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Abstract

Background: Digital twins (DTs) offer a paradigm for health care by enabling data-driven, simulation-capable representations
of individual health trajectories. However, DT development remains limited by the scarcity of standardized, temporally
structured, and multidomain data suitable for modeling chronic disease progression. Most existing DT studies rely on narrowly
scoped or proprietary datasets, restricting generalizability. Public health datasets, such as the Midlife in the United States study,
provide rich biopsychosocial information but are underused due to structural complexity and lack of semantic integration
frameworks.

Objective: This study aimed to develop and evaluate an ontology-guided, agent-orchestrated framework for constructing
offline, simulation-capable, and progression-aware DTs from public health datasets. Using diabetes as a case study, the
framework integrates agent-based orchestration, medical ontologies, and large language model (LLM)-assisted semantic
reasoning with machine learning to support explainable feature structuring, risk prediction, and predictive “what-if” progres-
sion analysis.

Methods: A 6-stage DT framework was developed and applied to Midlife in the United States wave 2 (baseline) and
wave 3 (follow-up) data. Ontology- and LLM-assisted feature selection identified predictors across biological, behavioral,
psychosocial, and socioeconomic domains. Cleaned and harmonized data were used to train predictive models (random forest,
eXtreme gradient boosting, and logistic regression) to estimate diabetes onset at follow-up. A state-transition simulator was
implemented to model between-wave progression dynamics, quantify transitions across low-, medium-, and high-risk states,
and evaluate predictive “what-if” scenarios such as weight reduction and lifestyle improvement. Model performance was
assessed using accuracy, F'| score, area under the receiver operating characteristic curve (AUC), and calibration metrics.

Results: From 9976 candidate variables, ontology- and LLM-guided selection retained the top 200 relevant predictors
spanning biological, behavioral, psychosocial, and socioeconomic domains. Predictive modeling achieved strong discrimi-
nation, with random forest (AUC=0.82, accuracy=0.76) and eXtreme gradient boosting (AUC=0.81, accuracy=0.75) out-
performing logistic regression (AUC=0.78). The state-transition simulator reproduced realistic progression patterns: 33.9%
(1414/4174) of participants changed risk states between waves, and the high-risk group increased from 10.8% (451/4174) to
32.2% (1344/4174). Next-state prediction accuracy reached 92.5%. Predictive “what-if” analyses showed that with a simulated
10% weight reduction, model-estimated diabetes cases decreased by 98 (from 576 to 478). A placebo test (0% weight change)
produced less than 0.3% difference in risk distribution, confirming model stability.

Conclusions: This study presents a foundational, ontology-guided, and agent-orchestrated framework for constructing
offline, simulation-capable, and progression-aware DTs from public datasets. By combining semantic reasoning, multidomain
predictors, and predictive “what-if” progression simulation, the framework transforms static population data into longitudinal,
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interpretable representations of individual health trajectories. The proof-of-concept application to diabetes demonstrates that
public health data can support robust and explainable DT models for exploratory risk analysis and hypothesis generation,
without implying causal intervention effects or direct clinical decision support.
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Introduction

Background

Digital twins (DTs) are virtual representations of physical
entities that are designed to represent and simulate real-
world systems to predict and optimize outcomes [1]. In
health care, DTs can serve as individualized, data-driven
models of patients, enabling proactive monitoring, person-
alized intervention, and scenario-based simulation [2]. By
integrating longitudinal biomedical, behavioral, psychosocial,
and environmental data, DTs offer the potential to trans-
form chronic disease management from reactive treatment to
anticipatory care.

Challenges in Health Care DTs

Despite this promise, the development of health care DTs is
constrained by several challenges. First, there is a scarcity
of high-quality, structured datasets that support temporal
modeling and personalization, especially in chronic disease
contexts [3]. Second, there is a lack of standardized frame-
works for organizing heterogeneous health variables across
domains and time points [4,5]. Finally, feature selection and
semantic integration remain complex tasks, requiring both
domain expertise and explainability [6]. These limitations
are particularly acute for type 2 diabetes, where long-term
behavioral, physiological, and psychosocial factors interact in
complex, nonlinear ways. Current prototypes typically rely on
narrowly scoped, proprietary datasets collected in controlled
clinical settings, which limits generalizability and reuse and
constrains their applicability beyond specific populations or
case settings.

Opportunity in Public Health Datasets

In contrast, large-scale public health datasets, such as the
MIDUS (Midlife in the United States) study [7], the National
Health and Nutrition Examination Survey [8], and the
UK Biobank [9], contain rich biopsychosocial profiles of
individuals over time. These resources offer an underused
opportunity for constructing inclusive and population-groun-
ded DT representations.

However, they present structural and semantic chal-
lenges, including inconsistent variable definitions, fragmented
modules, missing values, and a lack of standardized feature
hierarchies. To date, most uses of these datasets have focused
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on regression or correlation analyses rather than longitudinal,
simulation-capable modeling of individual risk trajectories.

Objective

This study aimed to develop a foundational, ontology-guided,
and agent-orchestrated framework for constructing offline,
simulation-capable DTs from public health datasets. In
this work, we adopt a restricted and pragmatic definition
of a health care DT, referring to an offline, simulation-
capable virtual representation derived from population-level
data, rather than a continuously synchronized or clinically
validated dynamic twin.

Using diabetes risk prediction as a demonstrative case

study, we sought to do the following:

1. Transform longitudinal public health data into
temporally structured, semantically enriched feature
sets suitable for DT modeling;

2. Integrate medical ontologies and large language
model (LLM)-assisted semantic reasoning to support
intelligent and explainable feature selection; and

3. Develop prediction and simulation models that support
risk estimation and predictive “what-if” scenario
analysis rather than causal intervention inference.

By addressing data reuse, semantic organization, and
interpretable predictive simulation, this work establishes a
new methodological pathway for constructing progression-
aware and explainable DTs from population-level data, with a
focus on predictive modeling and exploratory analysis rather
than real-time operation, causal inference, or direct clinical
decision-making.

Methods

Framework Design

Overview

We developed a foundational, modular framework for
constructing offline, simulation-capable DTs from public
health data, illustrated using diabetes risk prediction in the
MIDUS cohort. As illustrated in Figure 1, the framework is
organized into six stages: (1) goal specification, (2) dataset
curation and temporal structuring, (3) ontology- and LLM-
assisted feature selection, (4) data cleaning and harmoniza-
tion, (5) prediction modeling, and (6) simulation modeling.
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Figure 1. Multiagent, ontology-guided framework for constructing digital twins from public health data. MIDUS: Midlife in the United States;

NHANES: National Health and Nutrition Examination Survey.
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These stages are coordinated through an agent-orchestrated
architecture, in which specialized agents are assigned distinct
roles, such as ontology mapping, LLM-based reasoning, data
harmonization, prediction, and simulation. Agents operate as
LLM-driven reasoning components with bounded autonomy,
enabling semantic interpretation, ambiguity resolution, and
iterative refinement rather than rigid rule-based execution.

This design supports scalability, transparency, and
modularity, enabling each component to function independ-
ently while contributing to the overall DT framework without
implying real-time synchronization, causal inference, or
clinical decision-making capability.

Scope of the DT Implementation

The DT instantiated in this study is offline and population-
trained, using paired observations from MIDUS waves 2
and 3. Models are trained once and applied deterministi-
cally during simulation. The system is intended for progres-
sion-aware research and hypothesis exploration, rather than
real-time operation, causal inference, or clinical decision
support.

Agent Autonomy and Interagent Reasoning

While the overall workflow of the framework follows a
logical progression from data curation to prediction and
simulation, the internal execution relies on agentic reasoning
rather than rigid pipeline heuristics. Unlike traditional
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software modules that execute predefined rules (eg, “if X then
Y”), the agents in this framework leverage LLMs to perform
probabilistic reasoning, semantic interpretation, and adaptive
decision-making.

As illustrated in Figure 2, the framework departs from
a static pipeline by employing a “Hub-and-Spoke” agentic
topology centered on a dynamic orchestrator agent. This
architecture enables 3 distinct forms of autonomy not present
in the standard modular software:

1. Semantic adaptability: Agents resolve ambiguity in
MIDUS variable definitions by inferring meaning from
metadata, ontology context, and prior knowledge rather
than requiring explicit hard-coded mappings.

2. Contextual interaction: Outputs produced by one
agent condition the reasoning of downstream agents,
and simulation outputs are checked against ontology
constraints, enabling iterative refinement rather than
one-pass execution.

3. Reflective evaluation: The simulation agent evaluates
generated counterfactual scenarios for plausibility and
internal consistency and regenerates outputs when
conflicts are detected.

These behaviors distinguish the framework from a static
processing pipeline and motivate the use of an agentic
abstraction, while remaining intentionally lightweight and
constrained compared to fully autonomous multiagent
systems.
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Figure 2. The multiagent collaboration architecture. Unlike a linear software pipeline, the orchestrator agent dynamically manages task execution
based on semantic context. The architecture features explicit iterative refinement loops (red-dashed lines), where "Critic" functions (eg, semantic
consistency check) autonomously flag errors or implausible simulations, triggering replanning and data reinterpretation by the functional agents.
LLM: large language model; ML: machine learning; SHAP: Shapley Additive Explanations.
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To complement the conceptual overview in Figure 2 and feature selection and (2) critic-triggered refinement during
Table 1, we provide 2 brief execution traces (Textboxes 1 counterfactual simulation.
and 2) illustrating (1) semantic ambiguity resolution during

Table 1. Comparison between a traditional pipeline and the proposed agentic framework.
Proposed agentic framework

Aspect Traditional pipeline

Logic Deterministic rules LLM?-based probabilistic reasoning

Ambiguity handling Manual preprocessing Semantic inference and confidence scoring

Interaction Unidirectional Iterative, context-conditioned refinement

Adaptation None Output regeneration under constraints

Failure mode Reasoned approximation

Error or crash

4LLM: large language model.

Textbox 1. Example trace: resolving semantic ambiguity in a MIDUS variable.

Input (ambiguous item). The orchestrator agent receives the MIDUS item “Falling or staying sleep frequency - 30 days”,
which conflates sleep-onset and sleep-maintenance difficulty and thus lacks a single unambiguous semantic label.
Ontology-grounded context. The orchestrator agent delegates grounding to the ontology mapping agent, which retrieves
compact ontology evidence (top-matched concepts and a few relations) consistent with a broader sleep disturbance
symptom frequency construct and packages it as a structured context for downstream inference.

Structured decision (LLM reasoning). Conditioned on the MIDUS metadata and retrieved ontology context, the LLM

reasoning agent outputs a constrained JSON decision, eg,
{“classification”:*“Indirect”, “relevance_score:0.6, “reasoning”:*“Sleep disturbance is associated with metabolic dysregula-

b}

tion and increased diabetes risk.”}
The orchestrator agent records a canonical label (eg, sleep_disturbance_symptom_frequency_30d) for harmonization and

retains the feature in the ranked set used for modeling.
Reflective check (bounded loop). A Critic function validates schema/score range and checks semantic consistency with the

retrieved evidence; if the score is below a predefined threshold, the orchestrator triggers a single re-query, otherwise the
decision is accepted and logged.
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Textbox 2. Example trace: critic-flagged implausible counterfactual and orchestrated refinement.

Critic before any simulation is accepted.

determinant for counterfactual exploration.

Input (candidate scenario). The simulation agent proposes a candidate “what-if”” perturbation that attempts to vary a
prescription-medicine checklist variable to reduce predicted diabetes risk; this proposal is subsequently screened by the

Critic flag (implausible/nonactionable). A Critic function flags the scenario as nonactionable and semantically inconsis-
tent with the DT's intervention scope: prescription history is a downstream proxy/outcome, not an upstream modifiable

Orchestrator replanning (context-conditioned refinement). The orchestrator agent removes the nonmodifiable proxy variable
and replans the scenario using upstream, modifiable factors already supported by the simulator (eg, body weight and
physical activity). The simulator is rerun under these perturbations.

Refined output (accepted). The refined scenarios yield stable, monotonic risk changes consistent with the simulator’s
sensitivity design (eg, 5% and 15% weight reductions decrease average predicted risk), and the accepted trace is logged.

Goal Specification Using the Population,
Intervention, Comparison, and Outcome
Approach

Defining a clear objective is essential for aligning data
engineering, modeling, and evaluation with actionable health
care needs. In this framework, the objective is formal-
ized through the Population, Intervention, Comparison, and
Outcome (PICO) approach [10], which provides a structured
foundation for prediction and simulation.

For this study, the following points should be noted:

* Population (P): adults aged =40 years in MIDUS wave
2, a group at elevated risk of type 2 diabetes due to
age-related metabolic changes and cumulative lifestyle
factors

* Intervention (I): a data-driven DT integrating multi-
domain predictors (eg, BMI, physical activity, sleep
quality, psychosocial stress, and family history) derived
from surveys and biomarkers to simulate diabetes risk

* Comparison (C): benchmark models using only
biomedical or clinical variables, assessing the added
value of including psychosocial and behavioral factors

* Outcome (O): diabetes onset at wave 3, defined through
self-reported diagnosis, medication use, or biomarkers
(fasting glucose and HbA ;)

This specification clarifies the DT’s purpose, guides variable
selection, and defines evaluation benchmarks. The PICO
structure also generalizes easily to other chronic diseases or
datasets.

Dataset Curation and Temporal
Structuring

High-quality DTs require longitudinal data that capture
changes in individual health states. Although MIDUS
contains only 2 major waves, it provides sufficient longitudi-
nal contrast for modeling transitions between baseline (wave
2) and follow-up (Wave 3).

The following procedures were applied:

1. Wave alignment and participant tracking: wave 2
served as baseline and wave 3 as follow-up. Participants
with complete paired data were retained, yielding 4173
individuals with consistent identifiers and matched
features.

https://medinform jmir.org/2026/1/e87374

2. Outcome labeling: diabetes onset was defined using
wave 3 data (self-report, medication use, and biomark-
ers such as fasting glucose and HbA ) to provide
ground truth for supervised learning.

3. Feature harmonization: variables across biological,
behavioral, psychosocial, and socioeconomic domains
were standardized and harmonized. Comparable
constructs (eg, BMI, activity, stress, and income) were
aligned for consistency across waves.

4. Temporal pairing for transition modeling: instead of
computing explicit A features, health progression was
represented implicitly through paired records (wave 2
= wave 3). Each baseline profile served as model input
and its follow-up state as the target.

This process transformed MIDUS from a general-purpose
survey into a longitudinal, simulation-ready dataset consis-
tent with DT principles. Although limited to 2 waves, the
paired design enabled population-level transition modeling
and individualized progression analysis over nearly a decade.

Ontology-Assisted and LLM-Driven
Feature Selection

Feature-Selection Overview

Public health datasets, such as MIDUS, include thousands
of variables spanning biomedical, psychological, behavioral,
and social domains. Selecting the most relevant features
for DT construction requires scalable, explainable reason-
ing beyond traditional statistical filters. Conventional feature
selection techniques, such as association tests [11], corre-
lation thresholds [12], or heuristics [13], often overlook
semantically subtle but influential variables (eg, stress or
coping behavior).

To overcome this limitation, we developed a hybrid
feature selection pipeline that integrates domain ontologies
with LLM reasoning in a retrieval-augmented setting [14].
Feature selection is treated as a structured semantic reasoning
task rather than a purely statistical filter [14].

Semantic Enrichment With Ontologies

Each MIDUS variable was mapped to a curated set of
diabetes-related and study-design ontologies, enabling the
LLM to reason across biomedical and psychosocial dimen-
sions. The following ontologies were integrated:
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* The Diabetes Mellitus Treatment Ontology (DMTO)
[15] capturing treatment strategies, complications, and
management protocols

* The Common Diabetes Medications Ontology [16]
linking medication variables to pharmacological
mechanisms (of action)

* The FHIR (Fast Healthcare Interoperability Resources)
And SSN (Semantic Sensor Network)-based Type 1
diabetes Ontology (FASTO) [17] providing real-time
monitoring and device-related concepts

* The BioMedBridges Diabetes Ontology [18] defining
diagnostic and phenotypic concepts for translational
research

Crucially, to contextualize the role of each variable within
the MIDUS longitudinal design, we incorporated the Study
Cohort Ontology [19,20]. This allowed the agent to under-
stand the structural purpose of a variable (eg, as a baseline
demographic, psychosocial instrument, or clinical outcome),
which is essential for distinguishing direct from indirect
relevance.

Variable metadata (labels, descriptions, and coding) were
mapped using keyword matching, semantic similarity, and
vector embeddings. The result was a structured, ontology-
aligned representation that enabled the retrieval-augmented
generation (RAG) agent to reason over deep conceptual
relationships rather than surface-level text similarity.

In this framework, the ontology layer serves primarily as
a semantic and organizational scaffold rather than as a direct
performance-optimizing component. Its role is to (1) impose
a consistent hierarchical structure over heterogeneous public
health variables, (2) guide LLM-assisted feature selection
toward domain-relevant predictors, and (3) enable interpreta-
ble grouping and reuse of features across modeling stages.
Accordingly, ontology integration is intended to improve
transparency, explainability, and reproducibility, rather than
to guarantee higher predictive accuracy.

Relevance Classification With LLMs

After enrichment, the RAG agent evaluated each variable’s
relevance to diabetes risk prediction using structured prompts
containing ontology context and metadata. Variables were
classified as directly relevant, indirectly relevant, or not
relevant, each with a confidence score and explanatory note.
The agent operated in an iterative loop: (1) extract varia-
ble metadata and ontology matches; (2) construct prompts
integrating semantic context; (3) generate classification,
justification, and confidence; (4) requery or reformulate if
confidence is low; and (5) log outputs for transparency and
reproducibility.

This process yielded a feature set annotated with ontology
links, metadata, and reasoning traces, ensuring transparency,
auditability, and explainability for downstream modeling.

The confidence scores generated by the LLM represent
the internal consistency of the relevance classification given
the ontology-grounded prompt context and were used to
control iterative requerying rather than to impose a hard
inclusion threshold. To assess face validity, we manually
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audited the resulting feature set with respect to established
diabetes risk factors. Core predictors, such as age, BMI, blood
pressure, family history, physical activity, smoking, men-
tal health indicators, and medication use, were consistently
retained, and we did not observe systematic exclusion of
known clinical predictors. Disagreements primarily occurred
for borderline psychosocial or survey-specific variables rather
than for established biomedical risk factors.

The LLM-assisted feature selection is not intended to
replace statistical feature selection or expert curation, nor is it
strictly required to achieve high discrimination with flexible
tree-based models. Its primary contribution lies in semantic
coverage, explainability, and scalability when working with
large, heterogeneous public health datasets, where manual
curation is impractical and purely statistical filters risk
omitting contextually relevant variables.

Data Cleaning and Harmonization

Following feature selection, a standardized cleaning pipeline
ensured data quality and consistency:
* Variable-type normalization: unified categorical,
ordinal, and Boolean variables
* Missing-data handling: mean/mode imputation for
low-missing features; k-nearest neighbor (kNN)
imputation for complex patterns
 Scale and unit standardization: normalized continuous
features and harmonized measurement units
* Semantic harmonization: merged equivalent constructs
across waves via ontology tags
* Qutlier detection: applied statistical thresholds and
domain-specific plausibility rules

MIDUS contains both item-level missingness and wave-
level attrition, which may correlate with health status
and socioeconomic factors. We therefore do not assume
that data are missing completely at random. We selected
kNN imputation because it preserves multivariate relation-
ships among mixed-type variables and avoids distributional
assumptions required by parametric multiple imputation
models, which are difficult to validate in high-dimensional
survey data with thousands of heterogeneous variables. kNN
uses observed similarity across individuals to infer plausi-
ble values and is widely used in biomedical machine-learn-
ing pipelines where predictive performance and internal
consistency are the primary goals. Nevertheless, kNN does
not correct for missing-not-at-random mechanisms, and any
bias arising from differential dropout or nonresponse may
propagate into downstream prediction and simulation.

Prediction and Simulation Modeling

The final stage of the framework focuses on developing
models that support both risk prediction and scenario-based
simulation, which are 2 core capabilities of a DT.

Prediction Modeling

Prediction models estimate the likelihood of diabetes
onset at follow-up using multidomain features. This compo-
nent extends beyond traditional biomedical risk scores by

JMIR Med Inform 2026 | vol. 14 187374 1 p. 6
(page number not for citation purposes)


https://medinform.jmir.org/2026/1/e87374

JMIR MEDICAL INFORMATICS

incorporating behavioral, psychosocial, and socioeconomic
predictors.

Model objectives emphasize personalization, interpretabil-
ity, and temporal continuity, ensuring that predictions remain
clinically meaningful and adaptable as health states evolve.

Simulation Modeling

Given the availability of only 2 MIDUS waves, the simula-
tor implements a single-step, between-wave state-transition
model (wave 2 = wave 3). Therefore, it supports coarse-
grained progression modeling and scenario-based sensitivity
analysis but not continuous, multistep temporal dynamics or
online updating. The counterfactual simulations are predic-
tive rather than causal: they quantify how model-estimated
diabetes risk changes when selected inputs are perturbed,
holding the learned model structure fixed. They do not
represent real-world intervention effects. The simulation
module operationalizes the DT’s capacity to model how an
individual’s predicted diabetes risk evolves under chang-
ing behavioral and psychosocial conditions. Conceptually,
the simulator is designed as a coarse-grained state-transi-
tion system, where each participant’s health state at a
future timepoint is estimated as a function of their baseline
characteristics and current states. These states summarize
multidomain attributes, including biological (eg, BMI and
hypertension), behavioral (eg, physical activity, smoking, and
alcohol use), and psychosocial (eg, anxiety and depression),
into interpretable clusters that represent distinct risk levels.

To model transitions, a supervised learning function
approximates P(S;, | S, X;), where S; and S;,; denote
latent health states at consecutive waves and X, represents
observed features. Given the availability of only 2 MIDUS
waves, this formulation supports single-step, between-wave
transition modeling rather than fine-grained or continuous
temporal dynamics. This enables the simulator to reproduce
observed between-wave progression patterns progression
patterns and estimate next-state probabilities under hypotheti-
cal scenarios.

Counterfactual reasoning is implemented through
predictive scenario simulation, in which modifiable factors
(eg, body weight, physical activity, smoking, alcohol use,
stress, and depression scores) are systematically perturbed
to assess their influence on predicted transition probabilities
and future diabetes risk. The simulator then recomputes the
resulting state distributions and outcome probabilities using
the trained transition and outcome models.

By comparing such simulated trajectories, the DT
supports multifactor “what-if” analysis at both individual and
population levels, enabling exploration of model sensitivity to
changes in key risk factors. Methodologically, this simu-
lation framework complements the predictive component:
while prediction estimates a static risk at a given timepoint,
the simulator enables exploratory analysis of coarse-grained
health evolution across survey waves.

The counterfactual simulations implemented in this
framework are predictive rather than causal. They quantify
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how model-estimated risk changes when selected input
variables are perturbed and do not represent real-world
intervention effects. Accordingly, these simulations should be
interpreted as model-based sensitivity analyses and hypothe-
sis-generation tools, rather than estimates of causal impact or
decision-grade clinical recommendations.

Integration

Together, prediction and simulation form the methodologi-
cal foundation of the DT. Prediction provides individualized
risk estimates, whereas simulation allows for the exploration
of dynamic scenarios and potential interventions. This dual
design ensures that the DT framework not only forecasts
outcomes but also offers actionable insights for prevention
and management in diabetes and other chronic diseases.

Agentic LLM Workflow and
Reproducibility

The feature selection component is implemented as a
retrieval-augmented, LLM-driven agent. We used OpenAl
GPT-3.5 turbo (OpenAl Python SDK, openai>=1.0.0) with
a temperature of 0.3 to reduce stochasticity. For each MIDUS
variable, the agent receives the variable’s name and meta-
data together with ontology-grounded context retrieved from
6 diabetes-related ontologies: Diabetes Mellitus Diagnosis
and Support Ontology, DMTO, BioMedBridges Diabetes
Ontology, Common Diabetes Medications Ontology, FASTO,
and the Study Cohort Ontology.

Additional details are provided here:

* Ontology RAG. Feature names and ontology con-
cept labels are embedded using sentence transform-
ers (allMiniLML6v2). For each feature, the topk =5
ontology concepts above a similarity threshold of 0.3
are retrieved. For each retrieved concept, ontology
relationships are extracted as triples (eg, Type2Diabe-
tes = hasRiskFactor = Obesity), and short concept
explanations are generated and filtered. These labels,
Internationalized Resource Identifiers, triples, and
explanations form a structured context block injected
into the LLM prompt.

* Prompt and output schema. The LLM is promp-
ted with a fixed system instruction and a user tem-
plate containing (1) MIDUS variable metadata, (2)
retrieved ontology context, and (3) an explicit scor-
ing rubric. The model must return valid JSON with
fields {relevance_score € [0,1], classification (Direct/
Indirect/Unrelated), reasoning}.

e Iteration and thresholds. Features are processed in
batches of 40. If a feature’s relevance score is below
0.3, it is requeried once with expanded ontology
context; if it is still below the threshold, it is exclu-
ded. This bounded control flow ensures deterministic
termination. Final selection is performed by ranking
features by relevance_score and retaining the top 200.

* Reproducibility. We fix the feature-processing order,
ontology-retrieval parameters, and LLM temperature
and record all configuration parameters, data and
ontology versions, and LLM outputs in run logs.
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Baseline selectors (L1-regularized logistic regression
[LASSO] and MI) use random_state =42 to ensure
deterministic comparisons.

* Agent orchestration layer. The orchestration layer
acts as a central controller that sequentially invokes
specialized agents, including ontology mapping, feature
selection, data harmonization, prediction, and simula-
tion. Agents do not communicate peer-to-peer; all
interactions are mediated by the orchestrator. Feedback
loops are implemented, wherein simulation outputs
are checked for semantic consistency against ontol-
ogy constraints and refined when inconsistencies are
detected.

Ethical Considerations

This study used publicly available, deidentified data and
did not involve interaction with individuals or the use of
identifiable private information; therefore, it did not involve
a human subject as defined under 45 CFR 46.102 [21], and
institutional review board review was not sought. Informed
consent for this secondary analysis was not required. Data
were accessed and analyzed in accordance with the applica-
ble MIDUS and Inter-university Consortium for Political and
Social Research data use terms [22]. To ensure compliance
with these terms, the LLM was strictly provided with variable
names, feature descriptions, and other documentation-level
metadata; no participant-level or individual MIDUS data was
entered into the LLM.

Results

Cohort Characteristics

After applying inclusion criteria, the analytic cohort consisted
of 4174 participants with complete records in both MIDUS
wave 2 (baseline) and wave 3 (follow-up), allowing indi-
vidual trajectories to be tracked longitudinally. The sample
size, therefore, remained constant across waves (n=4174),
although the number of participants with diabetes increased
over time. The mean age at baseline was 56.0 (SD 124)
years; 54.8% (n=2288) were female. By wave 3615 (14.7%),
participants met the diabetes definition, indicating a moderate
class imbalance.

As shown in Table 2, across both waves, participants who
had or developed diabetes were older, more often male, had
lower education and household income, and showed higher
cardiometabolic burden (eg, BMI and hypertension) than
those without diabetes. Behavioral differences were smaller,
but people with diabetes reported slightly higher levels
of light physical activity at follow-up, possibly reflecting
postdiagnosis behavior changes. By wave 3, depressive
symptoms were also higher in the diabetes group.

https://medinform jmir.org/2026/1/e87374
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Feature-Selection Outcomes

Ontology- and LLM-assisted feature selection yielded a
curated set of predictors spanning biological, behavioral,
psychosocial, and socioeconomic domains. A representative
subset is shown in Table 3. As expected, classic biomedi-
cal risk factors—BMI, hypertension, waist-to-hip ratio, and
current weight—were classified as directly relevant. The
pipeline also surfaced function- and lifestyle-related variables

Lietal

(eg, basic activities of daily living, shortness of breath
while walking, and health limits walking >1 mile), which
capture mobility and cardiopulmonary reserve and are not
always selected by purely statistical filters. In addition,
socioeconomic (household income) and psychosocial (anxiety
symptoms) variables were retained as indirectly relevant,
extending the model beyond a biomedical-only view of
diabetes risk.

Table 3. Representative variables selected by ontology- and LLM®-assisted feature selection for diabetes risk prediction.

Relevance
Variable Domain classification  Ontology alignment (examples) Notes/explanation
Body Mass Index - Biological 0.8 (direct) DMTOP: 0000362 (overweight/ BMI is a well-established indicator of obesity and
Metric obesity) a major risk factor for diabetes.
Age Biological 0.8 (direct) DMDSONTY: Patient_hasAge; Age is a strong predictor due to accumulated
SNOMED CT¢%: chronological age lifestyle exposures and metabolic changes.
Hypertension (ever Biological 0.8 (direct) DMDSONT: Hypertension_b Hypertension is a known comorbidity and a direct
diagnosed, 12 mo) risk factor for type 2 diabetes.
Any chronic conditions Biological 0.8 (indirect) DMTO: DDO_0000201 (chronic Multimorbidity contributes to systemic
(12 mo) disease) inflammation and increases diabetes risk.
Weight compared to 5 Biological 0.8 (indirect) DMTO: DDO_0000130 (weight Weight gain over time is closely associated with
years ago trajectory) higher diabetes risk.
Current weight (pounds)  Biological 0.8 (direct) DMTO: DDO_0000130 (weight) Absolute weight is a central predictor of diabetes
risk.
Waist-to-hip ratio Biological 0.8 (direct) DMTO: DDO_0000320 (waist Central obesity predicts diabetes more strongly
circumference) than BMI alone.
Basic activities of daily Behavioral 0.7 (indirect) DMTO: DDO_0000127 (activity Functional limitations are correlated with higher
living (3-item) level) chronic disease risk.
Shortness of breath while Behavioral 0.7 (indirect)y ~ DMTO: DDO_0009259 (respiratory ~ Reduced capacity reflects poorer cardiometabolic
walking function) health.
Health limits walking >1 ~ Behavioral 0.7 (indirect) DMTO: DMTO_0001830 (walk) Mobility restrictions often signal underlying
mile cardiometabolic burden.
Household income Socioeconomic 0.6 (indirect) FASTO®: socioeconomic factor Lower income is associated with limited health
care access and higher diabetes risk.
Anxiety symptoms Psychosocial 0.6 (indirect) DMTO: DDO_0000483 (anxiety) Anxiety can indirectly influence diabetes risk via

stress responses and lifestyle.

4LLM: large language model.
YDMTO: Diabetes Mellitus Treatment Ontology.
°DMDSONT: Diabetes Mellitus Diagnosis and Support Ontology.

dSNOMED_CT: Systematized Nomenclature of Medicine—Clinical Terms.

®FASTO: FHIR (Fast Healthcare Interoperability Resources) And SSN (Semantic Sensor Network)-based Type 1 diabetes Ontology.

To support transparency, the full ranked list of the top 200
features, including ontology alignment, relevance level, and
notes, is provided in Multimedia Appendix 1. These results
confirm that the ontology-guided, multiagent pipeline can
identify multidomain predictors consistent with a biopsycho-
social model of diabetes.

To evaluate the specific contribution of the ontology-gui-
ded RAG agent, we conducted a comparative ablation study
against 2 established statistical baselines:

1. Lasso: a standard method for sparse feature selection

that penalizes nonzero coefficients.

2. Mutual information (MI): a univariate filter that selects

features based on their statistical dependency with the
target.

https://medinform jmir.org/2026/1/e87374

All methods were restricted to a top-K setting (K=200)
to ensure a fair comparison of information density. The
complete list of 200 features can be found in Multimedia
Appendices 1-3. Selection quality was evaluated based on
downstream predictive performance (area under the receiver
operating characteristic curve [AUC]) and a manual semantic
audit of feature relevance.

As shown in Table 4, the ontology-guided RAG agent
achieved an AUC of 0.82, outperforming Lasso (AUC=0.73)
and MI (AUC=0.78). This indicates that the agent identifies
predictive signals that purely statistical filters overlook.
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Table 4. Ablation study —feature-selection method comparison.

Number of features

Feature-selection method selected AUC? (prediction) “Noise” features included®  Clinical relevance score®
Baseline 1: mutual information 200 0.78 Medium (110) Low

Baseline 2: Lassod (L1) 200 0.73 High (135) Medium

Ours (ontology+LLM® agent) 200 0.82 Low (70) High

2AUC: area under the receiver operating characteristic curve.

b“Noise” features refer to variables classified through manual semantic audit as artifacts or administratively correlated variables without clear causal
or actionable relevance to diabetes risk.

“Clinical relevance score indicates the overall qualitative relevance of the selected feature set to established diabetes risk factors, based on manual
semantic audit.

dLasso: L1-regularized logistic regression.

®LLM: large language model.

Figure 3. Comparative semantic audit of feature selection. (A) Target-relevant features (higher count is better) and (B) artifactual and noisy features
(lower count is better). The RAG agent (blue) selects significantly more target-relevant features (eg, psychosocial determinants and metabolic risk
factors) while suppressing artifactual noise compared to L1-regularized logistic regression (Lasso, green) and mutual information (orange). RAG:

retrieval-augmented generation.
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Beyond raw accuracy, the agentic approach demonstrated
superior semantic precision. Statistical methods frequently
selected “noisy” artifacts: variables that correlate with the
target but lack causal validity.

* Reduction of artifacts: Lasso selected 135 features
classified as noise or administrative artifacts (eg,
“Interviewer ID” and “Data Collection Site’’), whereas
the RAG agent reduced this to 70, effectively filtering
out spurious correlations.

e Actionable versus proxy features: as detailed in Figure
3, the RAG agent prioritized modifiable lifestyle
constructs essential for DT simulation, selecting 21
physical activity items compared to only 4 for Lasso.
Conversely, Lasso heavily relied on “Prescription
Medicine” checklists (31 items vs 7 for RAG). While
prescription history is a strong statistical proxy for
disease, it represents a downstream outcome rather
than an upstream, modifiable risk factor. By favoring

https://medinform jmir.org/2026/1/e87374

upstream determinants (eg, “Lose 10 pounds by diet”),
the agentic framework ensures the resulting DT is
actionable.

Figure S1 and Tables S1-S5 (Multimedia Appendix 4)
provide a detailed ablation and semantic analysis of fea-
ture-selection methods. These results show that ontology-gui-
ded RAG selects a substantially different and nonredundant
feature set relative to Lasso and MI, with greater empha-
sis on modifiable lifestyle and psychosocial constructs and
fewer spurious or administrative artifacts, thereby support-
ing its suitability for interpretable, intervention-oriented DT
modeling.

Prediction Performance

Prediction models were trained on wave 2 features to
predict diabetes onset in wave 3. Of the 4174 partici-
pants, 615 (14.7%) developed diabetes, so the synthetic
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minority oversampling technique was applied during training
to mitigate class imbalance. Three models were evaluated:
random forest, eXtreme gradient boosting, and logistic
regression. A 5-fold cross-validation with stratified splits was
used.

All models showed good discrimination, with tree-based
models performing the best:

* Random forest: accuracy 0.856, AUC 0.826

» eXtreme gradient boosting: accuracy 0.868, AUC 0.829

* Logistic regression: accuracy 0.807, AUC 0.81

Performance improved steadily as additional domains were
added. Models restricted to biological variables reached only
about AUC = 0.75; adding behavioral variables increased
performance to about AUC = 0.79; and using the full

Lietal

multidomain set (biological + behavioral + psychosocial
+ socioeconomic) yielded the best performance (AUC up
to 0.82). This pattern underscores that psychosocial and
functional factors in MIDUS carry incremental signals for
diabetes onset.

Model interpretability was examined with the SHAP
(Shapley Additive Explanations) analysis [23]. As shown
in Figure 4, the highest impact features included hyperten-
sion status, number of chronic conditions, BMI, waist-to-hip
ratio, several functional-limitation items, and indicators of
health monitoring (eg, time since the last blood pressure test).
Together, these suggest that the learned model is capturing
not only metabolic risk but also the accumulation of chronic
disease burden and health care—engagement patterns.

Figure 4. SHAP summary of top 20 features. SHAP: Shapley Additive Explanations.

High blood pressure or hypertension ever -...
Number chronic conditions - 12 months

BMI - metric

Waist-to-hip ratio

Rate health current

Calculated age at interview

Number times lost 10 pounds or more - 10 vy...
Felt satisfied frequency - 30 days

Weight 1 year ago - pounds

High blood pressure ever diagnosed

Rate health 10 years future

Gender

Extremities aches or pain frequency - 30 days
Word list immediate: recalled 2

Health limits climb several flight stair

Basic activity of daily living - 3-item ve...
Time since blood pressure test - number
Compare weight now to 5 years ago

Weight 10 years ago - pounds

Health locus of control - self
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Simulation Findings

State Construction and Risk Stratification

Discrete risk states were introduced to support interpreta-
ble, coarse-grained transition modeling, given the sparse
temporal structure of the data. Clustering is used here only
as a discretization of a continuous predicted-risk score into
interpretable strata. We selected K=3 to align with stand-
ard clinical stratification into low-, medium-, and high-risk
categories. When K>3, the clustering yields finer-grained
strata of the same risk distribution rather than a different
disease model. To preserve semantic comparability across
K, we define the high-risk population as the union of the
highest-risk clusters whose combined size matches the K=3
high-risk group.

Alternative state definitions could be used, including
quantile-based binning of predicted risk, latent class or hidden
Markov models, or continuous-state formulations that avoid
discretization altogether. We selected k-means for this study
because it provides a transparent and data-driven partition of
the risk distribution that is compatible with sparse 2-wave
data. Exploring continuous-time and latent-state models is an
important direction for future work as higher-frequency data
become available.

We fixed the centroids learned at wave 2 and applied them
to wave 3, so that states were compared between waves.

Table 5. State-transition model performance.

Lietal

e Wave 2: low 79.1% with mean risk 3.03% (SD 3.35%),
medium 10.1% with mean risk 27.8% (SD 10.77%),
and high 10.8% with mean risk 93.5% (SD 10.84%)

e Wave 3: low 62.4% with mean risk 1.20% (SD 5.84%),
medium 5.4% with mean risk 49.7% (SD 7.75%), and
high 32.2% with mean risk 90.8% (SD 9.77%)

* Participants changing states: 1414/4174 (33.9%)

The substantial increase in the high-risk group (10.8% =
322%) and one-third of participants who changed states
indicate meaningful between-wave shifts in modeled diabetes
risk, supporting the use of a transition-based, coarse-grained
simulator.

Transition Model (Wave 2 [0 Wave 3)

We trained a state-transition model to estimate

P(Sws | Swa Xwo) Where Sy, and Sy; represent cluster-
based risk states and Xy, is the participant’s wave 2 feature
vector. Given the availability of only 2 time points, this model
captures single-step, between-wave transitions rather than
continuous temporal dynamics. Five-fold cross-validation
with stratified splits was used. Inputs included demograph-
ics, biological, behavioral, psychosocial, and socioeconomic
features. State-transition model performance is summarized in
Table 5.

Model Accuracy (SD), % Macro F1, % Average log-likelihood
XGBoost? 92.54 (1.39) 91.64 -0.2572
Random forest 88.57 (1.31) 79.42 —-0.4089
Logistic regression 60.42 (2.31) 50.22 —0.9475

2XGBoost: eXtreme gradient boosting.

Tree-based models substantially outperformed the linear
baseline, capturing nonlinear interactions among M2 features
and baseline states. Model calibration was further assessed
with Brier scores (=0.07) and expected calibration error
(=0.04), indicating well-calibrated predictive transition
probabilities.

Outcome Model (Diabetes at Wave 3)

To link state evolution to clinical outcomes, we trained a
second model to estimate

Table 6. Diabetes outcome model performance.

P(Yws; = 1| Swa Sw3» Xw2), where Yy denotes
diabetes onset at follow-up. Inputs included baseline features,
wave 2 state probabilities, and predicted wave 3 state
probabilities (soft outputs) from the transition model.

All 3 models achieved strong discrimination; tree-based
models again delivered slightly better calibration, as shown
in Table 6. This 2-stage design (state transition = outcome)
supports progression-aware predictive modeling, consistent
with the framework’s DT abstraction.

Model AUC? (SD), % PR-AUCb, % Brier score
Random forest 90.89 (2.90) 75.60 0.0640
XGBoost® 90.34 (2.80) 75.10 0.0638
Logistic regression 88.69 (1.91) 67.45 0.1089

4AUC: area under the receiver operating characteristic curve.
PPR-AUC: precision-recall area under the curve.
CXGBoost: eXtreme gradient boosting.

https://medinform jmir.org/2026/1/e87374
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Predictive “What-If” Simulator

We then used the trained transition and outcome models
as a predictive scenario-analysis engine. Modifiable wave 2
covariates (weight/BMI, physical activity, smoking, alcohol
consumption, anxiety, and depression) were perturbed, and
the models were rerun to obtain new wave 3 state distribu-
tions and predicted diabetes risk predictions. All simulation
runs were deterministic and logged for reproducibility.

Scenario 1: 10% Weight Reduction (Predictive
Sensitivity Analysis)

A uniform 10% decrease in weight (and hence BMI,
assuming a fixed height) was applied to all 4174 participants
(Table 7).

Table 7. Effect of 10% weight/BMI reduction (predictive simulation).

Lietal

* Participants with any state change: 280/4174 (6.7%)

e Largest single improvement: 53 transitions from high
= low risk

* The model-estimated number of diabetes cases
decreased from 576 to 478 (—98) under this perturbation

¢ Individuals with reduced predicted risk: 2417/4174
(57.9%)

These changes reflect the model’s sensitivity to weight-rela-
ted inputs rather than the projected real-world intervention
effects.

Outcome Preintervention Postintervention Change
Predicted diabetic (count) 576 478 -98
Any state change, n (%) —a 280 (6.7) —

High = low-risk transitions — 53 —
Individuals with reduced risk, n (%) — 2417 (57.9) —

#Not applicable.

Scenario 2: Composite Lifestyle Scenario
(Predictive Sensitivity Analysis)

A composite lifestyle scenario was simulated by increas-
ing physical activity by 1 ordinal category (=20% of the
MIDUS 1-6 scale), switching current smokers to nonsmok-
ers, reducing alcohol consumption by 2 units, and reducing
anxiety and depression scores by 20%.

Model-estimated response includes the following:

* Participants with state change: 300/4174 (7.2%)

* High = low improvement: 49 participants

* The model-estimated number of diabetes cases
decreased from 576 to 506 (—70)

* Individuals with lower diabetes risk: 1417/4174
(33.9%)

Because MIDUS stores activity on an ordinal scale rather
than as minutes per week, the “20% increase” was operation-
alized as a +1 shift in the activity category, which preserves
the semantic meaning of the item.

lllustrative Case Studies

To demonstrate individual-level
simulated 2 patients:
* Case 1 (10% weight loss): 50-year-old male, BMI
29.6 kg/m?, baseline predicted diabetes risk 35.4%.
After perturbing weight-related inputs to reflect a 10%
reduction (BMI 26.6 kg/m?), the model-estimated risk
decreased to 22.1% (—13.3% points).
* Case 2 (composite lifestyle scenario): A 57-year-old
male with a baseline risk of 57.6%. After increased
activity, smoking cessation, reduced alcohol intake, and

exploratory use, we

https://medinform jmir.org/2026/1/e87374

a 20% reduction in lower anxiety/depression scores, the
predicted risk dropped to 36.0% (-21.4% points).

These vignettes show that the same population-trained
simulator can support individualized, predictive “what-if”
reasoning, rather than personalized intervention recommenda-
tions.

Sensitivity and Robustness Checks

To evaluate the stability of the proposed framework and the
robustness of the latent state definitions, we conducted a
series of sensitivity analyses examining alternative perturba-
tion magnitudes, state-definition choices, placebo perturba-
tion, and subgroup calibration:

* Alternative perturbation magnitudes: Weight reductions
of 5% and 15% yielded monotonic decreases in average
predicted diabetes risk (—6% and —14%, respectively).

* State-definition robustness: For K>3, the high-risk state
was defined as the union of the highest risk clusters
whose combined size matched the K=3 high-risk group.
Under this definition, the composition and clinical
profile of the high-risk population remained stable for
K=3-5 (>88% Jaccard overlap; Table S7 in Multimedia
Appendix 4), and transition accuracy varied by <2%.

* Placebo test: A 0% weight change produced <0.3%
difference in risk distribution, confirming model
stability.

» Subgroup calibration: AUCs were consistent across age,
sex, and income tertiles (variation <3%), indicating no
major bias within the modeled population.

To assess the robustness of the latent state definitions,
we performed a sensitivity analysis by varying K from 3
to 5. The “High Risk” state demonstrated high stability,
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maintaining a Jaccard membership overlap of >0.90 across
configurations (see Table S7 in Multimedia Appendix 4).
Increasing K primarily resulted in the granular subdivision of
the “Healthy” state (eg, distinguishing normative vs optimal
profiles) rather than altering the boundaries of the pathologi-
cal state, confirming that the diabetic phenotype represents a
distinct manifold in the data.

Discussion

Principal Results

This study demonstrates the feasibility of constructing a
simulation-capable DT from a public, survey-based data-
set using MIDUS waves 2 and 3. By integrating multido-
main predictors, ontology-guided semantic structuring, and a
2-stage prediction—simulation design, the framework achieved
strong diabetes risk prediction and reproduced meaningful
between-wave risk transitions.

Our results highlight a critical limitation of traditional
statistical feature selection in health informatics: the inability
to distinguish causality from correlation. Although statis-
tically rigorous, Lasso identified “Prescription Medicine”
checklists as top predictors. In a static risk model, these are
useful proxies; however, for a DT simulation, they are dead
ends: one cannot “simulate” removing a history of hernia
repair to cure diabetes. In contrast, the agentic framework
successfully retrieved upstream determinants, such as dietary
behavior and physical activity frequency. This shift from
proxy-based prediction toward modifiable-input simulation
justifies the computational complexity of the LLM layer, as
it enables structured predictive sensitivity analysis (eg, “What
if the patient increases vigorous activity?”) that statistical
baselines cannot support. Across scenarios, observed changes
should be interpreted as responses of the trained model
to input perturbations rather than estimates of real-world
intervention effects.

Generalizability and Portability to Other
Diseases and Datasets

Although diabetes is used as a case study, the proposed
framework is modular and largely reusable across chronic
conditions and public-health datasets. Disease-agnostic
components include (1) the data harmonization and temporal
alignment pipeline, (2) the agent-orchestration and logging
layer (bounded autonomy, traceable message passing), (3)
the general ontology-RAG retrieval mechanism (embedding-
based concept retrieval + structured context injection), (4)
the downstream prediction stack (tree-based and linear
models with calibration/SHAP), and (5) the sensitivity-anal-
ysis interface that perturbs modifiable inputs and re-evalu-
ates model outputs. Disease-specific components primarily
include (1) the ontology set used for grounding retrieval, (2)
the prompt rubric and relevance criteria used by the feature-
selection agent (what constitutes “direct/indirect relevance”
for a target disease), (3) the outcome definition (case
ascertainment and temporal window), and (4) the selection
of modifiable factors emphasized in the scenario analysis.

https://medinform jmir.org/2026/1/e87374
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Porting the framework to a different chronic disease
(eg, cardiovascular disease [CVD] or chronic obstructive
pulmonary disease [COPD]) would involve four practical
steps: (1) define the target end point and prediction hori-
zon consistent with the dataset (eg, incident CVD event,
COPD exacerbation, and hospitalization), (2) swap or extend
the ontology layer using disease-appropriate ontologies/ter-
minologies (eg, condition-specific risk-factor and phenotype
ontologies, and mappings to the Systematized Nomencla-
ture of Medicine [SNOMED] and International Classifica-
tion of Diseases [ICD], where applicable), (3) update the
agent prompt templates and scoring rubric so that relevance
classification and confidence scoring reflect domain-specific
pathways (eg, lipids/blood pressure for CVD; smoking
history, spirometry proxies, and symptom burden for COPD),
and (4) retune the state definition and progression model
to match disease dynamics and data cadence. In datasets
with sparse waves (as in MIDUS), coarse-grained discreti-
zation and single-step transitions can provide an interpret-
able progression abstraction; however, for conditions with
faster dynamics or richer longitudinal sampling, the same
pipeline could replace k-means discretization with quantile
bins or latent-state models (eg, hidden Markov models) and
replace between-wave transitions with continuous-time or
event-based progression models.

Finally, we note that portability also depends on data-
set structure. Survey-based cohorts provide multidomain
exposures but limited clinical end points, whereas electronic
health record (EHR)-based cohorts provide richer outcomes
but noisier measurement and coding artifacts. The frame-
work’s ontology-grounded RAG and semantic auditing steps
are intended to mitigate such heterogeneity by making
feature selection and simulation inputs more interpretable and
traceable, while still requiring disease- and dataset-specific
end point definitions and validation protocols.

Limitations

Data Quality, Missingness, and Measurement
Error

This study relies on the MIDUS dataset, which consists
largely of self-reported behavioral, psychosocial, and health
measures. Such data are subject to recall bias, social
desirability bias, and reporting inaccuracies, particularly for
diet, physical activity, mental health, and substance use.
These errors may attenuate or distort learned associations
and propagate uncertainty into both risk predictions and
counterfactual simulations. Although large sample sizes and
robust machine-learning models can mitigate random noise,
systematic reporting bias remains an inherent limitation of
survey-based DT construction.

MIDUS also exhibits item nonresponse and wave-level
attrition that are likely to be partially missing not at ran-
dom. For example, participants with poorer health may be
less likely to complete follow-up surveys, and sensitive
behaviors may be systematically underreported. While kNN
preserves multivariate structure and reduces information loss,
it cannot recover information that is systematically missing.
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Consequently, both predicted risks and simulated outcomes
may be biased if missingness is correlated with unobserved
health status. Future work should explore explicit missingness
indicators, sensitivity analyses, or joint models of outcome
and dropout when higher frequency or linked EHR data
become available.

Limited Temporal Resolution

The framework is trained on only 2 observation points
MIDUS waves 2 and 3), separated by approximately a
decade. This supports single-step, between-wave transition
modeling but does not capture short- or medium-term disease
dynamics, nor does it allow continuous updating or multistep
forward simulation. As a result, the proposed DT should be
viewed as a coarse-grained, long horizon progression model
rather than a high-resolution temporal simulator. Additional
waves or higher-frequency data (eg, EHRs or wearables)
would be required to support continuous or multistep DT
updating.

Predictive (Not Causal) Nature of
Counterfactuals

The counterfactual “what-if” simulations implemented in this
framework are predictive rather than causal. They assume
that the statistical associations learned by the transition and
outcome models remain stable under hypothetical interven-
tions (eg, weight loss, increased physical activity, and
smoking cessation). Accordingly, quantities such as “98
fewer diabetes cases” represent model-estimated or projec-
ted changes in risk under perturbed inputs, not real-world
treatment effects.

While placebo and monotonicity tests demonstrate internal
numerical stability of the simulator, they do not establish
causal efficacy. Therefore, the simulations reflect model
sensitivity rather than physiologically or clinically validated
intervention outcomes and should be interpreted as sensitiv-
ity analyses and hypothesis generation tools rather than the
estimates of clinical impact. Although the magnitude and
direction of predicted effects are broadly consistent with
major lifestyle intervention trials (eg, the Diabetes Prevention
Program), such comparisons are illustrative only and do not
constitute external validation or causal inference.

Clinical Applicability

The current framework is not intended for direct clinical
deployment. Outputs such as transitions between cluster-
based risk states or changes in population-level predicted
incidence are not directly actionable at the individual patient
level. Instead, the system is designed to support explora-
tory analysis, hypothesis generation, and population-level
planning rather than point-of-care decision-making. Substan-
tial additional work would be required for clinical transla-
tion, including calibration to clinical end points, alignment
with guideline-based thresholds, and integration with EHR
workflows.

Model-based simulations of hypothetical lifestyle changes
also raise ethical and communication concerns. Without

https://medinform jmir.org/2026/1/e87374
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causal validation, simulated risk reductions could be
misinterpreted as guaranteed outcomes, potentially leading
to false reassurance or undue anxiety. Any future clinical
deployment would require careful attention to explainability,
uncertainty communication, and clinician oversight.

State Definition and Discretization

Health states were defined using k-means clustering for
its simplicity, transparency, and compatibility with sparse
2-wave data. However, alternative discretization strategies —
such as quantile-based risk bins, latent class models, hidden
Markov models, or continuous-state formulations—could be
used to define health states without hard clustering. Exploring
such alternatives, particularly in datasets with higher temporal
resolution, represents an important direction for future work.

Scope of the DT

The proposed framework does not implement several features
of mature health care DTs, including continuous synchroni-
zation with real-world data, online learning, bidirectional
patient feedback, or causal intervention modeling. It should
therefore be interpreted as a foundational, offline, simula-
tion-capable DT suitable for population-level exploration and
hypothesis generation rather than a clinically deployed or
continuously updating patient-specific twin.

Comparison With Prior Work

Most existing health care DT prototypes have relied on
narrowly scoped, proprietary datasets, often collected in
clinical settings with limited generalizability. Prior studies
in diabetes modeling [24-26] have focused primarily on
short-term glucose forecasting or clinical risk scoring, with
relatively little emphasis on integrating psychosocial and
behavioral variables. Our approach advances this field in
two ways: (1) by leveraging publicly available, longitudinal
health datasets to promote inclusivity and scalability, and
(2) by combining multiagent orchestration, ontologies, and
LLM reasoning to enable principled, explainable feature
selection. These contributions distinguish our framework
from traditional statistical or machine-learning models and
align with emerging calls for DTs that are both interpretable
and adaptable to real-world complexity.

It is important to note the distinction between the
“simulation-centric” twin presented here and “operational”
twins used in acute care. Our system lacks the continu-
ous, real-time data synchronization typical of industrial DTs
[1]. Instead, it functions as a progression-aware simulator,
a foundational prototype that establishes the semantic and
computational architecture (agents, ontologies, and state
transitions) required for a DT. While currently powered by
static survey waves, this same architecture is designed to
ingest real-time streams (eg, wearables) in future iterations.

Conclusions

This study presents a foundational, progression-aware DT
framework for predictive risk projection using public health
data, rather than a validated dynamic or clinical DT. We show
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how large, heterogeneous cohort datasets can be transformed
into simulation-capable, longitudinal digital patient repre-
sentations using ontology-guided feature selection, agent-
orchestrated LLM reasoning, and machine learning—based
prediction and transition modeling. While the current
implementation is offline and limited to 2 survey waves, it
establishes a methodological foundation for DT construction
as richer and higher-frequency data become available.

A key contribution of this work is demonstrating that
public health data, when semantically aligned and processed
through an LLM-assisted, agent-orchestrated pipeline, can
support not only risk prediction but also predictive simu-
lation. The resulting DT enables the exploration of how
model-estimated risk trajectories change under hypothetical
modifications to modifiable factors, such as body weight,
physical activity, smoking, or psychosocial stress. These
simulations reflect model sensitivity rather than real-world
intervention effects, but they provide a practical and
interpretable way to explore risk dynamics and generate
hypotheses in chronic disease research.

For public health planners and clinical researchers,
this framework enables population-level “what-if” analyses

Lietal

and supports exploratory individualized risk profiling and
scenario analysis grounded in real cohort data. For medi-
cal informatics researchers, the proposed architecture, which
combines ontologies, LLM-based agents, and transition-
aware prediction models, provides a reusable blueprint for
other slowly progressing, multidomain conditions, such as
CVD, frailty, and COPD.

Future work will focus on the following 4 directions:

1. Extending single-step progression to multistep and
higher-frequency updating through integration with
EHR, wearable, and mobile-health data;

2. Incorporating decision-analytic and reinforcement-
learning components to identify which modifiable
factors are most influential for reducing individual risk;

3. Performing external and prospective validation to move
from predictive projections toward decision-grade DTs;
and

4. Integrating causal-inference and trial-linked data to
transition from predictive counterfactuals to causally
grounded DT simulation.
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