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ABSTRACT

An intelligent healthcare ecosystem comprises an interconnected and mutually supportive network of healthcare stakeholders and
functions aimed at improving healthcare quality and accessibility while reducing costs. Intelligent healthcare ecosystems provide
continuous learning by integrating data from heterogeneous sources, such as electronic health records, wearables, and patient-
reported outcomes, and feeding the data into automated decision-support systems that learn from real-world evidence. Intelligent
healthcare ecosystems can be assembled in an incremental manner, with targeted investments in the development of trustworthy
adaptive data integration utilities and autonomous learning systems that can deliver value independently while scaling up and
maturing.

Research on the development of intelligent healthcare ecosystems is particularly timely as cross-industry stakeholders prepare
for the deployment of 5G networks and the Internet of Things. The adaptability and performance of intelligent healthcare
ecosystems can be enhanced by focussing on clinical decision-support and clinical risk stratification capabilities that change the
conduct and treatment of care, thereby producing clinical outcomes that enhance the day-to-day activities of healthcare caregivers.
Enabling a shift in the conduct of care reduces the pressure on healthcare systems and the cost of care delivery. Adaptive data
integration utilities and autonomous learning systems designed specifically for healthcare permit a more flexible approach to
practical realisation of intelligent healthcare ecosystems, supporting incremental integration effort and enabling an agile response
to changing business needs.
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INTRODUCTION

Developing coherent frameworks for the design and realization of intelligent healthcare ecosystems is crucial to
orchestrating the multitude of combined and interrelated technical, organisational, regulatory, and economic contributions
that result in a system-wide improvement of care delivery and subsequent health outcomes. An intelligent healthcare
ecosystem is defined as the arrangement of synergistic resources that enables adaptive data integration and autonomous
learning systems, supporting the provision of advanced healthcare services and value generation for stakeholders from the
public and private sectors.

The work draws on recognised architectural principles of complex systems, enabling the definition of the elements required
for intelligent healthcare ecosystems and their relationships and interactions. Incrementally realising intelligent healthcare
ecosystems necessitates fulfilling specific conditions at any scale of operation. Immediate operational objectives
encompass the establishment of high-quality data governance for consolidated repositories or registries—completeness,
comprehensiveness, and representativeness for retraining and real-time operational data during the strategic, tactical, and
operational phases, respectively—while also ensuring compliance with ethical standards.

VASCULAR & ENDOVASCULAR REVIEW 330

www.VERjournal.com


http://www.verjournal.com/
mailto:bindooo.madhaveee@ieee.org
mailto:sasikkolla@gmail.com
mailto:divyavardhanbandi@gmail.com
mailto:yudaysurendra@gmail.com
mailto:prsudharanicse@svecw.edu.in

Designing Intelligent Healthcare Ecosystems through Adaptive Data Integration and Autonomous Learning Systems

1.1. Research design

The work is of speculative nature, proposing an architectural framework for Intelligent Healthcare Ecosystems rather than
a formally established theory. It is the result of a multiyear synthesis process, structured as a state-of-the-art review
addressing (1) definitions and scope, (2) architectural drivers, (3) principles of adaptive data integration, (4) principles of
autonomous learning systems, (5) ecosystem orchestration and governance, (6) frameworks for evaluation and evidence,
(7) strategies for implementation and case-based illustration. The formalism covers all enabling aspects of ecosystem
development, including data, algorithms, applications, actors, relationships, technologies, standards, norms, security, and
risk management. Validation rests on scientific consensus regarding the enabling features for Al deployment in healthcare.
Innovating beyond isolated Al applications requires a novel paradigm for ecosystem integration, where supreme
performance of single decision-support systems serves overall health improvement goals. Centers around a set of
interlinked pivotal functions, each proposed for several patient populations and clinical use cases. Real-time, time-
dependent, and time-frameless instances of the enabling functions are defined. Investigates practical solutions for (1) data
sourcing and interoperability, quality, governance, and privacy; (2) real-time data fusion and representation; and (3)
orchestration of agile clinical learning. Outlines incremental paths for integrating new functions and moving toward
development of Intelligent Healthcare Ecosystems of Systems.

1.2. Scope and Objective

A broad conception of intelligent healthcare ecosystem informs the design process aimed at attaining a general-purpose
architecture capable of consistently meeting the specific requirements, objectives, and constraints of individual
implementations. The result constitutes a system of systems, integrating interacting systems of autonomous intelligent
agents endowed with biological, clinical, operational, and contextual knowledge and capabilities.

The resulting adaptable ecosystem is equipped with capacities for real-time integration of heterogeneous data from multiple
public and proprietary sources across all axes of time, space, and domain; for autonomous learning from and adaptation to
new data, tasks, and usage contexts; and for a supporting role in clinical practice through automated diagnostic and
prognostic models and intelligent decision support.

Equation 1: Adaptive multi-source data integration
Let the raw data streams at time tbe:

X1 (£), %2(8), X3(2), ., X ()
where each x;(t)is from one source.

Step 1: Preprocessing each source
Each source must be cleaned, normalized, and aligned:

z(t) = ¢i(x; (1))
where ¢; (-)is the preprocessing/transformation function for source i.

Step 2: Assign reliability or importance weights
Because some sources are more reliable or timely than others, assign weight w; (t)to each source, with:
n

;Wi(t)=1

Step 3: Fuse the transformed data
The integrated patient/system state is then:

X(®) = ) wi (8) 2i(6)

Meanin

This is tlglle simplest adaptive fusion equation for the article’s “real-time data fusion and representation” idea.
o x;(t): raw data from source i
e z;(t): cleaned/standardized source data
o w;(t): adaptive trust/importance weight

X (0): unified integrated representation

FOUNDATIONS OF INTELLIGENT HEALTHCARE ECOSYSTEMS

Intelligent healthcare ecosystems are defined as complex, adaptive, and self-organizing systems of healthcare stakeholders
that are engineered and orchestrated to provide health-related goods and services. These ecosystems rely on adaptive data
integration frameworks and autonomous learning systems that are integrated into hybrid architecture patterns and facilitate
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the continual collection of real-time health-related data from multiple sources, and the development of intelligent
informatics systems that support the deployment of models for prognosis, diagnosis, and decision support and enable such
models to learn continually from both new data and the outcomes of their predictions.

The design of Intelligent Healthcare Ecosystems is based on a set of canonical architectural principles summarised in the
acronym SMART: Stakeholder- and Motivation-oriented; Multi-layered and Distributed; Adaptive and Self-Organising;
Real-time; and Trustworthy. The integration of these concepts and design principles provides the foundational framework
that guides the design of Intelligent Healthcare Ecosystems and proves critical in satisfying the continually evolving
business needs of the participating stakeholders and in realising the vision of intelligent healthcare ecosystems.

2.1. Definitions and Scope

The dynamic nature of disease emergence and re-emergence constitutes a significant public health challenge that worries
governments, international agencies, and health care systems as they interact and rely on one another. Information,
communication, cooperation, and collaboration are the keys to addressing challenges, building and maintaining resilience,
and conducting activities, both preventive and response, in the most effective fashion. Supporting these human exchanges
is a requirement for intelligent eco-systems accessing and continuously analysing data that may be relevant for purposes
beyond the original intent of collection.

Intelligent Health-care Ecosystems can be defined as health-care systems that acquire and analyse accurate and up-to-date
data, sometimes in real time, in a fashion that is autonomous, scalable, cost-effective, and useful for early warning, disease
control, and health promotion. The ongoing availability and immediacy of data from a variety of sources, such as clinical
practice, basic and applied research, and population health and animal health surveillance, negate the need for seasonal,
responsive, and siloed data gathering and analysis. Other intelligent eco-systems (e.g. military, business, and urban
security) also rely on data acquisition, fusion, representation, and analysis in an efficient and effective way. The
implementation of intelligent health-care ecosystems is based on two major enablers: adaptive data integration and
autonomous learning systems.

2.2. Architectural Principles

The architecture of an intelligent healthcare ecosystem is designed to allow adaptive integration of data from multiple
sources. It consists of a data integration layer supported by an adaptive learning layer for clinical decision-making and an
orchestration module for active governance. Its real-world implementation must consider stakeholder roles, collaboration
frameworks, security risk assessment, and compliance with open data and privacy guidelines to avoid reinforcement of
social inequalities.

The design and development of an intelligent healthcare ecosystem are conceptually based on architectural principles from
systems of systems. These ecosystems combine multiple sub-systems from different domains, such as hospitals, biomedical
research, education and training, and non-clinical services, to address complex problems with ad-hoc solutions. Their
success depends on the effective use of multiple data sources throughout the process, which is facilitated by a data
integration layer for real-time data fusion and representation. Such a layer must maintain interoperability among the
participating departments and be guided by data quality indicators throughout the process. Continuous data quality
assessment increases trust in algorithmic decision-making and compliance with regulations established for main data
sources. Its aim goes beyond technical performance by considering long-term clinical impacts and economic sustainability.

ARCHITECTURAL PRINCIPLES OF DESIGNING
INTELLIGENT HEALTHCARE ECOSYSTEMS
Thiou Systems
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Fig 1: Designing intelligent healthcare ecosystems

ADAPTIVE DATA INTEGRATION IN HEALTHCARE

Data integration enables an intelligent, coherent, and complete representation of information. Healthcare data integration
requires data retrieval, pre-processing and cleansing, alignment, fusion, and representation. Successful integration depends
on the harmonisation of data retrieval, pre-processing, integration pipelines, and quality assurance. Healthcare is complex
and governed by the constituents and the ecosystem governance by-laws and ethics. Therefore, data sources and services
span diverse sectors of society and industry.

332
VASCULAR & ENDOVASCULAR REVIEW

www.VERjournal.com


http://www.verjournal.com/

Designing Intelligent Healthcare Ecosystems through Adaptive Data Integration and Autonomous Learning Systems

Healthcare data originate from diverse stakeholders, including patients, health professionals and providers, public health,
care support, pharmaceutical, and insurance companies, and civil society. The breadth and diversity of stakeholders, and
the multitude of data types generated in different situations, can threaten data availability, quality, and user trust.
Continuous user trust and support are essential for high-quality data inputs, which, in turn, drive the quality of results,
including models, stakeholders’ decisions, and final outcomes. Data quality encompasses precision and accuracy,
completeness, consistency, latency, appropriateness, novelty, and privacy. Quality assurance is critical to monitor data
quality during sourcing, integration, and representation across time and space. The privacy impacts of data sourcing, quality
monitoring, and results are substantial and must be understood, monitored, and mitigated across all integration pipelines
and phases.

3.1. Data Sources and Interoperability

Intelligent healthcare ecosystems can be populated with data from multiple sources in the healthcare domain, such as
participating hospitals, lab services, wearable devices, and social media. These sources are often heterogeneous and
proprietary, and produce data that is distributed across various sites. Policies must therefore be enacted to allow data
generation and sharing between different partners. Interoperability of data is of paramount concern since all deployed
applications will be fed with data from heterogeneous sources. These sources might also change dynamically over time
due to network traffic, connection speed, and bandwidth, and therefore it is imperative to enable real-time data fusion in
healthcare.

The healthcare ecosystem should therefore support uniform data access across changes in the underlying operating
conditions. Applications typically specialise in specific clinical domains. A clinical domain represents knowledge at a finer
granularity than the overall ecosystem and it only needs access to the data generated by a subset of participating partners.
Consequently, the overall system must provide a representation that reflects these emerging system requirements.

Equation 2: Composite data quality score
Let:
e (= completeness
e K= consistency
e A= accuracy
e R=relevance
e  P=privacy compliance
o L=timeliness/latency quality
Each is normalized between 0 and 1.
Step 1: Weighted aggregation
Define a composite quality score:
Q=a,C+a,K+azA+ a,R+asP + agl

with

6
ZCKJ=1

j=1

Step 2: Final form
So the full equation is:

[Q = a;C + ;K + a3A + a,R + asP + agl]

Meaning
This turns the article’s qualitative data-governance discussion into a measurable equation.

Interpretation
e If completeness drops, Qdrops.
e If privacy compliance is poor, Qdrops.
e Iflatency is high, Lis low, and Qdrops.

3.2. Data Quality, Governance, and Privacy

High-quality data integrates seamlessly into clinical practice. Quality can be measured using established dimensions—
completeness, consistency, accuracy, credibility, and relevance—and assessed by utilizing formal checks, time-based
snapshots, and by aligning with accepted baselines. Data governance protocols define principles on which the management
of data resources is based—their quality, access, and evolution—amidst ever-changing regulatory and technological
landscapes, while satisfying the diverse needs of multiple stakeholders—citizens, healthcare providers, managers, payers,
and researchers. Data privacy is especially challenging during COVID-19, as real-time access/computational intelligence
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should be balanced with privacy. Innovative solutions that synchronize data processing and formal privacy requirements
are proving effective, particularly with federated procedures.

The detection of situational anomalies is crucial, as even statistically indistinguishable data may provide dissimilar insights.
Learning systems increasingly monitor their own reliability—detecting potentially misrepresentative data and
autonomously setting up alerts to data curators. Security and augmentation checks within complex datasets welcome
specialized data curation services and combinations of data records that lead to greater scale and failure resilience.
Healthcare developments, particularly in location and environment sensing, forensics, and ritualistic—Ilargely detection-
related—applications, place special emphasis on informal checks.

3.3. Real-Time Data Fusion and Representation High-quality clinical decisions require timely and accurate information,
derived through the integration and fusion of heterogeneous data sources. Semantic interoperability is essential for data-
level fusion; sensor data contribute to unobservable patient states while information systems naturally provide higher-level
observations. The handling of unobserved variables typically draws upon prior dynamics models. The emergent semantics
of effective out-of-distribution generalization is encoded in a representation tailored for model-free reinforcement learning.
Unlike the combination of academic education and clinical practice that defines human expertise, the orchestration of
model construction using pre-trained foundations, the continual coordination of clinical activity and online updating of the
learning result pursue learning in real time.

Construct Role in | Inputs _ / | Outputs / value
ecosystem dependencies | generated
Adaptive Unifies Heterogeneous | Trusted data
data fragmented | sources, representations
integration health data | interoperability | for decision
into a | standards, support and
clinically governance learning
usable view | rules, quality
controls
Autonomous | Learns Integrated Predictions,
learning patterns for | datasets, labels | recommendations,
systems diagnosis, or weak | alerts,  adaptive
prognosis, signals, clinical | models
and risk | objectives,
evaluation feedback loops
Decision Bridges Model Operational
support layer | model predictions, recommendations
outputs and | explanations, that can influence
clinical confidence care conduct
action estimates,
clinician
oversight
Governance | Aligns Policies, Trust,
/ stakeholders | ethics, coordination,
orchestration | and standards, compliance,
regulates funding, sustainable
ecosystem accountability | ecosystem scaling
behaviour mechanisms
Evaluation Determines | Technical Investment
framework whether the | metrics, justification,
ecosystem outcomes, improvement
creates economic and | priorities,
value social evidence | adoption
confidence

Table 1: Core constructs and relationships

AUTONOMOUS LEARNING SYSTEMS IN CLINICAL PRACTICE

Healthcare ecosystems are laden with repositories of knowledge acquired from clinical experience and research studies,
yet making suitable use of this knowledge remains elusive. The human capability for efficient diagnosis, prognosis, and
risk evaluation stems from being able to operate on the basis of a knee-jerk judgment that is constantly honed through
experiential learning. These capabilities cannot be expressed as explicit rules, for the evidences binding inputs and outputs
together stems from a myriad of intricate and inter-linked cause-and-effect relationships playing out across scales.
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Machine learning, a set of techniques directly inspired by the way humans learn, can assist healthcare practitioners in the
clinical practice of diagnosis, prognosis, and risk evaluation. There are different learning paradigms: supervised (class
labels are available for training data), self-supervised (class labels required only for a small fraction of training data), semi-
supervised (where only a fraction of the training data is labelled), and unsupervised (no class labels). Models can be
designed for diagnosis, for prognosis, or for risk evaluation. They usually operate either independently or in a nested
strategy whereby the output of one model serves as input to the next. Depending on the learning paradigm, there are
different possibilities for training the models. As their use in clinical practice becomes more frequent, interpretability or
explainable Al will assume ever-greater importance and an appropriate set of metrics will be required.

4.1. Learning Paradigms and Training Regimes

Learning tasks in intelligent healthcare ecosystems can be categorised into supervised, unsupervised, or reinforcement
learning paradigms. Learning with supervision implies that training data includes target parameters, e.g. past diagnoses or
prognosis indicators from clinical records or target values for sensors measuring physiological parameters (e.g. blood
glucose levels), for which patterns are learnt for predicting the target values in previously unseen data. As for reinforcement
learning, the system performs actions in the world and receives rewards for each action according to a reward function.
The learning task consists of discovering the optimal sequence of actions that maximises cumulative reward. In an
intelligent healthcare ecosystem, a patient’s recovery after a treatment (and eventually returning of the patient to the
healthcare system) can be perceived as a reward in a reinforcement learning task set for the ecosystem orchestrators.

Unsupervised or self-supervised learning adopts an indirect approach and requires no labelled data, relying on “clues” on
the targets hidden in the training data. Reinforcement learning can also be viewed as an indirect learning approach as it is
driven by a reward signal rather than the target outputs themselves. Unsupervised semantic segmentation or self-supervised
inpainting of images are popular learning tasks for computer vision, whereas their counterparts in audio data processing
are sound separation and source separation of speech. For example, large amounts of annotated cardiac images for
segmenting the heart chambers are rare and costly, but unannotated video sequences from echocardiography can be easily
collected. A self-supervised model can therefore learn to separate the various heart chambers upon leveraging all visual
clues (e.g. heart chamber sizes, locations, and appearance) associated with normal physiology.

Alin Healthcare ‘Adaptive Data Integration Intelligent Healthcare Ecosystem

B | I

Early Diagnosis A

-
* &

Tailored Therapy — | @ @ &

e vncie AP

Health Tracking —emmmm "l
5

Fig 2: Intelligent healthcare ecosystem and Al learning

4.2. Models for Diagnosis and Prognosis

Models for diagnosis and prognosis constitute the third group of clinical tasks in which autonomous learning systems are
deployed. Data acquisition and representation, the core functions of intelligent systems, are often associated with the
treatment of diseases rather than with their diagnosis and prognosis. A model capable of predicting the prolonged evolution
of health status and the effects of specific interventions should be central to the work of engineers interested in clinical
care. Supervised learning problems are either trained on labeled data or generated from implicit learning orders among the
data.

Intelligent systems for medical diagnosis aim to solve two types of model learning problem. The first consists of predicting
categorical target attributes (disease categories), and the second, of predicting the values of continuous attributes. For
instance, early pneumonia diagnosis may use an imbalanced dataset comprising only few cases of pneumonia, or morbid
obesity may be diagnosed with a model trained with a biased population of subjects.

4.3. Decision Support and Explainability

Independence and collaboration are not mutually exclusive; many modern Al systems embody both aspects. Autonomous
Learning Systems supporting healthcare decision-makers can benefit from an additional layer of oversight. Safety
constraints for self-driving cars, for instance, coarsely identify situations in which action is prohibited such as "don’t drive
offa cliff" or "don’t collide with another vehicle." They can also suggest acceptable choices, but leave a measure of freedom
in designing these choices. Such freedom enables the system to adjust its performance to accumulated experience, including
learning performance in rare situations that are hard to model.

When Autonomous Learning Systems are sufficiently strong, they offer probabilistic reasoning and expert advice in applied
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decision-making problems. Answering such requests in a trusted manner is a fundamental problem in Al Safety. For
instance, in the stack overflow problem the Al cannot fail straightforwardly, but the decision-maker can still be led to
inferred wrong conclusions. Therefore, if the answer to a clinical question is delivered, with associated confidence and
explanation, the requesting clinician must be able to follow the deductive reasoning and reach the same conclusions
accurately.

The health ecosystem should include explanations, supporting the Applying phase of the Clinical Reasoning Model, aiming
at transparent representations of the reasoning behind the answer being followed by the Al. Just as a radiological image
can be seen by the requesting clinician for interpretation, any support also must be made comprehendible and interpretable
by the responsible decision-maker. Decision support generated by an Autonomous Learning System can become
trustworthy if these principles are effectively adopted by software vendors and designers in the domain. Integrating
paradigms for explanation planning into the application of causal models in Standard Al is a promising path for achieving
acceptable and desirable performance.

Equation 3: Diagnostic prediction model
Let the integrated feature vector for one patient be:
X = [xq,%p, e X ] T

Suppose we want the probability of disease D = 1.
Step 1: Linear predictor
Form a linear score:

S =Po+ B1xy + Boxz + o+ BXm

or compactly:

S = Bo + BTX
Step 2: Convert score to probability
Use the logistic function:
PD=11X)=
( 1% 1+es
Step 3: Substitute for s
Then:
PD=11X)= !
1+ exp(=(Bo + B"X))
Meaning

This is the standard diagnosis equation for binary prediction.
o If BT Xis large positive, disease probability approaches 1.
If BT Xis very negative, probability approaches 0.

ECOSYSTEM ORCHESTRATION AND GOVERNANCE

The orchestration of intelligent healthcare ecosystems aims to unite critical contributing elements around a comprehensive
set of principles. These principles relate to the roles of different stakeholders, the standards and requirements that govern
interactions between them, and the processes for evaluating the ecosystem'’s delivery of value.

Effective orchestration involves bringing together the many parties, institutions, and organizations required to construct,
maintain, and benefit from a complex system, along with collaboration and governance mechanisms that help align their
incentives and interests. Intelligent healthcare ecosystems are built on a diverse set of cooperating stakeholders. The roles
of participants are neither simple nor static; they may change over time or depending on the particular phase of an
ecosystem, while multiple stakeholders may take on the same functional role. Progress depends on achieving a sufficient
degree of integration, coordination, and interoperability, and building collaborative relationships based on trust and mutual
benefit.

Stakeholders in an intelligent healthcare ecosystem include healthcare delivery organizations, health technology
assessment bodies (or evidence-generating organizations), health authorities, medical product companies, technology and
device manufacturers, information technology service providers, payers, the pharmaceutical industry, academic
institutions, NGOs, the public, individual citizens, and patients. A collaborative governance structure is crucial to initiating
the construction of an intelligent healthcare ecosystem and enabling real innovation. Operating principles, governance
models, and funding mechanisms must accommodate the diverse motivations of all participants. With shared objectives
and mutual trust, many could join forces to produce and analyze large amounts of real-time and real-world clinical evidence,
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reevaluating products and improving services.

Operating principles provide guidance for interactions and transactions between organizations within the ecosystem,
covering aspects such as compliance with ethical, legal, and regulatory standards, data privacy and protection, cost-
effectiveness analysis, and liability—especially for artificially intelligent technologies. Clear communication between the
ecosystem partners and regular monitoring of the ecosystem's operations can inspire confidence and foster compliance,
while independent auditing supports accountability.

Flow chart : Overall intelligent healthcare ecosystem flow
START

Identify healthcare problem / care-improvement goal

!
Identify stakeholders
(Patients, providers, payers, regulators, tech partners, researchers)
!
Define ecosystem objectives
(Quality, accessibility, cost reduction, continuous learning)

Establish governance + ethical framework
!
Build adaptive data integration layer
!
Collect heterogeneous data
(EHRs, labs, wearables, patient reports, social/public data)

!
Check interoperability
Preprocess + cleanse + align data

Fuse and represent data in usable clinical form
!
Run autonomous learning systems
(Diagnosis, prognosis, risk prediction, decision support)
!

Generate explainable recommendations

l

Clinician reviews + applies decision

Capture outcomes + feedback

l

Retrain / adapt models

Evaluate performance
(Technical + clinical + economic + social)

Scale incrementally across the ecosystem
!
END / CONTINUOUS LOOP

5.1. Stakeholder Roles and Collaboration

Effective operation of an intelligent healthcare ecosystem relies on the active participation of various stakeholders with
different goals and financial incentives. Four generic roles—patients, care providers, data service providers, and supporting
players—form a horizontal axis, while the vertical axis expresses increasing complexity and hierarchical organization. At
the lowest level, patients use wearable biomedical sensors to record health-relevant data. They can benefit from real-time,
context-aware diagnosis and prognosis services that help them prevent illness and disease exacerbations, providing
incentives for System A. Patients are in turn the source of clinical and experience data on the system’s performance, and
they may share their experience on social networks (S) to advertise the performance of the ecosystem’s different services.

Healthcare professionals—e.g., GPs, hospitals—form the next role. Their increased clinical expertise makes them an
attractive target for co-learning, knowledge-sharing, and Sl-innovations services. Supporting players can cover a wide
range of miscellaneous activities related to a particular healthcare challenge. For example, during a viral outbreak, 24x7
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geographical data on contagion propagation can become especially relevant, creating opportunities for geo-localized
preventive interventions (e.g., isolation, specific vaccines) or travel bans that need to be issue.

Community, regional, and national governance levels provide the necessary organizational, regulatory, and economic
framework. Economic and political authorities guarantee the economic and regulatory structure of the ecosystem, ensuring
that the incentives introduced at the lower level align with public health interests. Government agencies operate at the
regulatory level to guarantee data protection against unfair exploitation and breaches and to enforce those aspects of the
system that remain outside the scope of formal, legally binding contracts (e.g., data quality, reliability, ethical use, and
effects). At the national or international level, they also ensure the creation of common service standards and services that
can cover healthcare needs for which the ecosystem does not provide sufficient incentives (e.g., pandemic prevention).

5.2. Standards, Compliance, and Ethics

Addressing the ethical and legal requirements related to the processing and conferring of information is paramount in any
healthcare study. Information processing standards address privacy, confidentiality, and security in both data storage and
risk mitigation during information transmission. Privacy standards define the rights of individuals regarding their
personally identifiable and potentially harmful data. Health information regulation proposes solutions for controlling the
use and dissemination of confidential information through data transmission security during storage and connection (e.g.,
firewalls, Public Key Infrastructure), and authentication information (users and networks).

Compliance with standards, regulations, and laws is necessary for the ethical use of personally identifiable information
data. Each participating organization plays a role in ensuring overall compliance. Ensuring stakeholder confidence depends
on such compliance, especially in specific areas (e.g., home monitoring). Participation in (real or simulated) clinical trials
during algorithm development and validation is an additional step toward risk mitigation. Compliance with validity
standards further strengthens the system’s ethical underpinning. Validity at the analytic level addresses sub-sStages of
laboratory tests, diagnostic imaging procedures, surgical procedures, biosurveillance action, disaster preparedness action,
and any technical processes.

At the diagnostic level, the validity standard measures a single algorithm’s performance by determining the probability that
the outcome of a test of a single data-structure unit will agree with the actual condition in the population for which it was
designed (i.e., a true positive): specificity (the proportion of those with a negative test who do not have the condition
diagnosed) and sensitivity (the proportion of those with a positive test who have the condition diagnosed). A binary
assessment of algorithms of models for action detection measures the likelihood of true positive detection relative to false
positives.

Equation 4: Prognosis / time-to-event survival model
Let:

e T=time until an event (readmission, deterioration, death, remission)
e  X= patient covariates/features

Step 1: Baseline hazard
Assume a baseline risk over time:

ho(8)

Step 2: Adjust hazard using patient features
The patient-specific hazard becomes:

h(t 1 X) = ho(t)exp(B"X)

So the prognosis equation is:

|h(t | X) = ho()exp(B7X)]

Step 3: Derive survival function
By definition,

SitlIX)= exp(—fth(u | X) du)

Substitute h(u | X) = ho(w)eP X:
t
S(t1X)=exp <—eﬁTXJ. ho (W) du)
0

Let
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Ho(t) = f tho W) du

Then:

[S(¢ 1 %) = exp(=Ho(£)eF ™))

Meaning
e Higher-risk patients have larger 87X
e  That makes hazard larger

And survival probability drops faster

5.3. Security, Resilience, and Risk Management

The vast scale, technical complexity, diverse stakeholder participation, and confidentiality of sensitive personal data make
health ecosystems vulnerable to a wide range of threats, attacks, and failures. Therefore, achieving security and resilience
is a central requirement and an ongoing challenge throughout the implementation and operational lifecycle of the
ecosystem. Security issues must be addressed with high priority in the design and planning phases. Security breeches can
compromise patient safety and may also jeopardise the entire ecosystem’s credibility and functionality, even at local scale,
by reducing public trust. Adhering to recognised security best practices and industry standards is essential, but it is not
sufficient.

Achieving security and resilience demand a comprehensive and coherent programme of continuous risk assessment and
management, embraced as part of the operation of the ecosystem. Risk assessment serves to identify existing and potential
hazards, estimate their probability of occurrence, and evaluate their potential impact on the ecosystem. The outcome is a
set of security and resilience requirements that provide the framework for developing a risk management strategy, which
defines how to mitigate, monitor, manage, and respond to risks in an ongoing manner. The risk assessment and management
programme should concentrate on the most critical and vulnerable parts of the ecosystem, on known security weaknesses
and frequently exploited vulnerabilities, and on the most likely sources of threats and attacks. More generally, security and
resilience measures should be prioritised according to the fundamental principle that prevention is better than cure.

Illustrative
. . What is | indicators Why it
Dimension i
assessed mentioned or | matters
implied
Technical Feasibility Data quality, | Ensures
performance | and reliability, the
operational scalability, ecosystem
quality of the | throughput, works
ecosystem latency, safely and
security, at clinical
maintainability | speed
Clinical Effect on | Diagnosis Connects
impact patient support digital
outcomes and | quality, functions
care readmission, to real
pathways hospitalisation, | healthcare
endpoint benefit
changes,
treatment
effect
Economic Cost and | Resource Supports
value sustainability | efficiency, cost | long-term
consequences | reduction, viability
return on | and
integration adoption
investment decisions
Social / | Broader Privacy Prevents
ethical value | consequences | protection, technically
for  people | dignity, successful
and society fairness, trust, | systems
commitment, from
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governance becoming
legitimacy socially
harmful

Table 2: Evaluation dimensions derived from the article

EVALUATION FRAMEWORKS AND EVIDENCE

Robust evidence for the benefits of Intelligent Healthcare Ecosystems is essential to stimulate investment in their design
and implementation. An evaluation framework is proposed that encompasses technical performance, clinical impact, and
the economic and social implications of ecosystem adoption.

New and existing Digital Health Applications can augment the abilities of healthcare professionals in Diagnosis, Prognosis,
and Decision Support. Technical Performance and Clinical Impact Frameworks for these Applications can then be used to
show ecosystem-wide benefits for a portfolio of Applications through the Intelligent Healthcare Ecosystem Evaluation
Criteria.

Investments in standard-based integration of Digital Health Applications into Healthcare Ecosystems enable the ongoing
collection, management and analysis of ecosystem-wide data. This begets return on investment through continuously
enhanced quality of care, associated clinical outcomes, cost efficiency, and financial sustainability.

6.1. Technical Performance Metrics

In the context of Intelligent Healthcare Ecosystems, technical performance metrics address the feasibility and compliance
of the underlying technological components and interfaces. While specific requirements are highly context-dependent, the
following set of performance concerns is typically acknowledged:

* Quality and reliability: Data quality is assessed in terms of credibility and relevance for diagnosis, prediction, or treatment
recommendation tasks, with special emphasis on potential bias. The authors of the BEST Challenge explored the impact
of limited and noisy patient data on the performance of clinical prediction models. Moreover, systemic techniques have
been proposed to enhance robustness. From a clinical standpoint, these aspects translate into recognizing unacceptable
levels of implausibility in recommendations. Such issues are of utmost importance, and recent efforts have concentrated
on establishing trustworthy procedures that maximize model utility while safeguarding patients.

* Scalability and throughput: System scalability guarantees smooth operation as new actors are added to the ecosystem and
large volumes of patient data are made available. Ecosystem throughput determines the volume of patient data handled by
the system within a defined time window, supporting clinical recommendations and actions. Although scalability can be
implicitly evaluated by monitoring throughput, time complexity provides a deeper understanding of resource requirement
scaling as the input size increases, allowing pink-gold flagging of potential bottlenecks. Latency constraints must also be
satisfied, as clinical decisions are time-critical for patients and medical staff.

* Security and resistance to adversarial attacks: The exposure of health data during transfer, storage, and processing renders
Intelligent Healthcare Ecosystems a lucrative target for cybercriminals. Both malicious attacks and forced inferences from
released privacy-sensitive data can be harmful to patients. Security, security-aware data-sharing procedures, and adversarial
defenses must be built into the ecosystem to ensure patient trust and safety.

* Predictive maintainability: Ecosystem components and models can break down unexpectedly due to technology failure,
external stimuli, or internal changes. Predictive maintainability aims to detect misbehavior or malfunction in advance,
enabling corrective actions without service interruption.

3) & SCALABILITY METRICS (&) QUTCOMES METRICS

(D INTEGRATION METRICS SYSTEMS METRICS

()
J
®
|
o

3 ADAPTIVE DATA _(3) AUTONOMOUS LEARNING | _ (@) ECOSYSTEM RELIABILITY %) INTELLIGENT HEALTHCARE

.@ 'MODEL TRAINING TIME
e

J

Fig 3: Intelligent healthcare ecosystem performance metrics

6.2. Clinical Impact and Outcome Measurement

Clinical outcome measurement is of paramount importance to provide evidence of the impact of healthcare ecosystem
designs and, in particular, of the generated innovations and added functionalities. Outcome measures should be provided
not only for the training of adaptive data integration approaches or for individual autonomous learning systems, but indeed
to fulfil the main objective of the healthcare ecosystem: the improvement of clinical outcomes at the population level. A
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multitude of clinical outcome measures can be used: they can either capture specific changes in the patients’ health status
or focus on more general developments of the disease (e.g. remission, worsening, advanced death, etc.). Such measures,
called clinical endpoints, are usually defined a priori for clinical trials, whose main objective is the demonstration of a
treatment’s effect on these endpoints. However, in real-world evidence, many clinical outcome measures can directly
capture the effect of specific exposures or treatments. In the most general terms, any change in a clinical endpoint due to
an exposure constitutes evidence of a causal effect.

The assessment of the effect of an exposure or treatment on a set of clinical endpoints usually relies on complex patient
cohorts and multistate survival models that take into account the multivariate nature of clinical endpoints, the inherent
competing nature of clinical events and the need for time-to-event modelling. Such type of evidence is particularly
important for remote patient management, especially during the COVID-19 pandemic, when monitoring and educating
patients in their natural life environment can be achieved at better costs than traditional hospitalisation, while also
preventing readmission and rehospitalisation. In close relation to remote patient management, but more generally for any
healthcare innovation based on an autonomous learning system, it is fundamental to investigate the effect of expert-driven
alerts for clinical decision support on hospitalisation and readmission rates.

Equation 5: Reinforcement learning for treatment or care-path optimization
Let:

s,= patient state at time ¢t

a,= action/treatment at time ¢t

.= immediate reward (e.g., improvement in health status)

e y=discount factor, 0 <y <1

Step 1: Define cumulative return
The return from time tis:
Ge =1+ YT + ert+2 + e

[e0)
_ k
Gy = Z YV Tevk
k=0

or:

Step 2: Define action-value function
The expected return after taking action ain state sis:
Q(s,a) = E[G; | s; = s,a; = a

Step 3: Bellman optimality equation
The optimal action-value function satisfies:

Q*(s,a) = E [Tt + VHLE}XQ*(SHL a)ls;=sa; = a]

So the key RL equation is:

Q*(s,a) = E [Tt + VHLE}XQ*(SHL a)ls;=sa; = a]

Meaning
This formalizes the article’s statement that the system learns a sequence of actions that maximizes cumulative reward.
In healthcare:

e s, current patient condition

e q,: treatment/intervention choice

e 1;: clinical improvement, reduced readmission, fewer complications

6.3. Economic and Social Implications

There is compelling evidence that ecosystem orchestrators and other decision-makers need to examine the long-term
economic and social implications of intelligent healthcare ecosystems. Powerful new surveillance and monitoring
techniques allow states and other actors to collect data and information on the activities of individuals and peripheral
communities. Strategies combining advanced artificial intelligence with an interlinked web of sensors, cameras, audio
devices, and biometric recognition should enable agencies to predict and detect unwanted behaviours and activities. Such
developments are raising important ethical questions about their long-term social effects, such as human dignity and
freedom, considered a precondition of a humane society.

Some scholars argue that intelligent healthcare ecosystems require the development of strong patient commitment. The
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social nature of patients makes it possible for clinicians to influence patients to follow recommended modes of behaviour.
It is essential that patients not only agree with these recommendations, but sincerely commit themselves to implement
them. This goes beyond just exercising free will. It implies a kind of contraction that, while embracing the cost and effort
of doing what is recommended, also reflects shared beliefs, values and duties to achieve a common purpose.

IMPLEMENTATION STRATEGIES AND CASE STUDIES

Healthcare Ecosystem Integration and Scale-Up

Healthcare ecosystems comprise a disparate set of systems, processes, and actors, each with dedicated objectives,
responsibilities, and ways of working. These differences often create barriers to interaction, communication, and
cooperation. Indeed, the transition from a set of isolated systems to a secure, trusted, integrated, actively supervised, and
actively managed communication model is a slow process, one that typically proceeds through incremental and parallel
steps. As the ecosystem organizations share experiences, evaluate successes and failures, and gradually increase their scope
of integration and mutual dependence, the ecosystem becomes smarter and more efficient and effectively addresses the
paradox of poor patient-centred health outcomes and rising costs.

The broad adaptive data integration and autonomous learning system framework described previously has been used to
identify the critical components for making ecosystems smarter and focus subsequent discussions. Components are now
being showcased using concrete use-case implementations from various healthcare ecosystems. Use cases come from the
overseas Literature Review of Healthcare Ecosystem Advisory Group (HEAG), which aims to advance the integration and
collective smarts of the three healthcare ecosystems being established in Singapore in the joint committee on intelligence
healthcare integration report with the Ministry of Health (MOH). Incremental increases in scale, effectiveness, and quality
through collective shared learning are a common theme in the presented Use Cases.

Flow chart : Research design flow from the paper
START

Define broad concept of Intelligent Healthcare Ecosystem

l
Review state of the art

!
Analyze 7 pillars

I— Definitions and scope

|— Architectural drivers
|— Adaptive data integration

Autonomous learning systems
|— Ecosystem orchestration and governance
|— Evaluation and evidence
L— Implementation and case illustration

Synthesize architectural framework

Identify enabling elements
(Data, algorithms, actors, standards, security, risk)

Describe real-time / time-dependent / timeless functions

!

Outline incremental integration path

!

Propose ecosystem-of-systems vision

!
END

7.1. Incremental Integration Paths

Integrating adaptive data integration and autonomous learning systems into healthcare ecosystems holds considerable
potential yet presents substantial difficulties, raising the prospect of incremental, step-wise integration. Whenever possible,
local, technical capabilities should be demonstrated quickly, allowing the resulting success to motivate adjacent ecosystems
across the agencies responsible for them and to share evidence of benefits and costs.

Consider the integration of a new form of knowledge-based, autonomous learning system into conventional clinical
practice. Recent history offers multiple precedents that indicate how external, unregulated, and often self-interested sources
of support will embrace the learning systems’ early deployment. For example, Als trained to generate textual descriptions
gain a considerable user base, registered and unregistered, seeking novel content or rephrasing tools. When affording these
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systems a “learning” mode, residuals and supplementary signals corresponding to human preferences can enhance future
versions. The very offering of learning modes in many products provides further incentive for engineers, companies, and
universities to engage with these tools. Such dynamics can also be expected for Als designed for diagnosis support or more
nuanced applications in healthcare and disease management. The evaluation of a new class of autonomous learning systems
might thus succeed in angling for accelerated experimental environments within uncontrolled and innovative ecosystems
separate from in vivo Action Learning Trains that require the verdict of Group Agents.

Conversely, experimental ecosystems might develop techniques based on the integration of state, environmental, and
sensory data that prevail in or around real-world hospitals, clinical centers, or care communities but represent real examples
of strategic-environmental prediction served by random other-control forest methods. Success in combining these
techniques into standalone applications will yield increasingly important knowledge in its own right, and the creation of
beyond-edge applications would also accelerate the learning of learning flows based on these architectural computations
of data.

7.2. Scale-Up and Sustainability

Issues affecting the success and sustainability of intelligent healthcare ecosystems are examined through a series of diverse
case studies, encompassing new deployments and incremental adaptions of the existing infrastructure to implement
autonomous learning subsystems. Further improvements to assist the long-term healthy evolution of the ecosystem and its
wealth-creating latent potential are explored. The roadmap of orchestration and governance mechanisms is a foundation
for a flexible but pragmatic multiple-level integration strategy of subsystems.

The development of an intelligent healthcare ecosystem represents a major challenge for established healthcare systems.
Deployments in practical settings should, therefore, be cautious, since direct replacement is often impossible or unwise. A
survey of healthcare professionals indicates that the COVID-19 pandemic has changed priorities, highlighting a pressing
need for resilience, real-time evidence-based decision support, and efficient resource usage. Incrementally adapting
existing systems to encompass the ingredients for an intelligent ecosystem provides an alternative roadmap that requires
less effort and investment, and may thus enable faster scale-up and a longer period of evidence gathering before adoption
of the full ecosystem.

: Adaptive Data
a‘—-—' Integration A

dlo e

*— Patent Care 0

Fig 4: Futue of intelligent healthcare ecosystems

7.3. Case Studies from Healthcare Ecosystems

The designs and configurations of intelligent healthcare ecosystems are currently in the early stages. Case studies of
existing healthcare ecosystems that feature advanced digital technologies, such as adaptive data integration and intelligent
learning systems can thus help to clarify the foundations of intelligent healthcare ecosystems and guide their successful
evolution.

Evidence from three healthcare ecosystems of varying scale and complexity and geographic location supports the proposed
principles, features, and design considerations for intelligent healthcare ecosystems that incorporate autonomous learning
systems and adaptive data-integration capacities. First, the Health and Environmental Resource Center provides timely
analysis and interpretations of complex environmental data related to the COVID-19 pandemic. The centre’s reporting is
sustained through collaboration with a network of experts, and the environment data from multiple sources are queried,
preprocessed, integrated, correlated, and interpreted in ???

CONCLUSION

Well-designed Healthcare-Ecosystem-Intelligence foundations hold the promise of substantially improved Quality-of-Care
via more integrated and digitally supported Healthcare-Supply-Networks. However, such results are not guaranteed at this
stage of Technology-Maturity, especially in the face of challenges germane to Security, Resilience, or Resource Efficiency.
Consequently, new Healthcare-Initiatives should be aware of these Opportunities AND Risks, and furthermore, seek a
Principles-Based Evaluation-Framework capable of detecting both aspects during Implementation, ideally leading to
reproducible Profitable-Clinical-Impact.
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In contrast, Autonomous-Clinical-Decisions are unlikely to be embraced within Conventional-Healthcare-Systems even if
Major-Industrial-Accidents may suddenly call for it. A more plausible Scenario may be the use of Adaptive-Learning-
Systems in Clinical-Decision-Support or Digital-Twins for Surgery-Planning. Adaptive-Data-Fusion-Representation
across Clinical-Phases, combined with advancing Transparency, can meanwhile facilitate Process-Monitoring as well as
Abnormality-Detection for Quality-Control. Thus, Intelligent-Healthcare-Ecosystem-Foundations are likely to help fulfil
the key Promise of the Fourth-Industrial-Revolution: making Business-Models and Service-Offerings Profitable beyond
current Integration-Capacities or Digital-Support.

. Primary Key concepts / | Derived
Section :
focus functions take-away
1. Defines scope | System-of- The paper
Introduction | and systems frames
architectural thinking; intelligent
ambition continuous healthcare as
learning; real- | an ecosystem
world evidence; | problem
incremental rather than a
deployment standalone Al
problem.
2. Establishes Stakeholder A viable
Foundations | SMART orientation; ecosystem
principles and | multilayer must combine
ecosystem distribution; technical
definition adaptation; capability
real-time with
operation; organisational

trustworthiness | and  ethical
coordination.
3. Adaptive | Explains how | Data retrieval, | Data

Data heterogeneous | cleansing, integration is

Integration healthcare alignment, treated as the
data become | fusion, enabling
usable representation, | substrate for

interoperability, | all
privacy, quality | downstream

assurance intelligence.
4, Explains Supervised, Learning
Autonomous | learning self-supervised, | systems must
Learning modes  and | unsupervised, remain
Systems clinical use reinforcement clinically
learning; interpretable
diagnosis; and
prognosis; embedded in
explainability human
oversight.

Table 3: Section-wise synthesis of the article

8.1. Emerging Trends

The omnipresence of data in healthcare poses problems of data overload and integration. Emergence of Advanced Digital
Ecosystems, adaptive autonomous-data-ecosystems, has been envisaged as a possible answer to these problems. Intelligent
Healthcare Ecosystems (IHEs) composed of Adaptive Data Integration (ADI) and Autonomous Learning Systems (ALS)
are generating much interest. ADA enables processing of heterogeneous dynamic health data sources in real time and at
scale. ALS provides for autonomous scale of data processing, i.e. processing without explicit human supervision in the
learning stages and adaptive scale, i.e. adaptation to new situations without stringent requirements of human intervention.
In this context, a systematic analysis of IHESs is warranted as past research contribution is limited in scope.

Evidence related to intelligent-adaptive-data-based-health-care-ecosystems continues to be scattered across disciplines and
sources hampering a cohesive understanding. Therefore, a synthesized exploration of the IHE theme is worth undertaking.
The analysis is motivated by four objectives: a) defining concepts, adoption cycle and architectural principles of this class
of intelligent digital ecosystems; b) formulating frameworks for support of adaptive integrative data processing of health
data in real time and at scale; c) establishing foundations for clinical process support and autonomy through Lerning
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Systems, and d) developing a high-level scaffold detailing orchestration and governance of ecosystems. The overall picture
points towards performance evaluation frameworks covering technical, clinical, economic, and social dimensions along
with implementation strategies and case-study evidence.
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