic decisions. 

In the paradigm of medicine 4P, the "participatory" pillar traditionally refers to the active 
involvement of the patient in his own care process, in a partnership with the doctor. Our 
framework extrapolates this fundamental principle from the individual to the society scale. 

If the "patient" is the whole population, and "treatment" is a public health policy, then 
"participation" can no longer mean the informed consent of an individual. 

It must mean a deliberative process, at the level of society, through which the values, 
priorities and fears of the community are incorporated in the very logic of the decision -making 
system. 

This raises critical questions: 
Who decides what demographic "stressors" are relevant and plausible? 
Who sets the "injury threshold" that defines unacceptable injury? 
Who determines the relative weights of the metrics on the "ethical dashboard"? 
The answer can not only come from engineers or data analysts. 
We propose that the operational implementation of the ethical triplet, and in particular the 

configuration of the "ethical auditor", be supervised by a multi-stakeholder governance 
committee. 

Such a structure should include not only technical experts, but also: 
Doctors and experts in public health to ensure clinical relevance. 
Bioeticians and lawyers, to provide ethical and legal rigor. 
Representatives of the associations of patients and vulnerable communities, to bring the 

experience lived and to ensure that their concerns are reflected in the metrics. 
Factors of political decision and government representatives, to guarantee alignment with 

national strategic objectives. 
Such a participatory approach ensures that the values ​​incorporated in the system are not 

arbitrary, but are the result of a deliberative, democratic process. 
Moreover, it creates a mechanism of contestability, a formal process by which the 

affected groups can question, challenge and request the revision of the parameters and results of 
the system. 

This transparency and opening to feedback are essential to build and maintain public long 
-term confidence. 

In conclusion, the responsible governance model proposed in this chapter is an integrated 
one. 
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It combines the technical rigor of the side simulation with an interaction paradigm that 
prioritizes human deliberation and a supervisory structure that incorporates democratic 
participation. 

It offers a concrete plan to move beyond the mere statements of ethical principles, to 
socio-technical systems that are, by design, safer, more equitable and more aligned with the 
values ​​of the society they serve. 

It is a model that acknowledges that, in the age, the biggest challenge is not only to build 
smart systems, but to cultivate the wisdom to use them responsibly. 
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Chapter 5: A frame of implicitly decipherable for clinical decision support (original 
contribution 3) 

The previous chapters built a large -scale systemic framework for "longevity 
engineering", approaching the challenges at the strategic level (chapter 3) and of ethical 
governance (chapter 4). 

A computational architecture was presented for the optimization of health policies and a 
model of governance for their ethical validation. 

However, no matter how sophisticated these macro models, their long -term validity and 
sustainability are critically dependent on a fundamental element: the quality, reliability and 
granularity of the data that supplies them. 

The vision of a digital twin at the population level remains a fragile theoretical 
construction if it does not support on a constant flow of high loyalty data, generated at the point 
of direct interaction with the patient, the micro level of the medical act. 

This fifth chapter descends from the macro perspective of the national strategy to the 
micro of clinical practice. 

Here, at the micro level, the systemic framework faces a fundamentally different 
challenge, but equally important: building trust.  

The doctor's confidence in the new technologies and the patient's confidence in the 
decisions made on the basis of them are the pillars on which the entire paradigm supports. 
Without this confidence, the large -scale adoption of any system, however high theoretical, is 
doomed to failure. 

This chapter addresses a double challenge at this micro level: (1) the variability of inter-
observatory diagnoses, a persistent problem that undermines the standardization and quality of 
care, and (2) the limitations of the artificial intelligence models of type "black-box), which, 
although often performing, generates a major barrier. 

The culminating argument is that the integration of the three contributions creates a 
higher feedback loop, which is the essence of a learning health system, based on the principles of 
systems engineering. 

This cycle turns the relationship between clinical practice and public health policy: 
From Micro to Macro (Bottom-Up): each diagnostic act is no longer an isolated event. 

Through the Ia instrument, it becomes a source of knowledge that contributes to a systemic, 
dynamic and real -time understanding of the health of the population. The doctor, in his daily 
activity, becomes an active participant in refining the national health model. 

From macro to micro (top-down): health policies are no longer abstract directives, 
imposed by above. They are strategies informed by realistic simulations, based on the data 
generated by the clinical practice itself. Moreover, the prospects obtained from the analysis at the 
macro level can guide the clinical practice. For example, if the digital twin identifies an 
unexpected growth of a certain type of injury in a region, this can trigger an alert and lead to 
targeted training programs for radiologists in that area. 

In conclusion, the frame of inherently decipherable, detailed in this chapter, is much more 
than a decision -making tool. 
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It is the infrastructural and epistemological foundation on which the entire vision of the 
thesis is based. By solving the problem of trust and standardization at the micro level, it unlocks 
the potential to create a truly intelligent health system. 

Chapter 6: Final conclusions and future directions 
This thesis started from finding a systemic crisis in the health of the 21st century, a 

convergence of demographic, epidemiological and economic pressures that threaten the 
sustainability of the reactive medical model, inherited from the previous century.  

I argued that a lasting solution requires a fundamental paradigm change: a transition from 
treating the disease to "longevity engineering", guided by the rigorous principles of systems 
engineering. 

In order to operationalize this vision, we proposed a multinive systemic framework, 
whose fundamental components were developed and presented as three original scientific 
contributions in the previous chapters. 

The three original contributions of this work were conceived as the structural pillars of 
this solution, each addressing an essential challenge to a distinct level: strategy (macro), 
governance (MESO) and application (micro). 

The first contribution addressed the fundamental challenge of strategic planning in public 
health. 

I argued that the political decision -makers are lacking in tools capable of navigating the 
non -linear complexity of the relationship between health and economy. 

To fill this goal, we have designed and validated a hybrid simulation frame based on Ia, 
conceived as a digital twin for public health. 

Its novelty consists in the synergistic integration of a top-down macroeconomic model 
with a bottom-up simulation based on agents (ABM), creating a high virtual environment. 

This framework is not a passive analysis tool, but an active discovery engine, equipped 
with an agent capable of exploring thousands of scenarios and identifying non-intuitive 
investment policies, with a high impact. 

The case study on post-humanopausal osteoporosis has demonstrated the practical ability 
of the system to discover strategies that simultaneously optimize the health of the population and 
economic prosperity, thus validating its potential to transform the elaboration of policies from a 
reactive process into an anticipatory and evidence based. 

This contribution thus established the design component of the general systemic 
framework, directly operating the prediction and prevention pillars of 4P medicine on a national 
scale. We are no longer limited to predict the risk of an individual, but we can predict the 
probable trajectory of the entire health system under different policy regimes, allowing a truly 
strategic prevention. 

The introduction of strong instruments to guide decisions at the population level brings 
with it a huge ethical responsibility. 

The second contribution directly confronted this challenge, answering the question: How 
do we make sure that the optimized policies are fair, fair and does not cause unintentional 
damage to vulnerable subgroups? 
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The proposed solution was the "ethical triplet", an innovative architecture for governance, 
which functions as an automatic proactive and reactive ethical validation system. Unlike 
traditional audits, this framework performs systematic stress tests, using its three pillars, the 
population generator. The simulation engine and the ethical auditor, to evaluate the policies 
proposed through the prism of clear metrics of equity, injury and robustness. By this, the 
contribution has formalized a process of ethical "Red Teaming", evolving the supervisory model 
from a "Human-in-Loop" reactive to a proactive "ethical sandbox". 

This component ensures that the optimization power of the digital twin is responsibly 
exercised, thus establishing the governance pillar of the systemic framework. Moreover, this 
framework extends the concept of prevention to social injury and operationalizes the 
participation in the policy level, creating a mechanism by which the societal values ​​ can be 
integrated and tested in the decision -making process, before any implementation takes place in 
t h e r e a l w o r l d .

 
Figure 5 The evolution towards the new ethical governance model 

Macro-level vision, no matter how sophisticated, is worthless if it is not anchored in the 
reality of clinical practice. 

The third contribution addressed this essential link, focusing on the issue of trust and data 
quality at the point of care. We proposed a paradigm shift from black-box AI to an AI framework 
that is directly interpretable by design. The two-stage architecture, which mimics a physician’s 
cognitive reasoning, was designed to provide full transparency and auditability, thereby building 
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clinician confidence. Validated through an application for standardizing BI-RADS classification 
in mammography, this methodology has a crucial dual role: (1) it acts as a trusted decision 
support tool, designed to reduce diagnostic variability and improve individual patient care; and 
(2) it functions as an engine for generating high-fidelity structured data. This second function is 
fundamental, as it transforms each medical act into a source of granular data, essential for the 
realistic calibration and validation of macro-level ABM models. Thus, this contribution 
establishes the application pillar and closes the information loop of the entire system. Thus, this 
contribution establishes the application pillar and closes the information loop of the entire 
system, being the engine that enables Policy Personalization at scale and facilitates a genuine 
Clinician Participation in the knowledge ecosystem. 

The final synthesis reveals that these three contributions are not isolated elements, but 
interconnected pieces of a single logical architecture. 

They form a fair feedback loop, the essence of a learning healthcare system: 
From Micro to Macro: The Decipherable AI Tool (Contribution 3) generates structured 

and trusted clinical data, which serves as "fuel" for the Digital Twin (Contribution 1), saving it 
from the vulnerability of useless data. 

At the Macro Level: The Digital Twin (Contribution 1) uses this data to design optimized 
strategic policies, whose safety and equity are rigorously verified by the Ethical Triplet 
(Contribution 2). 

From Macro to Micro: The in silico validated policies are then implemented in clinical 
practice, where their impact is measured again by the AI ​​tool (Contribution 3), generating new 
data and repeating the learning and refinement cycle. 

Together, these components form a complete systemic framework, which addresses the 
life cycle of a public health intervention: from its strategic design and ethical governance, to its 
clinical application and impact measurement. 

This synthesis demonstrates the coherence of the proposed vision and establishes the 
foundation for the final “Longevity Engineering” model that will be presented in the next 
section. 

Future research directions 

	 The completion of this work therefore marks the beginning of a long-term research 
program, aimed at maturing, validating and extending the "Longevity Engineering" Framework. 
Future research directions can be structured around three main axes, corresponding to the three 
levels of the proposed framework, culminating in an integrative vision. 

1. Macro Axis: Maturing and Extending the Digital Twin 
The macro-level contribution demonstrated the feasibility of a Digital Twin for optimizing health 
policies in a specific context. The next logical steps involve increasing the realism, complexity 
and area of ​​applicability of this model: 
• Multimorbidity Modeling: The case study focused on a single chronic disease. A major 

research direction is to extend the model to simulate the interactions between multiple 
chronic diseases (e.g. diabetes, cardiovascular disease and osteoporosis) at the agent level. 
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This would allow for a much more realistic modeling of multimorbidity, one of the biggest 
challenges of current health systems. 

• Integration of Socio-Economic and Environmental Factors: The current model can be 
enriched by adding new layers of data and behavioral variables. Future research could 
integrate factors such as education level, access to healthy food, air quality or social stress 
level as endogenous variables that influence the health status of agents, allowing for the 
testing of intersectoral public policies. 

• Cross-Cultural and Cross-System Validation: Applying and calibrating the simulation 
framework on data from other countries, with different health systems and demographic 
contexts, would test the robustness and generalizability of the model, providing valuable 
insights into universal versus context-dependent principles in health systems engineering. 

2. Meso Axis: Operationalizing and Standardizing Ethical Governance 
	  
	 The "AI Ethical Triplet" was proposed as a conceptual and architectural framework. 
Moving towards a standardized and widely adopted tool requires research focused on 
implementation and validation: 
	 Development of Standards: Creation of standard datasets and test scenarios ("ethical 
benchmarks") to objectively evaluate and compare the performance of different AI decision 
support systems in public policy. This would promote transparency and set a standard of rigor in 
the field of ethical AI. 
	 Participatory Governance Study: Practical, case study research on the implementation of 
multi-stakeholder governance committees. These studies would explore the most effective ways 
to involve citizens and patient representatives in the process of defining equity metrics, ensuring 
the democratic legitimacy of the "Ethical Sandbox". 
	 Research in "Explainable Fairness": Developing techniques by which the "Ethical 
Triplet" not only reports an inequity score, but can also explain the probable causes of that 
inequity within the simulation, providing decision-makers with a deeper understanding of the 
mechanisms that generate disparities. 

3. Micro Axis: Clinical Validation and Extension of the Decipherable Architecture 

	 The "decipherable by design" AI framework has been conceptually validated. The next 
stage is its rigorous validation in clinical practice and the extension of its philosophy to other 
domains: 
	 Conducting Prospective Clinical Studies: Conducting a randomized clinical trial in which 
a group of radiologists uses the decision support system for BI-RADS classification, compared to 
a control group. The primary objective would be to quantitatively measure the impact of the 
system on reducing inter-observer variability (measured by the kappa statistic) and on diagnostic 
accuracy. 
	 Extending the Architecture to Other Imaging Domains: Adapting and applying the two-
stage architecture to other diagnostic challenges in medical imaging, such as detecting 
pulmonary nodules on chest CT, classifying brain lesions on MRI, or assessing cardiovascular 
risk on angiograms. 
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	 Using Structured Data for Epidemiological Research: Exploiting the high-fidelity 
structured data generated by the micro-level system to drive new epidemiological studies. These 
data could reveal novel correlations between specific pathological features and long-term patient 
outcomes, opening new avenues for prognostic research. 

	 Finally, the biggest challenge and most promising long-term research direction is the full 
integration of these three axes into a fully functional, nationwide learning health system. 
This would involve moving from offline simulations to a model in which the Digital Twin is 
updated in real time with data from the healthcare system, and public policies can be adjusted 
dynamically, in a continuous cycle of measurement, modeling and adaptation. 

	 Achieving this vision is undoubtedly a monumental effort, but it is, in essence, the final 
output of the promise of "Longevity Engineering." 

List of Scientific Papers Elaborated During the Doctoral Internship 

This thesis proposed an architectural framework for a new paradigm in public health. 
The research activity carried out during the doctoral internship materialized in a series of 
scientific papers, published or accepted for publication in prestigious journals and international 
conferences. These publications are the basis of the original contributions presented in the thesis 
and demonstrate the validation and dissemination of the results in the scientific community. 

Below is the complete list of these papers. 

I. Articles in Web of Science (ISI) indexed journals - First Author 

1. Chiș, D. I., Dumitrache, I., Chiș, T., & Caramihai, M. (2025). Engineering Longevity: A 
Systems Framework Using Digital Twins and AI to Achieve Sustainable Public Health. 
Baltica. 

• Status: Article accepted for publication. 
• Indexing: Web of Science (Science Citation Index Expanded). 
• Role: First author. 

2. Chiș, D. I., & Dumitrache, I. (2025). Engineering Longevity: A Hybrid AI-Driven Simulation 
Framework for Optimizing National Health and Economic Prosperity. Studies in Informatics 
and Control. 

• Status: Article accepted for publication. 
• Indexing: Web of Science (Science Citation Index Expanded). 
• Role: First author. 

3. Chiș, D. I., & Dumitrache, I. (2025). The Ethical AI Triplet: A Framework for Stress-Testing 
Fairness in Digital Twins in Healthcare. Control Engineering and Applied Informatics 
(CEAI). 

• Status: Article accepted for publication. 
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• Indexing: Web of Science (Emerging Sources Citation Index), Scopus, INSPEC. 
• Role: First author. 

4. Chiş, D., & Dumitrache, I. (2025). Inherently Explainable AI for Automated BI-RADS 
Classification: A Methodological Proposal. U.P.B. Scientific Bulletin, Series C: Electrical 
Engineering and Computer Science. 

• Status: Article submitted for publication. 
• Indexing: ISI Thomson Reuters, Scopus, INSPEC, Ulrich's, Elsevier Bibliographic 

Databases. 
• Role: First author. 

II. Articles in Web of Science (ISI) indexed journals - Co-author 

5. Iliuță, M.-E., Moisescu, M.-A., Caramihai, S.-I., Cernian, A., Pop, E., Chiș, D.-I., & 
Mitulescu, T.-C. (2024). Digital Twin Models for Personalised and Predictive Medicine in 
Ophthalmology. Technologies, 12(4), 55. 

• Status: Published. 
• Indexing: Web of Science (Emerging Sources Citation Index), Scopus. 
• Role: Co-author. 

III. Other Scientific Publications (Book Chapters and Conference Proceedings) 

6. Chiș, D., & Caramihai, M. (2023). Blockchain in Higher Education: A Secure Traceability 
Architecture for Degree Verification. In Reimagining Education - The Role of E-learning, 
Creativity, and Technology in the Post-pandemic Era. IntechOpen. 

• Status: Published (Book Chapter). 
• Indexing: IntechOpen Books. 
• Role: First author. 

7. Caramihai, M., Severin, I., & Chiş, D. (2022). Students' Perception About Online Social 
Media in Higher Education: An Empirical Study. Proceedings of the International 
Symposium on Automation, Information and Computing. 

• Status: Published. 
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