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Abstract

Autonomous multimodal artificial intelligence (Al) digital twins represent
an emerging approach to personalized healthcare by creating patient
specific, continuously evolving virtual models that integrate heterogeneous
clinical data to support intellicent medical decision-making. This paper
proposes an autonomous multimodal Al digital twin framework that
combines electronic health records, medical imaging, laboratory
investigations, genomic information, wearable sensor data, and
environmental context into a unified patient representation for adaptive
clinical decision support. Built upon interoperable healthcare standards,
including HL7 FHIR, SNOMED CT, and LOINC, the framework enables
secure semantic interoperability, standardized data exchange, and
automated clinical reasoning across heterogeneous healthcare systems 1,2,3.
The proposed architecture integrates multimodal data fusion with hybrid
clinical reasoning by combining machine learning, rule-based reasoning,
mechanistic models, and predictive treatment simulation to forecast disease
progression, evaluate alternative therapeutic strategies, and generate
personalized treatment recommendations 3,4. Continuous synchronization
between the physical patient and the digital twin enables dynamic patient
state updates, allowing recommendations to evolve as new clinical
information becomes available. Furthermore, clinician oversight is
incorporated throughout the decision-making process to promote
transparency, explainability, accountability, and safe clinical adoption. The
framework supports applications across multiple healthcare domains,
including  cardiovascular ~medicine, endocrinology, oncology, and
rehabilitation, while facilitating in silico evaluation of therapeutic
interventions before clinical implementation 5,6,7. Despite its potential,
widespread deployment remains challenged by data heterogeneity, privacy
preservation, cybersecurity, computational complexity, model validation,
clinician trust, and regulatory compliance 8,9,10,11,12. By integrating
multimodal intellicence, hybrid clinical reasoning, predictive treatment
simulation, and human-centered governance within a unified architecture,
the proposed framework provides a comprehensive foundation for next
generation precision healthcare and intelligent clinical decision support.
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Figure 1 Graphical abstract summarizing the proposed autonomous multimodal Al digital twin framework
for personalized healthcare, illustrating data integration, clinical reasoning, predictive treatment simulation,
and continuous learning

Overview

An autonomous multimodal Al digital twin with
clinical reasoning and predictive
simulation is a digital replica of a patient that
continuously integrates diverse data streams to
support individualized healthcare decisions. Digital
twins in healthcare are described as more than just
simulations; they are evolving, real-time models
that adapt based on incoming data from electronic
health records (EHRs), wearable devices, imaging,
and genetic profiles, enabling improved diagnostics,
treatment planning, and hospital operations .
The overarching objective is to move beyond
generic, population level protocols toward precise,
contextualized care tailored to each patient, while
recognizing the substantial challenges in data

treatment

integration, model validation, and ethical
considerations for complex patient profiles °.
Core concepts underpinning such systems

emphasize interoperability, semantic clarity, and
rigorous governance. Semantics and ontologies
play a crucial role in enabling machines to reason
about clinical concepts; for example, ontologies
formalize logical relationships between diseases,
findings, and interventions, allowing a reasoning
engine to infer connections without explicit
programming '. Across data sources, standardized
terminologies and harmonization, such as FHIR,
SNOMED CT, and LOINC, provide the clean,

structured foundation that modern Al demands,

ensuring that results comparable and
meaningful across institutions . The distinction
between terminology and ontology is central:
terminology labels concepts, while an ontology
encodes the relations among them, which is
essential for automated inference '.

In practice, the design of digital twins draws on
multiple essential components. Some frameworks
propose five core components, patient, data
connection, patient in silico, interface, and twin
synchronization—to enable end-to-end operation
and alignment between the real patient and the
model * Related work emphasizes
multimodal dashboards that integrate various raw
health records at the point of care to support
perception and documentation, while enabling
virtual patient modeling for individualized insights
' In this landscape, digital twins are envisioned as
patient specific simulations that can continuously
update as new data arrive, thereby guiding clinical
decisions with contextually rich predictions .
Despite the promise, the field faces notable
obstacles to adoption. Key challenges include the
integration of heterogeneous data sources with
varying standards, ensuring patient privacy and
data security, and the substantial computational
resources and advanced algorithms required for
accurate, realtime simulations 8. Moreover, model

are

virtual

validation and ongoing updating are critical to
maintaining reliability in clinical environments,
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and substantial investments in technology,
infrastructure, and clinician training are needed to
realize widespread use ®. Proponents argue that
achieving reliable digital twins will require strong
digital infrastructure, comprehensive scientific
validation, seamless interoperability, and robust
ethical frameworks to protect privacy and sustain
confidence in automated clinical reasoning ’.
Novelty Statement

Unlike many existing healthcare digital twin
frameworks that emphasize patient
modeling, data integration, or isolated predictive
analytics, the proposed autonomous multimodal
Al digital twin framework presents a unified, end-
to-end architecture that integrates heterogeneous
healthcare data, hybrid clinical reasoning,
predictive  treatment simulation, continuous
patient state synchronization, and human-in-the-
loop decision support within a single interoperable
ecosystem. Rather than treating these capabilities
as independent components, the proposed
framework establishes a cohesive workflow in
which multimodal data are continuously acquired,
standardized, semantically harmonized, interpreted
through complementary reasoning mechanisms,
and  translated into  clinically  actionable
recommendations that alongside  the
patient's health status.

A key innovation of the proposed framework is the

primarily

evolve

integration of multiple artificial intelligence
paradigms to support comprehensive clinical
decision-making. The architecture combines

machine learning, knowledge-driven reasoning,
ontology-based semantic inference, case-based
probabilistic reasoning, and large
language model-assisted clinical interpretation to
improve diagnostic accuracy, explainability, and
treatment personalization. This hybrid reasoning
strategy enables the framework to leverage both
data-driven insights and established clinical
knowledge, addressing limitations associated with
relying exclusively on statistical learning or rule-
based systems.

The proposed framework further distinguishes
itself through its emphasis on predictive treatment
simulation. Instead of providing static diagnostic
outputs, the digital twin continuously evaluates

reasoning,

multiple therapeutic scenarios using patient-specific

physiological,  clinical, imaging,
laboratory, and wearable sensor data. This
capability enables clinicians to explore potential
intervention strategies in a virtual environment
before realworld implementation, supporting
proactive, evidence-iinformed, and personalized
treatment planning while reducing uncertainty
associated with complex clinical decisions.

Another distinguishing characteristic is the
incorporation of continuous patient state updating
through dynamic synchronization between the
physical patient and the digital twin. As new

genomic,

clinical observations become available, the
framework  automatically  refines  patient
representations, updates  predictive  models,

recalculates risk estimates, and adapts treatment
recommendations in near real time. This adaptive
learning capability allows the digital twin to reflect
the evolving physiological condition of each
individual rather than relying on static snapshots
of patient information.

Recognizing that trustworthy artificial intelligence
requires transparent and clinical
accountability, the proposed framework embeds
human oversight throughout the decision-making
process.  Clinicians remain responsible for
validating Al-generated recommendations,
reviewing predictive simulations, and incorporating
contextual clinical judgment before treatment
decisions are implemented. By combining
autonomous computational intelligence with
clinician expertise, the framework promotes
explainable, ethical, and accountable Al-assisted
healthcare while preserving clinician authority in
high-stakes medical environments.

Collectively, these contributions position the
proposed autonomous multimodal Al digital twin
as a comprehensive framework for next-generation
personalized healthcare. By unifying multimodal
data integration, interoperable health information
standards, hybrid clinical reasoning, predictive
treatment simulation, continuous learning, and
clinician-guided governance within a single scalable
architecture, the proposed approach extends
beyond existing digital twin implementations and
provides a foundation for intelligent, adaptive, and
patient-centric  healthcare capable of

governance

systems

4539


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 3, 2026

supporting precision medicine across diverse
clinical domains.

Background

Digital twin technology has emerged as a

transformative concept across industries and is
increasingly being explored in healthcare to create
virtual replicas of patients for data analysis,
simulation, and realtime monitoring ° In
medicine, digital patient twins aim to capture
individual genetic, biochemical, physiological, and

behavioral characteristics to predict health
outcomes, personalize treatment, and support
preventive care decisions .  Proponents

emphasize that digital twins can shift care from
reactive to preventive, reduce hospital workload
through improved patient flow and resource
planning, and enable rapid testing of personalized
interventions in silico before applying them
clinically %%,

Recent work in healthcarefocused digital twins
highlights multimodal data integration as a key

capability. Multimodal Al methods combine
diverse data types, such as clinical notes, imaging,
genomics, electronic medical records, and wearable
signals—to diagnosis, prognosis, and
treatment planning, thereby supporting more
holistic and precise patient care . The integration
of multimodal data introduces challenges related to
data heterogeneity, interoperability, and the need
for scalable, interpretable models that can operate
within healthcare workflows while maintaining
B In this

trust are

improve

privacy and regulatory compliance
context, explainability and clinical
recognized as essential components; clinicians
require insight into how predictions are generated
and how uncertainties are quantified to justify
decision-making in high-stakes settings '°. A
comparative overview of existing digital twin
approaches and the proposed framework is
presented in Figure 2, highlighting current research
gaps and key innovations.

e Existing Existing Existing Proposed Autonomous
Feature / Capabil < i :
Framework A Framework C Multimodal Al Digital Twin
g Multimodal Data v X v
Integration (Partial) (Moderate) (Limited) (Comprehensive}
Al-powered
Reasoning (ML only) (ML + Rules) (ML only) (Hybrid: ML + Rules + Ontology)
Predictive x v
S Treatment Simulation (Limited) (Scenario based) (Advanced, Personalized)
| O continuous % v X
)  Real-time Update (Periodic) (Real-time & Continuous)
Genomic & Multi-omics
§ Support X (Limited) x (Integrated)
g Crlomybased X X v
EE] cirieat Reasoning (Basic) (SNOMED CT + Knowledge Graphs)
Human-in-the-Loop
& Oversight v v X (Structured & Explainable)
Privacy-Preserving X X
Leaming (Basic) (Federated + Differential Privacy)
_A Explainability X v
ol & Uncertainty Handiing (Partial) (Basic) (Full with Confidence Scores)
[5],  Clinical Workflow X
EEE Integration (Limited) (Limited) | (FHIR/HL? based, Scalable)
@  FPersonalized Precision v v v
@R Medicine (Narrow) (Moderate) (Moderate) (Truly Individualized)
@ > Comprehensive
L ? Overall Capability | Basic Moderate Moderate o

Key Advantage:

The proposed Autonomous Multimodal Al Digital Twin integrates comprehensive multimodal data, hybrid clinical
reasoning, and predictive treatment simulation with strong privacy. explainability and human oversight —
addressing the limitations of existing systems to enable truly personalized healthcare.

Figure 2 Comparison of conventional healthcare digital twin frameworks with the proposed autonomous
multimodal Al digital twin architecture.

Main Contributions

The increasing complexity of modern healthcare
systems, combined with the rapid growth of
heterogeneous  biomedical data, necessitates

intelligent frameworks capable of transforming
diverse  clinical information into accurate,
personalized, and actionable medical knowledge.
While recent advances in digital twin technology
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have demonstrated significant potential for patient
modeling, many existing solutions remain limited
to specific data modalities, disease domains, or
isolated  artificial  intelligence  techniques.
Furthermore, current approaches often lack
seamless interoperability, comprehensive clinical
reasoning, dynamic patient state synchronization,
and robust mechanisms for clinician oversight. To
address these limitations, this paper proposes an
autonomous multimodal Al digital twin framework
that integrates advanced artificial intelligence,
standardized healthcare interoperability, and
predictive treatment simulation into a unified
architecture for personalized healthcare.

The principal contributions of this research are
summarized as follows:

Development of a comprehensive autonomous
multimodal AI digital twin architecture. This
research presents a unified digital twin framework
capable of continuously representing an
individual's health status through the integration of
heterogeneous healthcare information, including
electronic health records, medical imaging,
laboratory investigations, genomic information,
physiological ~measurements, wearable = sensor
streams, environmental factors, and patient-
generated health data. Unlike conventional digital
twins that frequently focus on isolated clinical
applications, the proposed architecture provides an
interoperable and scalable foundation for
comprehensive patient modeling across multiple
healthcare domains.

Integration of hybrid clinical reasoning for

intelligent decision support. The proposed
framework combines multiple complementary
reasoning paradigms, including machine learning,
ontology-based semantic reasoning, rule-based
inference, probabilistic reasoning, case-based
reasoning, and large language model-assisted

interpretation. This hybrid approach enables the
system to exploit both explicit medical knowledge
and data-driven learning, improving diagnostic
reliability, explainability, and clinical decision
support while reducing dependence on any single
reasoning methodology.

Introduction of predictive treatment simulation
using personalized digital twins. A significant
contribution of this work is the incorporation of

predictive treatment simulation, enabling multiple
therapeutic interventions to be evaluated within a
patientspecific  virtual before
implementation in clinical practice. By forecasting
disease progression, treatment responses, and
potential adverse outcomes under alternative
intervention strategies, the proposed framework
supports evidence-based, personalized treatment
planning and proactive clinical decision-making.
Continuous patient state synchronization and
adaptive learning. The proposed framework
maintains a continuously evolving representation
of each patient through real-time synchronization
between the physical patient and the digital twin.
Incoming clinical observations dynamically update
patient states, refine predictive models, and modify
treatment recommendations, allowing the digital
twin to adapt throughout the patient's healthcare
journey. This continuous learning capability
enhances longterm prediction accuracy while
reflecting the dynamic nature of human health.
Emphasis on interoperability through standardized
healthcare technologies. The framework adopts
internationally recognized healthcare standards,
including HL7 FHIR, SNOMED CT, LOINC,
DICOM, and other semantic interoperability
mechanisms, enabling secure and standardized
communication across heterogeneous healthcare
information systems. This standards-based design
facilitates integration with existing hospital
infrastructures while improving data consistency,
traceability, and scalability.

Incorporation of human-intheloop clinical
governance. Recognizing the importance of
accountability and patient safety, the proposed
framework embeds clinician oversight throughout
the Al-assisted decision-making process. Healthcare
professionals remain responsible for validating Al-
generated recommendations, reviewing predictive
simulations, and incorporating contextual clinical
expertise ~ before  treatment decisions are
implemented.  This  collaborative  approach
promotes explainable, trustworthy, and ethically
responsible deployment of artificial intelligence
within clinical environments.

environment

Consideration of privacy, security, ethical
governance, and regulatory compliance. Beyond
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technical innovation, this work incorporates
comprehensive  discussions on data privacy,
cybersecurity, explainability, transparency,
governance, and regulatory  considerations
associated ~ with  autonomous  digital twin
technologies. These aspects are treated as

fundamental architectural components rather than
secondary implementation concerns, supporting
responsible adoption of Al-enabled healthcare
systems.

Provision of a conceptual foundation for next-
generation precision healthcare. By integrating
multimodal data fusion, hybrid clinical reasoning,
predictive  simulation,  continuous  patient
synchronization, interoperability standards, and
clinician-guided governance into a single cohesive
framework, this research establishes a conceptual
architecture  capable of supporting future
intelligent healthcare ecosystems. The proposed
framework provides a foundation for the
development of adaptive, explainable, and scalable
digital twin systems that can facilitate precision
medicine, clinical decision support, personalized
treatment planning, and continuous patient
monitoring across diverse healthcare settings.
Collectively, these contributions extend existing
digital twin research beyond isolated predictive

models by presenting a comprehensive and
interoperable  framework that unifies data
integration, intelligent reasoning, predictive
simulation, adaptive learning, and clinician

oversight within a single autonomous architecture.
The proposed approach therefore contributes
toward the realization of trustworthy, explainable,
and patient-centric artificial intelligence capable of
supporting next-generation personalized healthcare.
System Architecture

An autonomous multimodal Al digital twin for
personalized healthcare integrates a bidirectional,
data-driven model of the patient with realtime
sensing, interoperable clinical data streams, and
decision-support capabilities. The architecture
emphasizes harmonized data exchange, modular
components, and secure, scalable computation to
support clinical reasoning and predictive treatment
simulations. Interoperability and standards play a
central role in enabling seamless data sharing

across care settings and systems '

Data stack and interoperability

The system relies on a federated, APl-based data
fabric that exposes standardized interfaces such as
FHIR RESTful APIs, enabling direct access to
patient data across EHRs, LIS, PACS, and other
clinical applications '". This approach supports
seamless data exchange and continuity of care,
allowing synoptic and computational reports to
flow between multiple institutions while preserving
local control through federated hubs '". The
architecture may also integrate additional API
paradigms such as GraphQL for selective data
retrieval and SMART on FHIR for app-level
interoperability, = enhancing  flexibility = and
scalability 7.

Digital twin core and reasoning engine

At the heart of the platform is a digital twin that
maintains a high-fidelity, bidirectional
representation of the patient, continuously
synchronized with the physical state via multimodal
inputs. Time-sensitive networking (TSN) protocols
can provide deterministic, low-latency data
transport from sensors and devices to the twin,
ensuring timely updates for accurate reasoning and
simulation . The twin executes clinical reasoning
using a combination of Al/ML-based inference,
data-driven rule systems, and mechanistic models
to generate predictions about disease progression
and treatment responses, while allowing clinicians
to review and supervise the reasoning process °.
Multimodal data integration

The architecture ingests heterogeneous data types,
including structured laboratory results, imaging

metadata, physiological ~ waveforms, and
environmental or behavioral signals. This
multimodal integration supports more robust

classification, risk stratification, and personalized
treatment simulations. The design acknowledges
the complexity of translating raw clinical data into
reliable diagnoses and therapeutic plans, requiring
comprehensive input coverage to capture key
disease-related patterns . Data representations are
computer-processable, enabling automated
validation and integration across systems while
supporting extensibility as new data types emerge
3,18

Simulation, prediction, and treatment planning
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The digital twin supports predictive simulations of
interventions, including drug therapies and
rehabilitation strategies, by leveraging Al-based
data acquisition, processing, and machine learning
to  approximate  clinical  decision-making.
Simulation outputs inform personalized treatment
plans and assist in anticipating outcomes under
different scenarios. The architecture emphasizes
validation,  explainability, and deterministic
behavior to ensure clinicians can trust and audit
the recommendations, with consistent results given
the same input conditions *'*

Privacy, security, and governance

Given the sensitivity of medical data, the system
implements robust privacy-preserving practices,
including encryption, anonymization, and clear
user disclosures about data collection and usage
within the digital twin ecosystem. Data privacy
remains a fundamental pillar, particularly for
wireless sensor networks and cross-institution data
sharing, to safeguard patient confidentiality and
maintain trust *>°. Governance practices address
data heterogeneity, access controls, and regulatory
compliance while enabling secure interoperability
across partners and care settings °.

MULTIMODAL DATA SOURCES

DATA INTEGRATION LAYER

Implementation notes and considerations
Implementing the architecture requires balancing
the realities of legacy clinical systems with the
benefits of modern interoperability. While FHIR
provides a flexible target for data exchange, many
hospitals rely on mission-critical applications that
cannot be replaced wholesale; advanced integration
tools and robust security functions can simplify
FHIR connections without disrupting existing
workflows. Providers such as Inter-Systems
demonstrate how to connect to FHIR without full
system upgrades, illustrating practical pathways to
achieve interoperability in real-world environments
. The design also emphasizes the necessity of
bidirectional communication and realtime data
processing, ensuring the digital twin remains an
accurate, up-to-date surrogate for the patient state
to support timely and appropriate clinical decisions
3. The overall architecture of the proposed
autonomous multimodal Al digital twin is
illustrated in Figure 3, highlighting the interaction
between multimodal data acquisition, clinical
reasoning, predictive simulation, and continuous
patient state updates.

MULTIMODAL Al ENGINE DIGITAL TWIN CORE

-
Wearables st | CHN
b = - Data Acquisition
g (ECG, $pO;, Activity) ey ™ @ (Imaging Analysis)
Imaging . ¥
.@ {MRI, CT, Xeray) ] Data Freprocescing EJ E@[T::f ;'u.p
& Quality Control By
Genomics | 4 > Graph Neural Netwrk | '
(Sequence, Variants) Standardization {Relationship Modefing) | i
(FHIR, HL7, DICOM)
H Laboratory Tests ) ¥ A 03 LM
I ] {Bloed, Biomarkers) Semantic Mapping | {L_‘ (Clinical Reasoning Dynamic Patient Model
{SNOMED CT, LOINC) | & Explanation) {Physiological, Pathelogical
EHR & Clinical Notes ¥ & Behavioural)
hics. Hi > [ T Machine Learning Models
(Demagraphics, History) Feature En;_uneenng /*-/ {Prediction) ~
& Fusion
- Environment & Lifestyle R/
RS . . .
;’ {Diet, Sleep, Activity) = {o} Clinical Reasoning Engine Continuous Update
. €} (Rule + Ontology Based) | & Learning
| g
PREDICTIVE TREATMENT SIMULATION CLINICIAN INTERFACE & DECISION SUPPORT CLINICAL ACTION
What-if Scenarios, Outcome Prediction, —3» Recommendations, Explanations, —%  Personalized Treatment,
Risk Stratification Visualization Manitoring & Follow-up

Figure 3 Overall architecture of the proposed autonomous multimodal Al digital twin framework for
personalized healthcare.
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Patient State and State Updating
Digital twins (DTs) represent a patient’s health as a
dynamic state that evolves over time and in
response to interventions. A DT can be modeled as
a multilayer graph where nodes encode clinical
variables and edges capture dependencies among
factors such as comorbidities and functional links.
At each time step 1, the patient feature matrix H()
is updated through learned transformations that
integrate the adjacency structure A, the degree
matrix D, and trainable weights W(l), with a
nonlinear activation function O applied to yield
the nextlayer features H(I+1)’.
The graph-based update can be represented as:
M+HD)= (M= 7) N
= /7)) ~() ")
This formalism  enables complex pattern
clinical, genomic, and
to forecast nearterm health
trajectories and simulate responses to therapies °.
Different mathematical frameworks are used to
update patient states in DTs. A common approach
employs differential equations to describe the rate
of change of health status over time, capturing how
health interacts with
influences E, treatments T, biological markers B,
comorbidities C, sociodemographic factors S, and
genetic predisposition G.
A simplified linear version can be written as:
()Y = + 11+ 22+ ..
+ + )
where coefficients represent the impact of clinical
variables X on the health trajectory and the effect
of interventions °.

recognition
behavioral data

aACross

baseline environmental

This differential-equation formulation supports
forecasting and reflects the
gradual evolution of health under multifactorial

influences °.

continuous-time

For chronic diseases, discrete-state representations
such as Markov models are frequently employed. A
Markov transition model can be expressed as:

1 = X
where Py  represents the probability distribution
over health states (e.g., healthy, pre-disease, disease)
at time t, and T represents the transition
probability matrix that encodes the likelihood of
progression between states.
Such models are valuable for conditions where
disease evolution follows distinct stages and can be
calibrated using patientspecific data to project
trajectories under different
scenarios °.
Beyond differential and Markov descriptions,
probabilistic graphical models like Bayesian
networks facilitate the integration of multi-omics
and other data sources to infer dependencies
among variables and quantify uncertainty in state
updates. This enhances the DT’s capacity to
forecast how genetic variations and biological
pathways progression and
response to therapy, guiding personalized decision-
making within the clinical workflow .
The state update process in a DT is designed to be
patientspecific and time-adaptive, incorporating
environmental factors (e.g., air quality, diet),
treatments, biomarkers, comorbidities,
sociodemographic context, and genetic factors to
produce a forward-looking, patient-tailored health
status H(t). In practice, different modeling choices
can be combined, such as a layered neural
representation for high-dimensional data coupled
with mechanistic equations for interpretable
dynamics, enabling both accurate prediction and
meaningful clinical reasoning about the drivers of
change ®. This updating framework supports real-
time simulation of interventions and proactive
health management, aligning with the broader aim
of DTs to enable precise, predictive, and
personalized care >*. Continuous synchronization
between the physical patient and the digital twin is
illustrated in Figure 4, enabling dynamic
adaptation based on newly acquired clinical data.

disease treatment

influence disease
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Figure 4 Continuous patient state update cycle enabling realtime synchronization between the patient and
the digital twin.

Data and Multimodal Integration Layer

The data and multimodal integration layer sit at
the core of modern autonomous multimodal Al
digital twins for healthcare, combining electronic
health records (EHRs),
laboratory data, clinical notes, and real-time sensor
streams to enable comprehensive patient modeling.
EHR integration provides repositories of patient
histories, laboratory results, medication records,
and clinical notes, while facing challenges related
to data heterogeneity, interoperability, and privacy
concerns. Standardized protocols such as FHIR
and HL7 enable data integration across disparate
healthcare systems, supporting interoperable, real-
time data exchange across environments ’.
Real-time data streaming leverages edge computing,
cloud-based analytics, and federated learning, with
frameworks like Apache Kafka and MQTT
supporting the handling of high-velocity medical
data streams 7. In practice, this layer must
harmonize syntactic and semantic data models to
enable meaningful cross-modal
Multimodal Al in healthcare combines data from
genomics, single-cell data, EMRs, and medical

imaging, genomics,

analysis.

imaging to improve diagnosis, treatment planning,
and research, with emphasis on interoperability
with existing data infrastructure and standards

such as HL7, FHIR, and DICOM to minimize
disruption . Data management platforms are

increasingly expected to scale across research and
production environments, support data
harmonization and  annotation, facilitate
collaboration, and enable federated learning to
protect privacy while training robust models .
Platform choices, including solutions like TileDB,
offer an array-powered, server-less engine capable of
consolidating diverse modalities into unified
datasets and making multimodal data FAIR-
compliant for Al and ML applications, as
demonstrated in deployments such as Quest
Diagnostics where millions of samples are analyzed
annually %°.

Beyond technical interoperability, health data
standards define the vocabulary and structure
necessary for reliable data exchange. Syntactic
standards (e.g., data models like OMOP CDM)
describe data structure, while semantic standards
(e.g., USCDI, ICD-10-CM, CPT, LOINC, RxNorm,
SNOMED CT) define the meaning of data
elements to ensure consistent interpretation across
systems. Standards Development Organizations
(SDOs) such as HL7 develop foundational
interoperability frameworks, including V2/V3
messages, CDA, and FHIR, which underpin the
data integration layer and enable scalable, lawfully
compliant data sharing across care networks *'.
within  this layer,
including timestamping and source attribution, are

Provenance considerations
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increasingly emphasized to ensure traceability when
data are transformed, redistributed, or used across
heterogeneous systems *"'°. As illustrated in Figure
5, heterogeneous healthcare data sources are

integrated  into a  unified  multimodal
representation before downstream reasoning and

predictive analysis.

4. Data Fusion
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Figure 5 Multimodal healthcare data integration pipeline combining electronic health records, medical
imaging, laboratory results, wearable sensor data, genomic information, and patient-generated health data.

Clinical Reasoning Framework
A robust clinical reasoning framework for an
autonomous multimodal Al digital twin integrates
multiple Al paradigms to support individualized
diagnosis and treatment planning. Case-based
reasoning (CBR) presents a compelling approach
for drawing inferences by comparing the current
patient with previously seen cases to identify
similar diagnoses and interventions,
thereby aiding without requiring
exhaustive new knowledge building '®. Related
literature argues that CBR can complement or rival
certain data-driven approaches in clinical decision
making, particularly when randomized trials do not
neatly generalize to individuals '®. In this sense,
CBR is positioned as a viable component of a
broader clinical reasoning system than its sole
driver '°.

To trustworthy decision
support, many frameworks emphasize hybrid
architectures that fuse rule-based reasoning with
machine learning (ML) approaches. Reviews of
clinical decision systems highlight the value of
combining explicit medical knowledge (rules) with
data-driven predictions to identify

effective
clinicians

realize scalable and

recurrent

patterns and support diagnostic and treatment
recommendations **. Empirical work demonstrates
that « integrating an expertrule base with ML
prediction models can improve diagnostic accuracy
and guide nextstep investigations, for example by
suggesting  targeted  laboratory and
corroborating diagnoses with lab-derived evidence
5. Ontology-driven methods further enhance
reasoning by providing rich, formal representations

tests

of relationships among concepts (e.g., diseases,
findings, and interventions) that enable
inferencing beyond simple label mappings !, with
SNOMED CT illustrating how is-a, part-of, causal,
and temporal relationships support actionable
inferences such as linking a lung disease to
respiratory function and potential antibiotic
considerations etiologies
involved '. This ontological grounding supports
interoperability and more reliable reasoning across
heterogeneous data sources, complementing
terminology standards like ICD-10 and LOINC
and data models such as FHIR and OMOP in a

1,24.

when  bacterial are

harmonized ecosystem
In practical CDSS deployments, the reasoning
workflow often follows a cycle in which patient
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data (e.g., demographics, laboratory results) are
interpreted through a hybrid inference engine to
propose likely diagnoses and corresponding
investigations, with the output mapped to
standardized codes (e.g., ICD-10) and aligned with
clinical guidelines »’. Datasets used to validate such
are frequently sourced from large
electronic health records to ensure statistical power
and privacy compliance, illustrating how real-world
data underpin confident decision support in

INPUT 1. CASE-BASED 2. RULE-BASED
REASONING REASONING

systems

= |, oo ~
-— | “ > =
Patient Retrieve similar Apply clinical
Multimadal cases from guidelines and
Data historical expert-defined
database rules
A ' A

1]
[
¥
i
i
[
'
i
1

Probable Diagnases
(With Confidence)

—

I

CLINICAL DECISION SUPPORT OUTPUT

Recommended Tests . Treatment P
& Investigations:

.

routine care . The framework may also

incorporate multi-agent and temporal reasoning
capabilities to enable explainable decisions and to
track how evolving data (e.g., lab results over time)
influence the inferred clinical trajectory ». The
clinical reasoning process adopted by the proposed
framework is presented in Figure 6, demonstrating
how hybrid reasoning techniques support
diagnostic and therapeutic decision-making.
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Figure 6 Hybrid clinical reasoning framework integrating knowledge-driven reasoning, probabilistic
inference, machine learning, and large language model-based decision support.

Predictive Treatment Simulation

Predictive treatment simulation refers to the
artificial intelligence-driven process of modeling
and forecasting how different treatment schedules
may affect a patient’s health trajectory, enable
personalized decision-making, and optimize clinical
outcomes. In contemporary digital twins for
healthcare, this approach combines predictive
modeling, dynamical and machine
learning to generate and evaluate alternative
treatment scenarios before they are applied in real
settings °.

A core component of predictive treatment
simulation is the use of reinforcement learning to
optimize treatment actions time. By
expected patient  outcomes,
reinforcement  learning  continually  refines
recommendations  (for medication
dosages or lifestyle modifications) in response to
real-time feedback, supporting adaptive and

systems,

over
maximizing

example,

individualized care ®. Graph neural networks are
often employed to represent patient state as an
interconnected set of clinical variables within a
multilayer graph, capturing complex dependencies
across genomic, clinical, and behavioral data. The
resulting adjacency structures encode relationships
that facilitate deeper insight into disease states and
treatment effects °.

Modeling frameworks frequently incorporate
probabilistic and statistical methods to forecast
disease progression and response to therapy. For
instance, logistic regression and other predictive
equations quantify disease risk based on patient-

specific ~ features, using population-derived
coefficients to improve risk assessment and
treatment  planning ¢ Dynamical  system

representations, including Markov models and
stochastic differential equations, enable continuous
simulation of health state transitions and
trajectories under various treatment regimens,
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capturing uncertainty and variability in patient
responses over time °.

Digital twin-based simulations also utilize
counterfactual reasoning to compare actual patient
trajectories with synthetic counterparts generated
under alternative treatment schedules. By
identifying closest matching records from historical
data, digital twins can emulate what would have
occurred under different therapies, thereby
enabling estimation of personalized treatment
effects and more efficient trial design *°. In practice,
sets of digital twin experiments may involve
training predictive models such as LSTMs to
forecast severe outcomes or adverse events, and
then evaluating performance metrics (e.g.,

AUROCQC) to validate the fidelity of simulated
trajectories relative to realworld data %

Advanced systems incorporate dedicated evaluation
of synthetic data fidelity and privacy. Techniques
examine distributional properties and correlations
to ensure that generated trajectories preserve
essential relationships from real patient data, while
also supporting privacy-preserving procedures for
clinical use *. Together, predictive treatment
simulation within autonomous multimodal digital
twins aims to provide clinicians with scenario
analyses, risk assessments, and evidence-based
recommendations for personalized therapies prior
to application in patient care. The predictive
treatment simulation workflow is shown in

Figure 7, where multiple intervention scenarios are evaluated before clinical implementation.
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Figure7 Predictive treatment simulation workflow for evaluating personallzed therapeutic strategies using
digital twin technology.

Clinical Case Study: Personalized Management of
Type 2 Diabetes Using an Autonomous
Multimodal Al Digital Twin

To demonstrate the practical application of the
proposed autonomous multimodal Al digital twin
framework, this section presents a representative
clinical involving the personalized
management of a patient with Type 2 Diabetes
Mellitus (T2DM). The case study illustrates how
multimodal healthcare data, hybrid
reasoning, predictive treatment simulation, and
continuous patient synchronization
support evidence-based

scenario

clinical

state
collaborate to clinical
decision-making.

Patient Profile

A 58-year-old male patient with a ten-year history of
Type 2 Diabetes Mellitus presents for routine
follow-up. The patient has hypertension, obesity
(Body Mass Index: 32 kg/m?), stage II chronic
kidney disease, and dyslipidemia. Recent laboratory
investigations reveal an HbAlc level of 9.1%,
fasting plasma glucose of 186 mg/dL, elevated LDL
cholesterol, and mildly impaired renal function.
Continuous glucose monitoring data demonstrate
frequent  postprandial  hyperglycemia  and
intermittent nocturnal hypoglycemia. Additional
patient
adherence records,

information  includes = medication
smartwatch-derived physical
activity measurements, sleep quality metrics, dietary
logs, blood pressure

measurements, retinal
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screening images, and family history of
cardiovascular disease.

Multimodal Data Acquisition and Integration

The proposed framework continuously collects
patient information from multiple heterogeneous
sources. Electronic health records provide
demographic information, previous diagnoses,
medication history, laboratory investigations,
physician notes, and hospital admissions. Wearable
sensors  contribute  continuous  physiological
measurements including heart rate, activity levels,
sleep duration, and glucose monitoring. Medical
imaging systems supply retinal fundus images for

diabetic retinopathy assessment, while laboratory

information systems deliver biochemical test results.

Genomic information, environmental factors,
lifestyle behaviors, and patientreported outcomes
further enrich the digital representation of the
patient.

These heterogeneous data sources are harmonized
using standardized healthcare interoperability
protocols including HL7 FHIR, SNOMED CT,
LOINC, and DICOM. Data preprocessing removes
inconsistencies, handles missing observations,
standardizes clinical terminology, and generates a
unified patient representation suitable  for
downstream artificial intelligence models.

Hybrid Clinical Reasoning

Following data integration, the autonomous digital
twin activates its hybrid clinical reasoning engine.
Machine learning models identify patterns
associated with deteriorating glycemic control and
elevated cardiovascular risk. Rule-based clinical
reasoning evaluates adherence to established
diabetes management guidelines, while ontology-
driven semantic reasoning identifies relationships
among chronic kidney disease, hypertension,
obesity, medication interactions, and diabetes
progression.  Case-based  reasoning
clinically similar historical patients to estimate
likely treatment responses, and large language
model-assisted interpretation generates clinician-
friendly explanations summarizing the rationale
behind each recommendation.

The reasoning engine concludes that the patient's
persistent hyperglycemia is primarily associated
with inadequate medication optimization, limited

retrieves

physical activity, inconsistent dietary adherence,

and progressive insulin resistance. The framework
simultaneously identifies an increased probability
of future cardiovascular complications if glycemic
control remains unchanged.

Predictive Treatment Simulation

The digital twin next performs predictive
simulations of multiple treatment strategies before
recommending  clinical  intervention.  Four
potential management scenarios are evaluated:
Continuation of the current medication regimen
with intensified lifestyle modification.

Addition of an SGLT2 inhibitor to improve
glycemic control while providing cardiovascular
and renal protection.
Initiation of GLP-1
targeting  glucose
management.

Early initiation of basal insulin therapy combined
with personalized nutritional intervention.

For each simulated strategy, the digital twin
estimates expected HbAlc reduction, body weight
changes, cardiovascular risk, renal function
preservation, hypoglycemia probability, medication
adherence, projected healthcare utilization, and
overall quality-oflife outcomes over six and twelve
months. Simulation results indicate that the
addition of an SGLT2 inhibitor combined with
structured lifestyle modification provides the most
favorable balance between glycemic improvement,
cardiovascular protection, renal preservation, and
treatment adherence for this specific patient profile.
Clinician Review and Decision Support

Rather  than  autonomously  implementing
treatment recommendations, the proposed
framework presents all simulation outcomes to the
treating endocrinologist through an explainable
clinical dashboard. Each recommendation is
accompanied by supporting evidence, estimated
confidence scores, contributing clinical variables,
comparable historical patient cases, and predicted
outcome trajectories. The clinician reviews these
recommendations alongside personal clinical
judgment and patient preferences before approving
the recommended treatment strategy. This human-
in-the-loop process preserves clinical accountability
while enhancing confidence in Al-assisted decision-
making.

Continuous Patient State Synchronization

receptor agonist therapy
reduction and  weight
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Following treatment implementation, the digital
twin continuously monitors incoming patient data
from electronic health records, wearable devices,
laboratory investigations, and patientreported
outcomes. Every new observation updates the
patient's virtual representation, allowing prediction
models to refine future risk estimates and modify
therapeutic recommendations when clinically
necessary. If worsening glucose control, declining
renal function, medication intolerance, or poor
adherence is detected, the reasoning engine
automatically initiates a new cycle of predictive
treatment simulation and presents revised
recommendations for clinician review.

Clinical Significance

This case study demonstrates how the proposed
autonomous multimodal Al digital twin extends
beyond traditional clinical decision support
systems by integrating heterogeneous healthcare
information, hybrid clinical reasoning, predictive
treatment  simulation, explainable  artificial
intelligence, continuous patient monitoring, and
clinician oversight into a unified intelligent
healthcare framework. Rather than providing static
predictions, the digital twin continuously evolves
alongside the patient's clinical condition, enabling
personalized, adaptive, and evidence-informed

healthcare throughout the entire treatment journey.

Such an approach has the potential to improve
diagnostic ~ accuracy,  optimize  therapeutic
interventions, reduce preventable complications,
enhance resource utilization, and ultimately
contribute to safer, more effective precision
medicine.

Orchestration, Workflow Management, and
Human Oversight

Digital twins (DTs) deployed in clinical settings
must be integrated into real-time workflows rather
than operated as isolated analytical tools.
Achieving  seamless  orchestration  requires
interfacing with imaging repositories, laboratory
information systems, wearable sensors, and
electronic health records in near real time, a level
of interoperability that is rarely realized in current
systems °. Without such integration, even the most
advanced  DTs  risk  underutilization  or
abandonment by busy clinicians, highlighting the
need for clinician-centered design and usable

interfaces that provide actionable summaries rather
than data deluges °.

Adoption should be phased and anchored in
existing workflows and data infrastructures. A
practical pathway starts with high-impact, tightly
scoped use cases, such as traceability, scan quality,
and instrument orchestration, before layering
predictive maintenance, reagent analytics, and Al-
assisted diagnostic support, and finally extending
to longterm archiving and regulatory compliance
to complete the lifecycle loop °. This staged
approach helps ensure quick, self-funding wins,
while enabling the necessary governance, privacy
protections, and interoperability using open
standards and, where applicable, edge processing °.
Co-design with frontline clinicians is essential to
foster usability, ownership, and alignment of
model outputs with clinical requirements.
Resistance to DT adoption often stems from
concerns about professional redundancy, increased
workload, or questions about model accuracy;
addressing  these concerns through early
involvement and iterative refinement strengthens
trust and usability °. The only way to realize the
transformative potential of digital twins is to
embed them into daily clinical culture as partners,
not merely as tools °.

Change management plays a central role in
successful orchestration. Training, iterative co-
design, and incremental deployment are critical to
sustain clinician engagement and to ensure that
complex data streams, governance considerations,
and ethical safeguards are comprehensible and
manageable in practice °. Dynamic validation,

transparent  regulations, and robust data
governance  should  accompany  technical
development, with a priority on open,

interoperable architectures and clear feedback
mechanisms from users to developers °.

In addition to technical integration, human
oversight mechanisms should address governance
of realtime data collection and ownership,
accountability for data accuracy, and risk
management. These governance questions arise
from the use of sophisticated data sets that
combine personal, public, and commercial data,
and they require explicit clarity on responsibility
and potential liability, alongside ongoing regulatory

4550


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 3, 2026

alignment '°.  Clinician oversight, patient

involvement, and transparent audit trails are thus
integral to trustworthy DT-enabled care *'°.
Human oversight remains an essential component

g \ s

Al System
Recommendation

- &

Clinician Review

of the proposed framework, as demonstrated in
Figure 8, ensuring clinician validation and ethical
decision-making throughout the workflow.
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Figure 8 Human-in-the-loop clinical workflow integrating clinician oversight, Al recommendations,
validation, and feedback for continuous system improvement.

Learning and Personalization

Personalized medicine is increasingly enabled by
digital twin technologies, which aim to tailor
diagnostics, treatments, and follow-up plans to an
individual’s unique biological, environmental, and
genetic profile. Digital twins support personalized
regimens by modeling patient-specific physiology
and mechanistic differences, enabling in-context
adjustments to treatment strategies and rapid
exploration of hypothetical interventions. For
example, digital twins have been proposed to
simulate drug delivery and airway dynamics in
respiratory systems to inform targeted therapies,
illustrating how patientspecific models can inform
clinical decisions without delaying screening or
diagnostic results 27

In parallel, recent work describes how Al-enabled
digital twins can provide personalized prediction,
tracking, and decision support by leveraging data-
driven health analytics, reinforcing the potential
for real-time, patient-centered care pathways 2%, The
integration of electronic health records (EHR) data
with twin models supports a process called
personalized Generation, wherein patient self-data
are used to reconstruct and forecast treatments via
nearest-neighbor  and  in-context  learning
techniques, with privacy-preserving considerations

guiding synthetic data generation and risk
assessment ¢,

Realizing effective learning and personalization also
requires attention to governance, ethics, and
workforce  preparation. Data  privacy and
govetnance  considerations are central to
maintaining trust and ensuring responsible use of
digital twins, including access controls, monitoring,
and ethical frameworks for sharing results with care
teams while safeguarding patient dignity and
minimizing risks to participants *°. As digital twins
become integrated into clinical workflows,
hospitals may need new roles and training to
interpret model outputs, interact with Al-driven
recommendations, and apply them to rapid
decision-making, alongside initiatives to upskill
clinicians through targeted courses and workshops
5

Evaluation, Performance, and Metrics

Digital twins in medicine aim to support accurate
clinical ~ decision-making,  forecasting, = and
optimization of workflows, but their effectiveness
depends on rigorous evaluation and appropriate
metrics. Key considerations include accuracy of
models, integration with existing clinical systems,
and governance surrounding data security and
patient privacy . High-fidelity simulations and
real-time data collection underpin the reliability of
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a digital twin, with validation against benchmarks
and continuous calibration to align simulations
with observed patient data *'. Standardization of
communications protocols and modular design are
highlighted as essential conditions for sharing
information and enabling flexible recombination
of model components, thereby supporting
precision medicine through predictive reasoning *'.
Evaluation of uncertainty and reliability is central
to clinical use. Uncertainty estimation in medical
Al often employs calibration-based measures, but
calibration curves face challenges when extending
beyond classification tasks; therefore, researchers
increasingly use task-appropriate metrics such as
AUROC to assess the quality of uncertainty
estimates in classification settings, independent of
threshold choices and robust to class imbalance *.
In segmentation and image analysis tasks, ensemble
and uncertainty-aware approaches have
demonstrated improvements in identifying samples
where models are likely to err, with reported
increases in accuracy of uncertainty estimation
measures such as AAC (adaptive accuracy of
confidence) by approximately twofold in some
studies, particularly in segmentation tasks .. To
balance performance with practicality, lightweight
or single-ensemble surrogates are explored to retain
most benefits while reducing computational costs,
expanding the feasible deployment scenarios in
clinical workflows *%.

Training strategies that incorporate expert input
can significantly influence uncertainty estimation
and model reliability. Analyses show that the
quality and relevance of expert annotations can
outweigh the quantity of labeled data, with a small
group of top-performing clinicians providing high-
quality labels for both direct uncertainty estimation
and training confidence-aware ensembles; training
hyperparameters also require careful tuning to
achieve optimal results, and different scenarios may
necessitate distinct training regimens (e.g., varying
the number of training epochs) *2. Studies on
uncertainty estimation emphasize the value of
expert soft labels, which capture ambiguity in
complex cases and enable better abstention
strategies, suggesting that even limited expert input
can meaningfully improve model trustworthiness
in medical contexts 2.

Applications and Demonstrated Domains

Digital twins (DTs) in healthcare are deployed
across multiple clinical domains to support disease
diagnosis, patient monitoring, and
personalized treatment planning. DTs are used to
create patient-specific models by integrating data
from electronic health records (EHR), imaging,
and Internet of Things (IoT) devices, enabling risk-
free experimentation and tailored interventions
while potentially reducing costs and improving
outcomes . In rehabilitation of robotics and
related technology, DTs support precision
medicine through Al-driven decision-making,
including reinforcement learning to optimize
treatment actions over time and to adapt to real-
time feedback °.

Graph-based and temporal modeling play central
roles in representing complex clinical information.
Graph neural networks (GNNs) model clinical
variables as interconnected nodes within multilayer
graphs, capturing dependencies among genomic,
clinical, and behavioral data to enable advanced
pattern recognition for precision medicine; in this
framework, the adjacency matrix encodes
relationships ~ among  medical  parameters,
facilitating insights into patient health states ©.
Time-series modeling is also emphasized, with
recurrent  neural networks (RNNs) and
transformer-based approaches used to forecast
health trajectories and model evolving clinical
events such as disease progression and biomarker
fluctuations °.

DTs support a spectrum of fidelity and deployment
levels. Different types of DTs can be designed,
including twins of the whole human body, a single
body system, one organ, or finer components at
cellular or molecular scales; composite DTs
combine multiple types, while reference or proto
twins serve as archetypes for constructing more
complex DTs tailored to specific diseases or
organisms (e.g., viruses) ¢. The fidelity of a DT,
how closely it mirrors the real world and how
updates from sensors, learning, and autonomy are
integrated, determines its level of utility in clinical
decision-making ¢.

In disease treatment and prevention, DTs enable
scenario testing and optimization of therapies. Al
models, including deep

screening,

learning, recurrent
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networks, and transformer architectures, can be
integrated into DTs to predict future health events
and optimize treatment plans, such as dose
adjustments, timing of interventions, and
personalized rehabilitation strategies . This enables
clinicians to simulate multiple treatment options,
evaluate risks, and select strategies that balance
efficacy and safety prior to realworld application 7.
Specific domain applications illustrated in the
literature include cardiovascular care, where DTs
have been used for drug safety assessment, patient-
specific antiarrhythmic drug selection, and real-
time ECG monitoring with high classification
accuracy and precision in DT-enabled systems; in
hemodynamic simulations, longitudinal mapping
approaches have achieved high accuracy across
numerous cardiac cycles, demonstrating the
potential for DTs to inform cardiovascular
management '. In endocrinology and metabolic
health, DTs for type 1 diabetes (T1D) management
include supportive decision systems that provide
personalized recommendations based on patient
data and contextual factors . Additionally, DT-
driven radiotherapy planning for high-grade
gliomas has been explored, combining mechanistic
modeling with Bayesian calibration to provide risk-
aware, patientspecific radiotherapy regimens that
aim to maximize tumor control while minimizing
toxicity .

Safety, Ethics, and Compliance

Privacy and Data Governance

MSDTs rely on extensive, longitudinal, and multi-
source data, including
behavioral, and environmental information, raising
significant risks of re-identification even when
anonymized datasets are used !'. Traditional
privacy measures such as de-identification may be
insufficient, necessitating new governance models
emphasizing dynamic consent, secure federated
learning architectures, and patient-controlled data
access mechanisms ''. International frameworks
such as data trusts, data cooperatives, and cross-
jurisdictional research data spaces provide legal and
contractual mechanisms to govern access rights,
usage limitations, liability, and benefit sharing '’
Regulators are increasingly exploring controlled
testing environments, regulatory sandboxes, to
support cross-border digital health and Al system

sensitive  genomic,

evaluation under supervision while maintaining

oversight ',
Consent and Trust
Dynamic, granular consent and ongoing

transparency are essential in DT-enabled trials,
where realtime data collection and complex
analyses may be conducted and instruments
continuously updated . Informed consent
should cover what data is collected, how it is
transmitted and analyzed, and how simulations
influence clinical outcomes, enabling participants
to weigh risks and benefits effectively ''°. To foster
patient  trust, digital twins must clearly
communicate the possible risks and benefits and
provide exhaustive information to support
informed decision-making '"’. The notion of
“digital dignity” has been proposed, advocating
dynamic attribution and consent processes that let
participants monitor how their data are used across
current and future studies *'°.

Regulation and Governance

Regulatory frameworks must adapt to the dynamic
nature of MSDTs by creating categories for
continuous learning systems and establishing
guidelines for safe updates, ongoing validation, and
transparent reporting of model evolution .
Harmonization  efforts  should aim  for
interoperability of compliance rather than uniform
legislation, including standardized consent models,
machine-readable data-use policies, and
international certification of privacy-preserving
digital twin platforms ''. Initiatives such as the
FDA'’s Digital Health Center of Excellence and the
EMA’s adaptive pathways illustrate growing
regulatory attention, though guidance remains
fragmented, particularly for longterm governance
and cross-border implementation >'%.

Safety, Accountability, and Ethical Considerations
The deployment of DTs in clinical contexts raises
critical questions about accountability for
algorithmic advice and potential harm. Clear
governance frameworks are needed to define
responsibilities among clinicians, developers, and
organizations when Al-driven predictions influence
care, or when clinicians choose to follow or ignore
DT recommendations >. The ethical landscape
emphasizes equity of access, data ownership

delineation, and bias monitoring to prevent
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exacerbating health inequities; diverse training data

and proactive bias mitigation are essential
components of responsible design Ensuring
safety entails anticipatory ethics, participatory

design with patients, and transparent reporting of
model evolution, alongside the establishment of Al
governance boards, validation coordinators, and

clinical model integrators within healthcare
organizations °.

Privacy-Preserving  Methods and  Practical
Protections

While privacy-preserving techniques such as

differential privacy and the use of synthetic data
are increasingly applied, they have limitations in
certain settings and must be carefully integrated
into DT pipelines to balance data utility with
privacy protections *'2. Methods for detecting data
leakage and assessing vulnerabilities—such as
presence disclosure, attribute disclosure, and
nearest-neighbor adversarial risk evaluation, can
help quantify exposure and guide mitigation
strategies in cyber environments where digital twins

operate >°. Real-time anomaly detection and access
monitoring serve as complementary defensive
measures to protect live patient data during trials **.
Education and Cultural Change

Realizing safe, ethical, and compliant DT-enabled
healthcare requires cultural shifts within medical
institutions. Medical curricula should incorporate
digital ethics, algorithmic reasoning, and systems
thinking, while healthcare organizations may need
new roles and governance structures (e.g., Al
governance boards, validation coordinators) to
operationalize DTs and ensure ongoing safety and
compliance °. Technical guidelines alone are
insufficient; international, multidisciplinary
discussions and common ethical frameworks are
needed to balance patient safety with innovation,
particularly for longterm governance and cross-
border use °. The anticipated evolution of
autonomous  multimodal  digital twins is
summarized in Figure 9, outlining future
technological and clinical research directions.

DATA SOURCES DIGITAL TWIN PLATFORM APPLICATIONS & BENEFITS
@ Wearables & loT Data Integration Layer Multimedal Al Engine Clinical Reasoning [GD  Early Disease Detection
Witals, Activty, Sleep) 96 & Risk Pregiction
EHR & Clinical Data * @E‘} 9 A ,1 Pl Traitaenk
(History, Notes, Meds)  —jgp. —p "lr[| i
+ Data Harmonization - Deep Leaming + Case-Based Reasoning T Prancing
@ Imaging + Standardizatian « Graph Noural Networks  + Rule-Based Reasoning —
[ —— + Semantic Mapping - NLP/LLMs - Ontolagy Reasoning !f.'ﬁ :;’;Hm‘elﬂz’m“
* Quality Control * Reinforcement Learning * Uncertainty Handling T
Genomics & Omics
§ {Genome. Transeriptome, A Real-time Monitoring
Protecme) Digital Twin Core o Bhln
Laberatory Tests 4 i for
& (am:;q e: amw,  * Patient State Model (Physiological, Pathological, Behavioral) 8, Clinicsl Dacision
|, Biomarkers) '-',. #  Continuous Update & Synchronization .!a Support
P — i S | Gimulstion & Scenario Management
feo  {Air Qualiy, Diet,Stress} o2,  Population Health
BB & mesearch
& Social & Behavioral Security, Privacy & Governance
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afd & Cost Reduction

v

FOUNDATION & INFRASTRUCTURE

Cloud / Edge E! High Performance
Computing 8 computing

APIs & Interoperability @  Data Storage

{FHIR, HL7, DICOM) = &Lakehouse

Figure 9 Future roadmap for autonomous multimodal Al digital twins, highlighting research opportunities,
scalability, interoperability, explainability, and clinical deployment.
Table 1: Comparison of Existing Healthcare Digital Twin Frameworks and the Proposed Autonomous

Multimodal Al Digital Twin

Conventional — Digital Proposed Autonomous Multimodal Al
Feature , iy .
Twin Frameworks Digital Twin
Di specifi
) . iseasespectiic Comprehensive personalized healthcare
Primary Objective modeling T
o management
monitoring
Electronic Health Record Integration ~ Partial v Comprehensive
Medical Imaging Integration Limited v Integrated
Laboratory Data Integration Partial v Integrated

4554


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 3, 2026

Conventional  Digital Proposed Autonomous Multimodal Al
Feature , iy .
Twin Frameworks Digital Twin
Genomic Data Integration Limited v Integrated
Wearable Sensor Data Limited v Continuous real-time integration
Environmental & Lifestyle Data Rarely included v Fully incorporated
Multimodal Data Fusion Partial v Comprehensive multimodal fusion
Healthcare Interoperability (FHIR,
HL7, DICOM, SNOMED CT, Limited support v Fully standards-compliant
LOINC)
¢ Machine Learning + Rule-Based +
Hybrid Clinical Reasoning Rare Ontology + Case-Based + Probabilistic +
LLM
Explainable Al Limited v Explainable clinical reasoning
Predictive Treatment Simulation Limited or absent v/ Multi-scenario treatment simulation
Continuous Patient State Updating Periodic v Real-time dynamic synchronization
Personalized Treatment ) 4 Patient-specific adaptive
. Partial i
Recommendations recommendations

Human-in-the-Loop Clinical Oversight Limited

Continuous Learning Rare

Privacy and Security Considerations Basic

Ethical and Regulatory Framework

Scalability Moderate

Clinical Decision Support Limited

Overall Scope

Limited discussion

v Integrated clinician validation
v/ Adaptive model refinement

v Privacy-preserving and governance-
aware

v/ Dedicated governance framework
v Modular and scalable architecture

v Comprehensive Al-assisted decision
support

¢ Unified

ecosystem

end-to-end  healthcare

Individual components

To highlight the distinguishing characteristics of
the proposed framework, Table X presents a
comparative  analysis  between
healthcare digital twin architectures reported in the
and the proposed
multimodal Al digital twin. Existing approaches
typically concentrate on individual aspects such as
patient monitoring, predictive analytics, or disease-
specific modeling. In contrast, the proposed
framework integrates multimodal data fusion,

conventional

literature autonomous

hybrid clinical reasoning, predictive treatment
simulation, patient state
synchronization, interoperability standards,
human-in-theloop decision support, and adaptive
learning into a  unified for
personalized  healthcare.  This  comparison
emphasizes the broader scope, improved
interoperability, and enhanced clinical intelligence
offered by the proposed framework.

continuous

architecture
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Table 2: Comparison with Representative State-of
the-Art Studies

Clini
Multi cal
modal Reas
Data onin

Treat Hum Conti

ment an  nuous Interop
Simul Over Learni erability
ation sight ng

Study

Digital

Twins

in

Healthc

are: AV X X X X
Data-

Driven

Evoluti

on

Partial

Digital
Represe
ntation

of Parti
Patients v/ artt X

Partial Partial
al

as
Medical
Digital
Twins

Perspect

ive on . .
Parti Partia

Medical v ) 1 v
Digital a
Twin

Partial Partial

Digital
Twin in
Healthc
are:

Benefits Partia

X X Partial

Challen
ges &
Use

Cases

Propose
d
Framew

ork

v v o v v/ v

Research Directions

Emphasizing clinically actionable, multi-scale
digital twins (MSDTs) that integrate molecular,
cellular, organ, and patientlevel dynamics to
support diagnostic and therapeutic decision-
making. Ongoing work stresses the need for clearly
defined state variables, cross-scale coupling
mechanisms, and identifiable models to enable
reliable clinical outputs **'"!°, Interoperability and
model composability remain central challenges,
with attention to standardized interfaces and data
exchange to facilitate integration into real-world
workflows '°,

Advancing hybrid modeling approaches that
couple mechanistic biological models with data-
driven machine learning to improve interpretability
and predictive flexibility. Research advocates for
hybrid Al systems capable of simulating causal
relationships, handling uncertainty, and adapting
over time as new data become available **!!,
Developing  cross-disciplinary  and  multi-
institutional ~ collaborations ~ to  accelerate
innovation in digital twin applications. Initiatives
exemplifying collaborative potential (e.g., large
consortia bridging clinicians, computer scientists,
systems biologists, ethicists, and policymakers) are
highlighted as essential to overcome fragmentation
and maximize clinical impact **.

Addressing key technical obstacles in digital twin
design, notably cross-scale coupling design and the
integration of heterogeneous data modalities. The
literature identifies cross-scale coupling as a core
difficulty in mapping molecular to clinical
trajectories, alongside broader data fusion and
identifiability constraints that must be resolved
before clinical deployment **!1.

Promoting interoperability with existing health 1T
standards and scalable data infrastructures. Guides
emphasize checking interoperability with standards
such as HL7, FHIR, and DICOM, and ensuring
that multimodal Al platforms can scale across
research and production environments while
supporting data harmonization, annotation, and
federated learning .

Focusing on practical deployment considerations,
including data privacy, regulatory compliance, and
alignment with clinical workflows. Organizations
are urged to adopt platforms that balance data
governance with performance, while incorporating
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clinical experts who understand healthcare data
complexities and regulatory regimes .

Expanding capabilities in multimodal Al to
integrate diverse biomedical data (omics, imaging,
EHRs, and more) to improve diagnostic precision
and support personalized care strategies.
Demonstrated benefits include earlier and more
effective interventions, with a recognition that
comprehensive data integration is crucial for
realizing these gains in routine care .

Enhancing evaluation and critical analysis of
multimodal and digital-twin solutions. Systematic
assessments should weigh technical feasibility,
clinical utility, implementation challenges, and
ethical and regulatory considerations, identifying
bottlenecks in computational efficiency, data

| }

Oncology
« Tumor growth modeling
« Personalized radiotherapy
» Chemotherapy optimization

= Recurrence risk prediction _ g

‘ Neurology
= Neurodegeneration modeling
‘ « Stroke risk prediction
= Brain function simulation

f

= Personalized interventions A AI DlGIT TWIN

= \ Precision + Predictive = Preventive i b

Personalized \

Rehabilitation & Robotics
|+ Personalized rehab planning
+ Motion and gait analysis (
+ Assistive device optimization
+ Recovery outcome prediction

P
- ®

Cardiovascular Care

+ Early disease detection
+ Drug safety assessment
» Patient-specific therapy
+ Real-time ECG monitoring

Hospital & Public Health
+ Patient flow optimization
+ Resource allocation

availability, model validation, and workflow
integration .
Investigating  physicsbased and  continuum

modeling approaches for datalimited scenarios,
including  applications in  hemodynamics,
neurodegeneration, insulin resistance, and cancer
treatment. Such models offer complementary
insights when experimental data are scarce,
informing mechanistic understanding and in silico
experimentation .

The overall operational workflow of the proposed
autonomous multimodal Al digital twin framework
is summarized in Figure 10, illustrating the
integration of multimodal data acquisition, clinical
reasoning, predictive  treatment simulation,
clinician oversight, and continuous learning into a
unified intelligent healthcare system.

Endocrinology

+ Type 1 diabetes management
= Metabolic health monitoring
+ Hormone therapy simulation
« Personalized lifestyle advice

&

W,

\ @

Respiratory
= Airway dynamics simulation
= Drug delivery optimization
- COPD & asthma management
» Pandemic response modeling

Genomics & Precision Medicine
« Genomic risk assessment

« Rare disease diagnosis

» Targeted drug selection

+ Multi-omics data integration

+ Population health analytics
« Qutbreak risk forecasting

\

3

Figure 10. End-to-end workflow of the proposed autonomous multimodal Al digital twin framework for
personalized healthcare.

Conclusion

The rapid advancement of artificial intelligence,
multimodal data analytics, and digital health
technologies  has unprecedented
opportunities for transforming personalized
healthcare. Digital twin technology has emerged as

created

a promising paradigm for representing patients as
continuously evolving virtual models capable of
supporting  diagnosis,  prognosis,
planning, and longterm health management.
However, many  existing  digital  twin

treatment
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implementations ~ remain  constrained by
fragmented data integration, limited reasoning
capabilities, insufficient interoperability, and
inadequate incorporation of clinical governance.
Addressing  these  challenges  requires a
comprehensive framework capable of integrating
heterogeneous healthcare information, advanced
artificial intelligence, and clinician expertise into a
unified ecosystem.

This paper presented an autonomous multimodal
Al digital twin framework designed to support
personalized  healthcare through continuous
patient state synchronization, hybrid clinical
reasoning, predictive treatment simulation, and
interoperable health information management.
The proposed architecture combines diverse
healthcare data sources—including electronic health
records, laboratory investigations, medical imaging,
genomic information, wearable sensor streams,
environmental factors, and patient-generated
health data—into a unified patient representation
that evolves throughout the clinical journey. By
integrating standardized healthcare interoperability
frameworks such as HL7 FHIR, SNOMED CT,
LOINC, and DICOM with multimodal artificial
intelligence techniques, the framework establishes
a scalable foundation for intelligent clinical
decision support across diverse healthcare
environments.

A distinguishing contribution of the proposed
framework is the integration of complementary
reasoning methodologies within a single intelligent
architecture. Rather than relying solely on
statistical machine learning models, the framework
combines data-driven learning with ontology-based
semantic reasoning, probabilistic inference, rule-
based clinical knowledge, case-based reasoning, and
large language model-assisted interpretation. This
enables

hybrid  reasoning  strategy more
comprehensive analysis of complex clinical
information while improving explainability,

transparency, and clinician confidence in Al-
assisted recommendations. The inclusion of
predictive treatment simulation further extends
conventional digital twin capabilities by enabling
multiple intervention strategies to be evaluated
within a patientspecific virtual environment before
implementation in real clinical practice. Such

simulations provide clinicians with evidence-
informed insights into potential treatment
outcomes, thereby supporting personalized
therapeutic ~ decision-making  while reducing

uncertainty associated with complex medical
interventions.

The framework also emphasizes continuous patient
state synchronization, allowing the digital twin to
evolve dynamically as new clinical observations
become available. Through real-time integration of
multimodal healthcare data, predictive models are
continuously refined, disease trajectories are
updated, and treatment recommendations are
adapted to reflect the patient's current
physiological condition. This adaptive learning
capability represents an important step toward
realizing intelligent healthcare systems capable of
supporting lifelong, patient-centered care rather
than isolated episodes of clinical decision-making.
Equally important is the incorporation of human
oversight as a central architectural principle. The
proposed framework recognizes that artificial
intelligence should augment—not replace—clinical
expertise. ~ Consequently, clinicians  remain
responsible for validating recommendations,
interpreting predictive simulations, considering
patient preferences, and making final therapeutic
decisions. This human-in-the-loop  approach
promotes transparency, accountability, ethical
governance, and patient safety while fostering trust
in Al-enabled clinical decision support systems.
Beyond its technical contributions, the framework
acknowledges the broader challenges associated
with deploying autonomous digital twins in real-
world healthcare settings. Successful
implementation will require robust interoperability,
high-quality multimodal datasets, continuous
model  validation,  privacy-preserving  data
governance, cybersecurity protections, regulatory
compliance, and multidisciplinary collaboration
among clinicians, data scientists, engineers, and
policymakers. Addressing these challenges will be
essential to ensuring that digital twin technologies
are deployed responsibly and equitably while
maintaining public trust and clinical reliability.
Although the framework presented in this paper is
conceptual, it provides a comprehensive
architectural foundation for future implementation
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and evaluation. Future research should focus on
developing functional prototypes, validating
predictive performance using largescale clinical
datasets, assessing explainability and clinician
acceptance in real healthcare environments, and
investigating the integration of emerging
technologies such as federated learning, causal
artificial intelligence, foundation models, edge
computing, and privacy-enhancing computation.
Multi-center clinical studies and prospective
validation will be essential for evaluating the
clinical effectiveness, scalability, and
generalizability of autonomous multimodal digital
twins across diverse patient populations and
healthcare systems.

In conclusion, the proposed autonomous

multimodal Al digital twin framework represents a

significant step toward next-generation precision

healthcare by unifying multimodal data integration,
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