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Abstract

In Internet-of-Things (IoT)-based rehabilitation, patient data from wearable sensors (IMU,
EMG, heart rate), clinical assessments, and surveys differ in format and granularity, com-
plicating unified patient-state construction. Existing AI-based systems often omit fatigue
level or rehabilitation stage, or they place large language models (LLMs) in the clinical
decision-making role, exposing patients to hallucination risk. We propose an IoT-ready
framework comprising three components: an input-source-independent context abstraction
pipeline, a digital twin that simulates clinical-score trajectories, and an LLM Agent that
interprets the outputs of a deterministic algorithm and a digital twin as (subject, predicate,
object) Triplets to produce a retrieval-augmented clinical report. The algorithm—not the
LLM—selects the 13-exercise sequence from Shoulder Pain and Disability Index (SPADI)
item-level responses. Explicit per-layer schemas let IoT-sensor branches be added without
changing the downstream interface. Here we evaluate the framework on the clinical-score
path (three patient-reported outcome measures and six range-of-motion measures); the
multi-modal IoT branches maintain deployment-target functionality. On 48 IRB-approved
shoulder rehabilitation patients (144 longitudinal records; augmented to 7200 only to train
the trajectory generator), real-only leave-one-subject-out evaluation gave VAS RMSE 0.658
(0–10) and SPADI RMSE 6.499 (0–100). Ablation across four surface forms revealed a
fidelity–accuracy trade-off—Narrative highest on template fidelity (BERTScore F1 0.250),
raw JSON highest on judge-rated accuracy—and the framework adopts the balanced-
midpoint Triplet form. A claim-level audit of the Triplet-form reports left 22–31% of atomic
claims unsupported (Claude Sonnet and GPT-4o judges) regardless of guideline retrieval.
A raw-LLM control never reproduced the algorithm-defined sequence exactly (0 of 48),
supporting deterministic, auditable sequence selection and the need for clinician review
before clinical use.

Keywords: Internet of Things (IoT); digital twin; shoulder rehabilitation; large language
model (LLM) agent; clinical report generation

1. Introduction
The demand for rehabilitation services continues to grow as populations age and

chronic diseases become more prevalent. For patients with musculoskeletal or neurological
disorders, systematic rehabilitation exercise directly contributes to motor function recovery
and return to daily activities [1]. However, conventional rehabilitation services depend
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on in-person assessments by clinicians, limiting the ability to continuously incorporate
changes in a patient’s condition into exercise prescription.

Advances in wearable sensors and Internet of Things (IoT) technologies can enable
real-time collection of biosignals and movement data through heart rate monitors, In-
ertial Measurement Units (IMUs), and electromyography (EMG) sensors, while clinical
assessments and patient surveys capture subjective symptoms, functional level, and pain
severity. Jameil et al. [2] proposed a digital twin framework for real-time IoT-based health-
care monitoring, and subsequent studies [3,4] have reported sensor data-driven exercise
recommendation methods. Nevertheless, three limitations persist when integrating these
heterogeneous inputs for rehabilitation protocol recommendation.

First, individual data items—heart rate (bpm), acceleration (m/s²), joint angle (de-
grees), and survey response scores—are single-dimensional numerical values from which
one cannot determine whether a patient is fatigued or whether rehabilitation is progressing
on track. Second, data collected from different sources—IoT sensors, clinical assessments,
and patient surveys—vary in collection frequency, format, and semantic unit, making it
difficult to integrate them into a single coherent representation of patient state. Third, many
existing AI-based rehabilitation recommendation systems either feed raw data directly into
models or rely on a single metric (e.g., heart rate zone) for exercise selection, failing to
account for fatigue level, rehabilitation stage, or accumulated exercise history [5,6].

Digital twin technology models and synchronizes the state of a physical entity in a
digital environment in real time. Originating in manufacturing [7], it has been extended to
healthcare [8,9]. Applying digital twins to patients enables physiological status, activity
level, and rehabilitation stage to be represented as a unified multi-dimensional state vector
derived from heterogeneous data sources, including IoT sensors, clinical assessments,
and patient surveys. Bidirectional synchronization—comprising simulation-based state
evolution and feedback from recommendation outcomes—allows continuous tracking of
the patient’s current condition.

Recent generalist medical AI foundation models [10] have demonstrated broad clinical
capabilities; however, their tendency toward hallucination and the difficulty of auditing
their outputs remain barriers to safe clinical deployment. Several studies have explored the
use of Large Language Models (LLMs) as agents across multiple domains [11]. An LLM
Agent retrieves evidence from external knowledge bases via Retrieval-Augmented Gener-
ation (RAG), performs database queries and computations through tool invocation [12],
and synthesizes these inputs to generate natural-language explanations. When applied
to rehabilitation protocol prescription, however, having an LLM directly determine the
exercise sequence renders the system vulnerable to hallucination [13], and recommenda-
tions drift with each model substitution, weakening auditability. A safer complementary
architecture restricts the LLM to interpreting the output of a deterministic recommendation
algorithm, separating clinical decision-making from natural-language generation. This
separation aligns with the safety expectations articulated in the FDA’s Software as a Medical
Device (SaMD) guidance [14], yet no prior study has integrated it with IoT-driven digital
twin patient-state modeling.

Building on the concept of context-aware computing [15], this study proposes a frame-
work that integrates heterogeneous patient data through an input-source-independent
context abstraction pipeline, models the patient state as a digital twin, and produces reha-
bilitation recommendations using a deterministic protocol algorithm and a digital twin
simulation, while restricting the LLM Agent to interpreting the simulation output as a
natural-language clinical report. The context abstraction pipeline transforms patient data
into low-level context (activity intensity, movement patterns) and high-level context (fa-
tigue level, rehabilitation stage). The digital twin patient state model integrates these into a
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multi-dimensional state vector. A deterministic protocol algorithm then derives a sequence
of 13 target exercises from the patient’s SPADI item-level responses, and the digital twin
simulates the trajectory of clinical measures under that sequence. The LLM Agent receives
the simulation outcome as a set of (subject, predicate, object) Triplets and produces a
natural-language clinical report grounded in evidence retrieved through RAG, without
determining the type, order, or intensity of exercises itself. In this paper the framework
is instantiated and evaluated on the clinical-score path of this pipeline (patient-reported
outcome scales and range-of-motion measures); the IoT-sensor branches are defined by the
same layer schemas, and their empirical validation is left as deployment-stage work.

The main contributions of this paper are as follows:

1. We propose a digital twin patient state model that integrates physiological status,
activity status, and rehabilitation progress into a multi-dimensional state vector with
simulation-based state evolution and a feedback loop, and we evaluate its clinical-
score instantiation across nine clinical measures (three patient-reported outcome scales
and six range-of-motion angles) in experiment E1.

2. We design an input-source-independent context abstraction pipeline whose explicit
per-layer schemas transform patient data from low-level context (activity intensity,
movement patterns) into high-level context (fatigue level, rehabilitation stage). The
prototype realizes the clinical-score path of this pipeline; the IoT-stream branches are
specified as deployment-target extensions admitted by the same schemas and are not
empirically evaluated here.

3. We propose an LLM-agnostic framework in which a deterministic protocol algorithm
and a digital twin simulation jointly produce the recommendation, and an LLM Agent
interprets the simulation outcome into a natural-language clinical report grounded in
RAG-retrieved evidence. We validate its feasibility through experiments E2 and E3 on
144 longitudinal records (augmented to 7200) from 48 patients undergoing shoulder
rehabilitation under IRB approval.

The remainder of this paper is organized as follows. Section 2 reviews related work
on IoT-based rehabilitation systems, healthcare digital twins, and LLM Agents. Section 3
describes the overall architecture and components of the proposed framework. Section 4
presents the experimental design, results, and analysis. Section 5 concludes the paper and
discusses future research directions.

2. Related Work
2.1. IoT-Based Healthcare and Rehabilitation Monitoring

IoT-based remote patient monitoring (RPM) combines wearable sensors with cloud
architectures to collect biosignals and support clinical decisions. Shaik et al. [5] reviewed
the canonical “sensor→model→ alert” RPM pipeline, and Baiense et al. [6] documented in
a systematic review that the field remains fragmented across hardware and vendor ecosys-
tems. In the rehabilitation context, Oh et al. [16] applied a 1D-CNN with axis-rotation aug-
mentation to IMU data from 15 hemiparetic stroke patients, achieving approximately 11%
average F1 improvement, and Huang et al. [4] combined a 5-IMU lower-limb rehabilitation
system with an LSTM and dynamic-time-warping similarity scoring; integrated all-in-one
wearable platforms further consolidate multiple physiological channels on commodity
hardware, such as a smartphone-based photonic system for plantar and cardiorespiratory
monitoring [17]. These prior works are typically bound to fixed sensor configurations and
feed raw signals directly into classifiers, outputting a single label (activity class or nor-
mal/abnormal flag). This work introduces an input-source-independent context abstraction
pipeline designed to integrate IoT sensors, clinical assessments, and patient surveys into a
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unified state vector through explicit per-layer schemas; this input-source independence is
a design property, and the present paper evaluates the clinical-score path of the pipeline
(Section 3.2).

2.2. Digital Twins in Healthcare

The digital twin paradigm originated in manufacturing [7] and has been extended
to healthcare [8], with patient-level applications becoming visible in the last three years.
Mikołajewska et al. [9] presented a conceptual framework for rehabilitation patient digital
twins but did not define an explicit state vector or transition function. Khan et al. [18] imple-
mented bidirectional synchronization in a robot-assisted telerehabilitation system; however,
the synchronization is tied to a specific robotic platform’s telemetry, and the system sup-
ports therapist-driven teleoperation rather than automated recommendation generation.
Makarov et al. [19] recently proposed DT-GPT, which uses an LLM to forecast patient health
trajectories but relies on end-to-end generation without RAG or tool calls, offering passive
prediction rather than actionable exercise recommendation. This work explicitly defines
a multi-dimensional state vector s(t) with a transition function s(t+1) = f (st, ut, wt), and
it produces exercise recommendations through a deterministic protocol algorithm cou-
pled with the digital twin simulation while restricting the LLM Agent to interpreting the
simulation outcome as a RAG-grounded natural-language clinical report.

2.3. LLM Agents and Evidence-Grounded Medical Recommendation

Yao et al. [11] established the ReAct paradigm, in which an LLM interleaves rea-
soning with tool calls so that subsequent reasoning is conditioned on tool observations;
Schick et al. [20] showed an alternative path in Toolformer, which internalizes external API
invocation into the model weights through self-supervised learning. In the medical domain,
Zakka et al. [21] applied RAG to a clinical QA system that outperformed a general-purpose
ChatGPT baseline on factuality and completeness across 130 clinical scenarios, and Kim et
al. [22] proposed MDAgents, which adaptively routes queries between solo and multi-agent
configurations based on complexity. Closer to the present context-framework methodology,
other clinical pipelines retrieve heterogeneous structured and unstructured knowledge
to ground LLM decision support [23] or use an LLM for context-aware augmentation of
structured patient records [24]. In the recommendation domain, Huang et al. [25] intro-
duced InteRecAgent, which wraps traditional recommenders as tools orchestrated by an
LLM. However, these agents typically consume raw text (e.g., clinical questions, dialog
history) and leave state abstraction to the LLM’s implicit reasoning. They also place the
recommendation or clinical decision itself in the LLM output, which exposes the system to
hallucination [13] and weakens auditability because the recommendation drifts with each
model substitution. This work differs from the above in three respects. The recommen-
dation, produced by a deterministic protocol algorithm and a digital twin simulation, is
decoupled from the LLM Agent’s role, which is restricted to interpreting that simulation
outcome in natural language. An input-source-independent context abstraction layer is
placed upstream of the agent. And tool access is standardized through the Model Context
Protocol [12], preventing the agent from accessing the framework’s internal logic directly.
As a result, clinical recommendations are deterministic and auditable at the algorithm
level, and the recommended sequence is invariant to LLM model substitution, yielding a
genuinely LLM-agnostic design.

2.4. Context-Aware Recommendation

Foundations and recent neural CARS. Context-aware recommendation (CARS) has
been built on the three paradigms—contextual pre-filtering, post-filtering, and contextual
modeling—formalized by Adomavicius and Tuzhilin [26]. Representative recent neural
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CARS include the multi-context multi-criteria recommender of Afzal et al. [27], a deep
learning model that performs multi-criteria utility prediction across a fixed context schema,
and the temporal preference-transition extension of matrix factorization by Jeong and
Kim [28], which models how user preferences shift over time. LLM-augmented CARS
has emerged in two directions: Dai et al. [29] serialized user history as text and probed
ChatGPT’s ability to rank candidate items directly (point-, pair-, and list-wise) but provided
no retrieval grounding or tool invocation; Huang et al. [25], reviewed in Section 2.3, instead
placed the LLM as an orchestrator over traditional recommenders called tools.

Why classical CARS does not transfer to clinical rehabilitation. Clinical rehabilita-
tion recommendation differs from the consumer-recommendation systems above in ways
that prevent direct transfer. The user state in rehabilitation is longitudinal and clinical
(pain, ROM, disability scales over weeks) rather than a session-level interaction history,
and it is reconstructed from heterogeneous IoT, clinical-assessment, and survey inputs that
consumer CARS systems do not handle. Liu et al. [3], the closest health-adjacent example,
addressed fitness recommendation from Fitbit streams but this was coupled to a specific
sensor schema and did not abstract a multi-dimensional patient-state representation. The
recommendation must also be auditable at the algorithm level for downstream clinical
use, whereas the CARS systems above place the personalization decision inside an embed-
ding model or an LLM and become difficult to audit when the underlying model changes.
Finally, an LLM in this setting is more useful as an explainer of an externally produced
clinical recommendation than as the recommender itself, a role that classical CARS does not
consider. The framework proposed in this paper is positioned at the intersection of these
three properties: it constructs a longitudinal multi-dimensional patient state from heteroge-
neous inputs, derives the 13-exercise sequence through a deterministic protocol algorithm
so that the recommendation is auditable independent of the LLM, and uses the LLM only
to interpret the digital twin simulation outcome of that sequence in natural language.

2.5. Comparison and Positioning

Table 1 compares the proposed framework with representative prior work along the
four axes introduced above.

Table 1. Comparison of representative prior work with the proposed framework across the four axes
of input-source independence, state integration, LLM/Agent usage, and personalization mechanism.
Rows are ordered by thematic grouping rather than publication year.

Input LLM/AgentWork Indep. State Repr. Usage Personalization

Shaik et al. [5] Partial Raw None (DL) Single-metric
Oh et al. [16] None Raw None (CNN) Single-metric
Mikołajewska et al. [9] Partial Raw None Single-metric
Khan et al. [18] None Raw None Fixed
Makarov et al. [19] Partial Raw tokens LLM w/o grounding Single-metric
Yao et al. [11] Partial Raw ReAct (LLM + tools) None
Zakka et al. [21] Strong (text) Raw LLM + RAG (single-shot) None
Huang et al. [25] Partial Raw LLM + tools (ReAct-adj.) Single-memory
Liu et al. [3] None Raw None Embedding
Dai et al. [29] Partial Raw LLM w/o grounding LLM ranking
This work Strong (design) Abstracted multi-dim LLM reporter + RAG + MCP tools Multi-dim state

As the table shows, none of the reviewed frameworks combines input-source inde-
pendence, a multi-dimensional state vector, and an LLM Agent restricted to interpreting
algorithmic and digital twin outputs through RAG-grounded tool invocation. Section 3
addresses this gap in the rehabilitation protocol recommendation domain by separating
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the deterministic, auditable recommendation from the LLM, whose role is restricted to
natural-language clinical reporting.

3. Proposed Framework
3.1. System Overview

The proposed framework transforms patient data collected from input sources (IoT
sensor streams, clinical assessments, and patient surveys) into a unified state representation,
produces recommendations through a deterministic protocol algorithm and a digital twin
simulation, and employs an LLM Agent to interpret the simulation outcome as a natural-
language clinical report. The framework comprises three components. First, the context
abstraction pipeline converts input data into low-level context and high-level context
(Section 3.2). Second, the digital twin patient state model integrates the transformed
context into a multi-dimensional state vector and simulates trajectories of clinical measures
under the exercise sequence produced by the deterministic protocol algorithm (Section 3.3).
Third, the LLM Agent receives the simulation trajectory as a set of (subject, predicate,
object) Triplets and produces a natural-language clinical report grounded in RAG-retrieved
evidence; the agent accesses the algorithm and simulation only through standardized tool
interfaces (Section 3.4). The overall data flow is shown in Figure 1.

Physical world

Digital twin

Patient
Input sources

IoT sensors  (HR, IMU, EMG)
Clinical assessments

Patient surveys

Clinician
review

approved protocol + report

Context
abstraction

Raw data
Low-level
High-level

Patient state model
State vector

s(t)
Protocol algo.

SR1..SR13

Trajectory:  s(t + 1) = f(s, u, w)

0 w 2 w 4 w 8 w

feedback

LLM agent
Triplet
(s, p, o)

ReAct
loop

RAG Tools

Clinical
report
natural

language
+ citations

data
acquisition

report
delivery

System component LLM agent (proposed) Data flow Feedback Physical-digital sync

Figure 1. Overall architecture of the proposed framework. Heterogeneous input sources (IoT
sensors, clinical assessments, and patient surveys) are unified by the context abstraction pipeline
into low-level and high-level context. The digital twin patient state model integrates the high-level
context into a multi-dimensional state vector s(t) and updates it through a state transition function.
A deterministic protocol algorithm derives a sequence of 13 exercises from the patient state, and
the digital twin simulates the trajectory of clinical measures under that sequence. The simulation
trajectory is abstracted into a set of (subject, predicate, object) Triplets, which the LLM Agent interprets
into a natural-language clinical report through a ReAct loop with RAG-grounded evidence. The
agent invokes the algorithm and simulation only through standardized tool interfaces and does not
determine the exercise sequence itself. Bidirectional synchronization between the physical patient
and the digital state is maintained by the outer cycle: the clinician-reviewed recommendation is
delivered to the patient, whose exercise outcomes and biosignals are subsequently captured by the
input sources and reflected back into the state vector.
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3.2. Context Abstraction Pipeline

In IoT-based rehabilitation, input sources are heterogeneous. IoT devices such as heart
rate monitors, Inertial Measurement Units (IMUs), and electromyography (EMG) sensors
use different collection frequencies and value formats, while clinical assessments and
patient surveys are recorded in natural language or scored form. The proposed framework
transforms these heterogeneous inputs into a structured representation of the patient state
through an input-source-independent context abstraction pipeline. The pipeline comprises
three layers—the Raw Data Layer, the Low-level Context Layer, and the High-level Context
Layer—where the input and output of each layer are defined by explicit schemas. The
overall structure is shown in Figure 1.

The Raw Data Layer accepts raw data collected from input sources and classifies each
input into one of three data types. A simpleType holds a single scalar value (e.g., heart rate,
step count, speed); a complexType holds structured data (e.g., three-axis IMU acceleration,
multi-channel ECG); and an unstructuredType holds non-tabular data (e.g., posture images,
audio, patient survey responses). Each raw observation is stored with metadata describing
its length, format, and unit; this enables subsequent layers to operate independently of the
specific input source. The input is raw data from input sources, the processing consists of
metadata tagging and type classification, and the output is typed raw observations.

The Low-level Context Layer transforms typed raw observations into quantitative
context that is numerically interpretable. The transformation is performed per input type.
Posture images are converted into Range of Motion (ROM) values after skeleton coordinate
extraction; three-axis IMU acceleration is mapped to movement intensity; and step counts
from a smartwatch are aggregated into time-windowed activity levels. The input is typed
raw observations, the processing consists of per-type transformation functions (coordinate
extraction, signal feature computation, aggregation, and the like), and the output is low-
level context such as activity intensity, movement patterns, and ROM.

The High-level Context Layer integrates low-level context to derive clinically mean-
ingful high-level state. Fatigue level is estimated from temporal changes in activity intensity
and heart rate variability; rehabilitation stage is inferred by combining the ROM trajectory
with rehabilitation history. The input is sequences of low-level context, the processing
consists of temporal integration and clinical rule application, and the output is high-level
context such as fatigue level and rehabilitation stage.

The final output of the pipeline serves as the input to the digital twin patient state
model described in Section 3.3.

Scope of the prototype implementation. The architecture above describes the input-
source-independent design across all three data types. The prototype evaluated in Section 4
implements the clinical-scoring path only: the three patient-reported outcome scales and six
range-of-motion measures detailed in Section 4.1 enter the Raw Data Layer as simpleType
observations and are passed through to the High-level Context Layer as patient-state
features for the digital twin. The IMU signal-processing path (acceleration→movement in-
tensity), the posture-image path (skeleton extraction→ ROM), and the heart-rate-variability
fatigue estimator are part of the deployment-target architecture and are not exercised in the
experiments of this paper. The IRB-approved cohort dataset (Section 4.1) does not contain
IoT sensor streams, and full multi-modal validation is left as deployment-stage work. The
framework’s input-source independence claim is therefore a design property (each layer
is defined by explicit schemas that admit additional input types without changing the
downstream interface), not an empirical claim of this paper.
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3.3. Digital Twin Patient State Model

The digital twin patient state model takes the output of the context abstraction pipeline
as input, integrates patient state data into a multi-dimensional state vector, and continu-
ously updates it through bidirectional synchronization comprising simulation-based state
evolution and exercise outcome feedback.

State vector definition. The patient state vector st ∈ Rd comprises three parts: physi-
ological status, activity status, and rehabilitation progress. Physiological status includes
fatigue-related indicators derived from heart rate variability and activity intensity; activity
status includes movement patterns and ROM variability; and rehabilitation progress in-
cludes exercise history and temporal trajectories of clinical measures (e.g., SPADI, K-DASH,
VAS, and six ROM metrics).

State transition function. The transition from time t to t + 1 is defined as follows:

st+1 = f (st, ut, wt)

where ut is the rehabilitation protocol applied during the interval—the 13-exercise sequence
produced by the deterministic protocol algorithm from the patient state (Section 3.4 step 1)—
and wt is process noise capturing individual variability and measurement uncertainty. The
function f is realized by per-feature random-forest regressors [30] trained independently for
each of the nine clinical measures (three patient-reported outcome measures and six range-
of-motion measures). In the leave-one-subject-out backend comparison of Section 4.3.1
(Table 3), TabPFN [31]—explored in prior work—ranked best on all nine measures (mean
rank 1.00, mean %RMSE 4.02%), but it requires a proprietary license token and therefore
cannot be part of a fully reproducible pipeline. We consequently adopt random forest, the
best-performing license-free backend (lowest mean %RMSE and best mean rank among the
six alternatives Ridge, ExtraTrees, GradientBoosting, HistGradientBoosting, XGBoost, and
CatBoost), and we leave TabPFN as a drop-in option for licensed users. Each model takes
the patient profile and the prior state vector as input and predicts the measure values at the
next time step. The current implementation does not directly condition each per-feature
regressor on the exercise sequence ut itself; this is a known simulator limitation discussed
in Section 4.4 (Limitation 5). As a consequence, the trajectory generated under a fixed
algorithm output should be interpreted as state evolution over the rehabilitation interval
rather than as a counterfactual simulation comparing alternative protocols. This restricts the
use of the simulator in this paper to a single-protocol forward roll-out, which is sufficient
for the feasibility experiments in Section 4 but not for protocol-vs-protocol comparison.

State estimation pipeline. State updates follow a standardized five-stage procedure:
observation preprocessing (preprocess), control input augmentation (augment), core predic-
tion (core estimate), output post-processing (postprocess), and validity checking (validate).
The procedure is summarized in Algorithm 1, where each stage is defined as a replaceable
component through an abstract interface. This design allows different prediction models to
be combined across clinical measures while preserving a consistent state update flow.

Bidirectional synchronization. The state model is synchronized with the physical
patient through two update channels.

• Physical → Digital (sensor synchronization): Data collected from input sources are
converted to high-level context through the context abstraction pipeline and then
reflected in the state vector. This update is performed asynchronously at the sensor
sampling rate and the clinical assessment schedule.

• Digital→ Physical (feedback loop): The rehabilitation protocol produced by the deter-
ministic protocol algorithm and the natural-language clinical report generated by the
LLM Agent (Section 3.4) are delivered to the patient after clinician review, and the
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patient’s exercise outcomes are collected as observations and reflected back into the
state vector. This update is performed at the end of each exercise session.

Algorithm 1: State estimation pipeline
Input: previous state st, observation ot+1, control input ut

Output: updated state st+1

onorm ← PREPROCESS(ot+1);
oaug ← AUGMENT(onorm, ut);
snew ← COREESTIMATE(oaug, st);
snew ← POSTPROCESS(snew);
VALIDATE(snew);
return snew

Iterative simulation. The state transition function is applied iteratively at the clinical
assessment cadence (baseline, week 2, week 4, and week 8) to simulate long-term rehabili-
tation trajectories. The framework uses an open-loop simulation over the fixed sequence
produced by the deterministic protocol algorithm; the resulting trajectory is then handed
to the LLM Agent for natural-language interpretation (the input representation, in partic-
ular the Triplet abstraction, is defined in Section 3.4). Closed-loop operation—in which
clinician-validated patient outcomes feed back into the next cycle’s algorithm input—is
supported by the same architecture and is activated at clinical-deployment time.

3.4. LLM Agent-Based Clinical Reporting

The role of the LLM Agent is to interpret simulation outputs, not to make clinical
decisions. In the proposed framework, the type, order, and intensity of exercises are
produced by a deterministic protocol algorithm operating on the patient state, and the
resulting trajectories of clinical measures under that protocol are simulated by the digital
twin patient state model (Section 3.3). The LLM Agent’s role is restricted to (1) synthesizing
algorithm and simulation outputs into a natural-language clinical report, (2) grounding the
report in evidence retrieved through RAG, and (3) orchestrating tool invocations to access
the algorithm and simulation through standardized interfaces.

This role separation aligns with general safety constraints on medical AI—for example,
the clinical-evaluation expectations articulated in the FDA Software as a Medical Device
guidance [14] (an architectural-alignment observation, not a regulatory clearance)—and
structurally prevents the LLM from altering the exercise sequence itself, the pathway by
which an LLM hallucination [13] could otherwise reach the patient; residual hallucination
in the report narrative is a separate concern quantified in Section 4.3.4 (Limitation 6).

Workflow. A single recommendation cycle for one patient comprises the following
seven steps.

1. Protocol generation (algorithm). A deterministic protocol algorithm produces a
sequence ut of 13 exercises (SR1 through SR13) from the patient’s SPADI item-level re-
sponses (N1–N13), using the deterministic SR pain-ranking formula from our previous
work [32].

2. Trajectory simulation (DT). The digital twin state model (Section 3.3) takes ut as
a control input and generates trajectories for nine clinical measures (VAS, SPADI,
K-DASH, and six ROM measures) over the assessment cadence (baseline→ week 2
→ week 4→ week 8).

3. Result abstraction (Triplet). The simulation trajectory is converted into a set of (sub-
ject, predicate, object) Triplets—for example, (AnalysisResult, hasAverageEffect,
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“10%”), (AnalysisResult, isGoalAchievable, “true”), (AnalysisResult,
hasMaximumEffectMetric, “SPADI”).

4. LLM reporting. Given the Triplet set and patient context (demographics, baseline
state), the LLM Agent generates a natural-language clinical report covering (i) a
summary of the simulation outcome, (ii) the clinical interpretation of the recovery
trajectory, and (iii) the rationale for the prescribed exercises.

5. Evidence grounding (RAG). The LLM retrieves relevant chunks from a rehabilitation
guideline corpus (AAOS, AMA criteria, clinical protocol) and adds inline citations
(e.g., [ref_aaos_rom]) to the report.

6. Tool invocation. The LLM accesses the algorithm module and digital twin simulation
through a standardized Model Context Protocol interface [12]; it does not access the
framework’s internal logic directly.

7. Clinician review (human-in-the-loop). The final report is reviewed by a clinician
before being delivered to the patient.

Structural safety and LLM-agnostic design.

• Because the LLM does not determine exercise order, clinical recommendations remain
deterministic and auditable at the protocol-algorithm level.

• The recommended sequence is invariant under LLM model substitution, realizing a
genuinely LLM-agnostic framework.

• Patient raw data passes through the algorithm and the digital twin, reaching the
LLM only as abstracted Triplets, minimizing direct exposure of identifiable patient
information when an external LLM API is used.

4. Experiments
4.1. Dataset

The dataset was collected at Korea University Anam Hospital as part of a shoul-
der rehabilitation project. Data collection was approved by the Korea University Anam
Hospital Institutional Review Board (IRB No. 2025AN0595, approved 9 December 2025;
valid through 30 November 2026), and written informed consent was obtained from
all participants.

The cohort comprised 48 patients undergoing shoulder rehabilitation. Each patient
underwent a baseline evaluation and three follow-up assessments (week 2, week 4, and
week 8), yielding 144 longitudinal records. The rehabilitation protocol consisted of a person-
alized sequence drawn from 13 target exercises. Two categories of variables were recorded.
Patient profile attributes comprised age, sex, height, weight, smoking status, and alco-
hol consumption. Clinical measures comprised three patient-reported outcome measures
(PROMs)—a 0–10 shoulder-pain rating (recorded as “VAS (NRS)” in the source dataset and
abbreviated VAS hereafter; a 0–10 range is consistent with a numeric rating scale), the Shoul-
der Pain and Disability Index (SPADI; 0–100) [33], and the Korean version of the Disabilities
of the Arm, Shoulder, and Hand questionnaire (K-DASH; 0–100) [34,35]—together with
six range-of-motion (ROM) indicators (flexion, abduction, extension, adduction, internal
rotation, and external rotation).

Because the 144 longitudinal records alone were insufficient for training the multi-step
trajectory generator used in E2/E3, the dataset was augmented to 7200 records through a
three-stage pipeline: weekly preprocessing expanded the 48 baseline records to 144 longitu-
dinal records, a CatBoost ensemble regression model [36] was trained on the preprocessed
data, and the trained model generated additional synthetic records with injected noise. To
prevent data leakage, the train/test split was performed before augmentation.
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Because the augmentation pipeline is a prior-work product, we validated the quality
of its output rather than the generation process. (i) Marginals: the augmented follow-up
values were statistically indistinguishable from the real observed follow-ups for seven of the
nine measures (two-sample Kolmogorov–Smirnov, p > 0.05), deviating significantly only
for VAS and ROM_ADD. (ii) Input–output structure: the baseline-to-follow-up correlation
in the augmented data closely tracked that of the real data (e.g., ROM_FLEX 0.986 vs.
0.986), preserving the autoregressive recovery relationship. (iii) Range: injected noise
pushed a fraction of input values outside the valid clinical range (VAS 10.6%, ROM_ADD
17.3%). (iv) Utility: on an 80/20 holdout, a predictor trained on augmented rows did not
improve accuracy on held-out real patients over real-only training (mean RMSE difference
+0.76; real-only was better on seven of nine measures). Accordingly, every accuracy figure
reported in this paper (Table 4) is computed under real-only LOSO with no augmentation;
augmentation was used only to train the E2/E3 trajectory generator, and because E2/E3
compare surface representations of the same trajectory and make no trajectory-accuracy
claim (Section 4.2.5), this choice does not affect their conclusions.

The corresponding statements required by MDPI (Institutional Review Board State-
ment and Informed Consent Statement) are provided at the end of the manuscript.

4.2. Experimental Setup
4.2.1. Evaluation Metrics

Because the LLM Agent does not determine exercise order, sequence-ranking metrics
(PAS, Kendall’s τ, Hit@K) do not apply to its interpreter role, and the primary evaluation
target is the semantic quality of the LLM-generated clinical report. These sequence-ranking
metrics are reported only for an auxiliary control baseline (Section 4.4) in which a raw LLM
is asked to produce the exercise sequence directly, to quantify the failure mode that the role
separation avoids; the full per-condition metrics are available in the released result files.

Primary metrics: BERTScoreF1 [37] (DeBERTa-xlarge-mnli [38], baseline-rescaled):
token-level embedding similarity between the LLM report and a reference report. We
follow the semantic-similarity evaluation in our previous work [32] (Section 4.3.9 of
that dissertation) and reproduce it on the IRB-approved cohort reported in this paper.
Sentence-Transformer Cosine Similarity [39] (all-MiniLM-L6-v2): document-level embed-
ding cosine similarity.

Both metrics directly compare candidate reports against the same reference; differences
between input-form variants therefore reflect differences in the LLM’s interpretation rather
than in the underlying simulation.

Secondary metrics: RAG citation rate: the number of inline citations of retrieved
chunks per patient under the RAG-on configuration. This confirms that the RAG mech-
anism operates as designed. Word count: the report-length distribution. All reports fall
within the 250–350-word band, so BERTScore comparisons are not confounded by length
differences. DT trajectory plausibility rate: out-of-clinical-range rate and reverse-direction
step rate of simulated trajectories. Reported as part of E1.

All 95% confidence intervals are estimated using 1000-replicate bootstrap resampling [40].

4.2.2. Experimental Design (E1/E2/E3)

The experiments are organized into three sub-experiments, each mapping to one
framework contribution.

• E1—Digital Twin State Prediction and Simulation Reliability: We report held-out
RMSE of the random-forest-based state predictor under leave-one-subject-out (LOSO)
48-fold evaluation [41], disaggregated across nine clinical measures and three follow-
up timepoints, along with the trajectory out-of-range and reverse-direction rates,
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to quantify the feasibility of the state transition function f and simulation stability
(Contribution #1).

• E2—Effect of Input Representation on LLM Interpretation: We measure BERTScore
F1 and Cosine Similarity differences when the same simulation outcome is fed to
the LLM in four surface forms: (i) the Triplet abstraction, (ii) a Quintuple form that
extends the Triplet with explicit (timepoint, source) provenance metadata, (iii) a
deterministic Narrative prose summary pre-rendered from the same fields, and (iv) the
raw trajectory JSON (Table 2). This validates the contribution of the explicit context
abstraction layer and probes the marginal effect of stronger surface abstraction on
LLM interpretation quality (Contribution #2).

• E3—RAG-Grounded Citation Effect and Clinical Scenario Validation: We compare
Triplet-input reports with and without RAG to measure the BERTScore and Cosine
impact of evidence retrieval, and we report the RAG citation rate as a mechanism
check. We additionally include an LLM-as-judge evaluation [42] in which Claude
Sonnet rates the Haiku reports for accuracy, completeness, and evidence clarity, and
we present input/output illustrations for three patient profiles (Contribution #3).

Table 2. Evaluated variants in the context-representation ablation matrix. The proposed configuration
is Triplet + RAG. Quintuple extends the Triplet form with explicit (timepoint, source) provenance
metadata; Narrative pre-renders the same content as a deterministic prose summary; and JSON is the
raw trajectory form. All four surface representations carry the same underlying information (patient
context, four-timepoint trajectory, protocol summary, AAOS-normal goal-achievement flags); only
the surface form fed to the LLM differs.

Variant Input Form RAG Verification Target

Triplet + RAG
(proposed)

(subject, predicate, object) on Reference

Triplet (subject, predicate, object) off RAG effect (Contribution #3)
Quintuple (subject, predicate, object,

timepoint, source)
off Marginal effect of adding tempo-

ral/provenance metadata to Triplet
Narrative deterministic prose summary

pre-rendered from the same fields
off Effect of stronger surface abstraction

(Triplet→ natural-language prose)
JSON + RAG raw trajectory JSON on Auxiliary input-form ablation
JSON raw trajectory JSON off Input-form ablation (Contribution #2)

Bold indicates the proposed Triplet + RAG configuration.

4.2.3. Evaluated Variants (Context-Representation Ablation Matrix)

The Random, Frequency, and Rule baselines used in the previous design were intended
for sequence-alignment comparison. They do not occupy a baseline slot in the present
evaluation: with the underlying simulation outcome held constant across variants, the
comparison axis is the surface form in which that outcome is fed to the LLM. These
sequence baselines therefore appear in Section 4.3 only as auxiliary checks on the output of
the protocol algorithm.

4.2.4. Reference Reports and Their Limitations

The reference report is a clinical report synthesized deterministically from the sim-
ulation Triplets via a fixed template. All LLM output variants are compared against the
same reference, so differences across variants reflect differences in LLM generation rather
than in the underlying simulation. However, because the reference is template-generated
rather than physician-authored, absolute scores have limited clinical interpretability (see
Section 4.4 Limitations). To partially compensate, we include an LLM-as-judge evaluation
in Section 4.3.3 as a complementary indicator.
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4.2.5. Implementation Details

• Evaluation cohort and the two roles of the state predictor: The state predictor is
used in two distinct roles that rely on different data splits, and the two must not be
conflated. (i) Accuracy evaluation (E1, Table 4). Held-out RMSE is measured under
leave-one-subject-out (LOSO) 48-fold cross-validation on the original 48-patient cohort;
every reported error is therefore a genuine held-out prediction, and these are the only
predictive-accuracy figures claimed in this paper. (ii) Trajectory-input generation (E2/E3).
To supply the trajectory that the LLM interprets in E2/E3, a single predictor is trained
once on the 38-patient train split of an 80/20 holdout and then generates trajectories
for all 48 patients; the 38 training patients’ trajectories are thus in-sample. This does
not affect the E2/E3 conclusions, which compare surface representations of the same
trajectory and make no trajectory-level accuracy claim. The protocol algorithm and
the digital twin simulation are deterministic per patient.

• LLM: Claude Haiku (claude-haiku-4-5-20251001) for report generation; Claude Sonnet
4.6 for the LLM-as-judge auxiliary evaluation.

• Invocation: Headless claude -p mode with OAuth authentication (no external API
key). This setup keeps the LLM evaluation reproducible without introducing an
additional API-cost dependency, and is consistent with the framework’s principle
of treating the LLM as a swappable interpreter. The deployment-target architecture
(Section 3.4, step 6) describes live MCP tool invocation; in the present experiments,
the protocol algorithm and the digital twin simulation are executed offline and their
outputs are injected as a pre-computed Triplet set in the LLM system prompt. Run-
time MCP integration is therefore an architectural target rather than an empirically
validated path in the current experiments.

• RAG corpus: Twenty chunks drawn from AAOS shoulder rehabilitation guidelines,
AMA functional disability criteria, and the dissertation protocol document. Retrieval
uses BM25Okapi [43].

• Simulation: Three-step autoregressive application from baseline through week 2,
week 4, and week 8, feeding the predicted state at one step as the input at the next.

• Statistics: 95% CIs are estimated by 1000-replicate bootstrap resampling [40]. Direction
of paired effects is confirmed by Wilcoxon signed-rank tests on per-patient differences
(E2 BERTScore F1, E2 Cosine, and the three E3 judge metrics).

4.3. Results
4.3.1. E1—Digital Twin State Prediction and Simulation Reliability

Table 3 compares eight regression backends under the same LOSO protocol. TabPFN—
explored in prior work—ranked first on all nine measures (mean rank 1.00, mean %RMSE
4.02%), but it requires a proprietary license token and cannot be part of a fully reproducible
pipeline. Among the seven license-free backends, random forest achieved the lowest
mean %RMSE (5.18%) and the best mean rank and was selected as the state-predictor
backend. Ridge was competitive—best on several individual measures—but random forest
was preferred for its consistent performance across all nine measures. Table 4 reports the
per-feature per-timepoint RMSE of the selected predictor under LOSO 48-fold evaluation.
The mean RMSE over three follow-up timepoints was 0.658 for VAS (scale 0–10), 6.499
for SPADI (scale 0–100), and 8.419 for K-DASH (scale 0–100). Among ROM measures,
ROM_ADD showed the smallest absolute RMSE (mean 1.219◦), while ROM_FLEX (mean
7.310◦) and ROM_ABD (mean 6.743◦) were the largest. RMSE at the 8-week timepoint was
equal to or slightly higher than at 4 weeks, consistent with the doubled assessment interval
(4 weeks vs. 2 weeks) amplifying prediction uncertainty. Across all nine measures, the
relative RMSE—expressed as a percentage of the scale range (or, for ROM measures, the
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AAOS normal value)—ranges from 3.0% (ROM_ADD) to 8.4% (K-DASH) (Table 4, %RMSE
column). For shoulder ROM, the two largest errors remain ROM_FLEX and ROM_ABD
(mean RMSE 7.310◦ and 6.743◦); we therefore position the predictor at the feasibility level—
adequate to generate plausible state trajectories for the LLM reporting stage—while it
is not yet suitable for fine-grained clinical change detection, which requires prospective
validation. A per-feature per-timepoint RMSE heatmap is shown in Figure 2.

Table 3. State-predictor backend selection: mean %RMSE and mean rank across the nine clinical
measures under the same LOSO 48-fold protocol on the original (non-augmented) data. TabPFN ranks
best on every measure but requires a proprietary license token; RandomForest, the best license-free
backend, is adopted for a fully reproducible pipeline.

Backend Mean %RMSE Mean Rank

TabPFN (license-gated) 4.02% 1.00
RandomForest (adopted) 5.18% 3.44
Ridge 5.58% 3.56
ExtraTrees 5.49% 4.11
XGBoost 5.22% 4.44
GradientBoosting 5.59% 5.22
CatBoost 6.83% 6.89
HistGradientBoosting 7.36% 7.33

Table 4. LOSO 48-fold held-out RMSE per clinical measure and follow-up timepoint (random-forest
backend). Patient-reported outcome measures (VAS, SPADI, K-DASH) and six ROM angles (degrees)
are reported. %RMSE is computed as the mean RMSE divided by the AAOS normal value of
each measure (ROM) or by the scale range (VAS, SPADI, K-DASH) as a coarse normalization for
cross-measure comparison.

Feature Scale Week 2 Week 4 Week 8 Mean %RMSE

VAS pain 0–10 0.623 0.686 0.664 0.658 6.58%
K-DASH disability 0–100 6.780 8.929 9.549 8.419 8.42%
SPADI 0–100 6.678 6.327 6.494 6.499 6.50%
ROM Forward Flexion 0–180◦ 6.914 7.413 7.602 7.310 4.06%
ROM Extension 0–60◦ 2.224 2.374 3.004 2.534 4.22%
ROM Abduction 0–180◦ 6.443 6.814 6.974 6.743 3.75%
ROM Adduction 0–40◦ 0.903 1.046 1.709 1.219 3.05%
ROM Internal Rotation 0–70◦ 3.293 3.413 3.864 3.523 5.03%
ROM External Rotation 0–90◦ 4.374 4.262 4.952 4.529 5.03%

Plausibility of simulated trajectories. Three-step autoregressive simulations from
baseline through week 8 were generated for all 48 patients using the single trajectory-
generation predictor of Section 4.2.5 (the same trajectories consumed by the LLM in E2/E3);
this plausibility check therefore probes the stability of the deployment-configuration tra-
jectories rather than the LOSO held-out accuracy reported in Table 4. The three patient-
reported outcome measures (VAS, SPADI, K-DASH) remained inside their valid clinical
ranges across every patient and every timepoint, with zero recovery-direction reversals.
Five of the six ROM measures (FLEX, EXT, ABD, IR, ER) showed out-of-range rates of
0–0.5% and reversal rates of 0–0.7%. The exception was ROM_ADD with 8.9% out-of-
range and 13.2% reversal. All 17 out-of-range values are baseline measurements—not
predictions—that exceed the AAOS-normal validity cap for adduction (40◦ × 1.05 = 42◦),
so they originate in the inherited baseline data rather than in the simulation (a rollout figure
distinct from the augmented-input range check in Section 4.1). Because anatomic adduction
is limited by the torso, these elevated baseline values more likely reflect a measurement- or
coding-convention inconsistency in the source dataset than genuine anatomical variation;
whether to re-scope the validity range or exclude the affected baselines is a question for
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source-record review. The genuine simulator limitation is instead the 13.2% reversal rate
(19 of 144 trajectory steps, median −7.1◦), which arises because the per-feature regressors
do not enforce monotonic recovery (Section 4.4). The simulations are sufficiently stable to
serve as input to the LLM reporting stage for the framework’s feasibility check.

Figure 2. E1: LOSO held-out RMSE per clinical measure and follow-up timepoint. Rows: nine clinical
measures; columns: three follow-up timepoints (week 2, week 4, week 8). Color intensity indicates
RMSE magnitude within each measure’s own scale.

4.3.2. E2—Effect of Input Representation on LLM Interpretation

The same simulation outcome was fed to the LLM (Haiku 4.5) in four surface forms—
(i) the Triplet abstraction, (ii) a Quintuple form that extends Triplet with explicit (timepoint,
source) provenance, (iii) a deterministic Narrative prose summary pre-rendered from the
same fields, and (iv) the raw trajectory JSON—and the resulting reports were compared
against the same template reference using BERTScore F1 and Cosine Similarity (Table 5);
the per-form score distributions are shown in Figure 3. All four input forms encode
the same information units (patient context, four-timepoint trajectory, protocol summary,
AAOS-normal goal-achievement flags); differences across variants therefore reflect the
surface-representation effect rather than information content.

Table 5. E2—four context-representation forms, semantic similarity vs. reference report (n = 48, 95%
bootstrap CI). BERTScore [37] uses DeBERTa-xlarge-mnli [38] with baseline rescaling; cosine similarity
uses Sentence-Transformer [39] all-MiniLM-L6-v2. All four input forms encode the same information
(patient context, four-timepoint trajectory, protocol summary, AAOS-normal goal-achievement flags);
the gap therefore reflects representation effect rather than information content. Reference is the
rule-based template report (Section 4.2).

Input Form BERTScore F1 Cosine Similarity

Triplet (proposed) 0.223 [0.216, 0.230] 0.727 [0.711, 0.741]
Quintuple 0.226 [0.219, 0.233] n.s. 0.742 [0.729, 0.757] n.s.

Narrative 0.250 [0.243, 0.257] *** 0.728 [0.711, 0.745] n.s.

JSON (raw) 0.215 [0.208, 0.222] n.s. 0.713 [0.696, 0.731] n.s.

Bold indicates the proposed Triplet form. Paired Wilcoxon vs. Triplet: *** p < 10−3, n.s. p ≥ 0.05. n = 48
patient pairs.
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Figure 3. E2: BERTScore F1 and Cosine Similarity distributions across 48 patients for the four
context-representation forms (Triplet, Quintuple, Narrative, JSON). Box plots show median, IQR,
and whiskers within 1.5 × IQR. All three abstracted forms score above raw JSON; Narrative reaches
the highest BERTScore F1 (the only statistically significant template-fidelity gain) by surface-level
alignment to the prose reference, while Triplet and Quintuple sit at a balanced point on the abstraction–
fidelity trade-off (Section 4.3.3).

The Triplet condition reached BERTScore F1 0.223 [95% CI 0.216, 0.230] and Cosine
0.727 [0.711, 0.741], compared with 0.215 [0.208, 0.222] and 0.713 [0.696, 0.731] for raw
JSON. Triplet is numerically higher than JSON on both metrics, but the per-patient paired
Wilcoxon signed-rank tests are not significant in this cohort (BERTScore F1: W = 431,
p = 0.109; Cosine: W = 510, p = 0.43; n = 48). Quintuple matched Triplet within sampling
noise (BERTScore F1 0.226, Cosine 0.742; Wilcoxon vs. Triplet p = 0.64 on F1, p = 0.21 on
cosine), indicating that explicitly annotating temporal and provenance metadata on top of
the Triplet structure yields no measurable marginal gain on template-fidelity metrics. The
Narrative form, by contrast, significantly raised BERTScore F1 to 0.250 [0.243, 0.257] over
the Triplet baseline (Wilcoxon W = 177, p = 8.3× 10−6) while remaining tied on cosine
(0.728, p = 0.77). This BERTScore gain is consistent with the Narrative prose exposing a
prose-level surface structure that aligns directly with the prose-style template reference
at the token level; the only statistically significant template-fidelity gain over Triplet is
therefore the Narrative form’s.

Every abstracted surface form (Triplet, Quintuple, Narrative) scores numerically above
raw JSON on template-fidelity metrics, though only the Narrative gain is statistically sig-
nificant; this indicates that the explicit context-abstraction layer of Contribution #2 is not
specific to a single surface choice, while the statistically confirmed improvement is concen-
trated in the prose form. The marginal effect of richer abstraction is non-uniform: adding
(timepoint, source) tags to Triplet yields essentially no change, whereas pre-rendering as
prose increases BERTScore F1 substantially. Combined with the LLM-as-judge results in
Section 4.3.3, where stronger surface abstraction trades against raw factual fidelity, this
locates Triplet at a balanced point on the abstraction–fidelity trade-off curve.

The direction is consistent with the Triplet vs. JSON results reported in our previous
work [32] (BERTScore 0.71 vs. 0.77, Cosine 0.79 vs. 0.89). The absolute BERTScore F1 values
(0.21–0.25) are lower than typical same-domain text comparisons because the reference is a
fixed template-generated report rather than a clinician-authored narrative; this evaluation
therefore targets relative comparison across input forms, not absolute clinical-quality
estimation. Absolute scoring against a clinician-authored reference is left as the follow-up
study discussed in Section 4.4.
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4.3.3. E3—LLM-as-Judge Auxiliary Evaluation

Whereas BERTScore and Cosine Similarity measure semantic agreement against the
reference template, the LLM-as-judge auxiliary evaluation [42] directly assesses factual fi-
delity to the simulation outcome. Claude Sonnet 4.6 rates each Haiku report on a 1–5 Likert
scale across accuracy, completeness, and evidence clarity (Table 6). To make the comparison
fair across input forms, the judge is given the full trajectory (baseline/week 2/week 4/week
8) together with the patient demographics as the ground truth—the same factual basis
applies to all four input forms.

Table 6. E3—LLM-as-judge ratings of Haiku reports by Claude Sonnet 4.6 against full-trajectory
+ patient-demographics ground truth (n = 48, 1–5 Likert, 95% bootstrap CI). Ground truth (base-
line/week 2/week 4/week 8 + demographics) is provided identically to all four conditions. Accuracy
decreases monotonically with surface-abstraction strength (JSON→ Quintuple→ Triplet→ Narra-
tive): forms that expose raw numbers make verbatim factual citation easier, while pre-rendered prose
paraphrases values and loses raw-fidelity points. Completeness and evidence clarity vary within a
narrower band (∼0.3 points).

Input Form Accuracy Completeness Evidence Clarity

Triplet (proposed) 3.65 [3.42, 3.90] 3.23 [3.10, 3.35] 2.96 [2.81, 3.10]
Quintuple 3.96 [3.77, 4.19] n.s. 3.23 [3.12, 3.35] n.s. 3.04 [2.96, 3.15] n.s.

Narrative 3.25 [3.04, 3.46] * 3.38 [3.23, 3.52] n.s. 3.04 [2.92, 3.17] n.s.

JSON (raw) 4.00 [3.79, 4.23] * 3.48 [3.33, 3.62] * 3.27 [3.15, 3.42] **

Bold indicates the proposed Triplet form. Paired Wilcoxon vs. Triplet: ** p < 10−2, * p < 0.05, n.s. p ≥ 0.05. Sonnet
4.6 judge; n = 48 patient pairs.

Mean accuracy decreases monotonically with surface-abstraction strength: JSON
4.00 > Quintuple 3.96 > Triplet 3.65 > Narrative 3.25. Relative to Triplet, JSON is about
0.35 points higher (paired Wilcoxon W = 161.5, p = 0.025, n = 48; 33 non-tied pairs) and
Narrative is about 0.40 points lower (W = 104.5, p = 0.012; 29 non-tied pairs). Quintuple
is statistically equivalent to Triplet on accuracy (p = 0.089), indicating that explicitly
tagging temporal and provenance metadata does not measurably help the LLM produce
factually verifiable claims. Completeness and evidence clarity vary within a narrower band
across the four conditions (completeness 3.23–3.48, evidence clarity 2.96–3.27); on these
two dimensions JSON also scored significantly above Triplet (completeness W = 139.5,
p = 0.028; evidence clarity W = 40.0, p = 0.004), whereas Quintuple and Narrative were
statistically equivalent to Triplet. In short, raw JSON—the least abstracted form—was rated
highest by the Sonnet judge on all three verifiable dimensions, at the cost of the lowest
template fidelity (Section 4.3.2).

Combined with the E2 BERTScore and Cosine results, these ratings trace a clear
trade-off curve. Stronger surface abstraction raises template-fidelity (BERTScore F1) but
lowers raw-fidelity (judge accuracy): JSON is strongest on raw fidelity but weakest on
template fidelity, Narrative is the opposite, and Triplet and Quintuple sit at the balanced
midpoint. The framework adopts the Triplet form as default because (i) it satisfies the
clinical demand for templated-structure conformance while losing less raw fidelity than
Narrative, (ii) abstracting upstream of the LLM reduces direct exposure of raw patient
data when external LLM APIs are used (privacy considerations in Section 4.4), and (iii) the
Quintuple ablation confirms that adding provenance metadata provides no marginal
benefit, leaving the simpler Triplet form preferable on interpretability grounds.

Cross-judge robustness check (GPT-4o-2024-11-20). To assess possible single-judge
bias, the same 192 Haiku reports were independently scored by OpenAI’s GPT-4o using the
same prompt and ground truth (Table 7). On this task GPT-4o was substantially more lenient
than Sonnet, with mean ratings compressed into the upper 4.88–5.00 band—assigning a
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constant 5.00 on completeness for three of the four forms (Triplet, Quintuple, JSON). Inter-
rater Spearman ρ on per-patient scores fell in the 0.04–0.31 range (mostly non-significant;
undefined on completeness, where GPT-4o had zero variance), with quadratic-weighted
Cohen’s κ near zero, reflecting the Sonnet 2.96–4.00 vs. GPT-4o 4.9–5.0 calibration gap.
However, the mean accuracy ranking across the four input forms was preserved under
both judges: JSON and Quintuple at the top, Narrative at the bottom. This pattern is
consistent with the known cross-family calibration drift of LLM-as-judge methods [42] and
indicates that the qualitative trade-off finding (monotonic inverse relationship between
surface-abstraction strength and raw factual fidelity) is not specific to the Sonnet judge.
Absolute score interpretation is discussed further in Section 4.4.

Table 7. Cross-judge mean ratings (n = 48 each). GPT-4o-2024-11-20 was run as a second judge
with the same prompt and ground truth as Sonnet 4.6. Absolute means differ substantially (Sonnet
∼3.0–4.0, GPT-4o ∼4.9–5.0), reflecting known cross-family LLM-judge calibration drift, but the
qualitative ranking across the four input forms is preserved.

Sonnet 4.6 GPT-4o
Input Form

Acc. Comp. Clarity Acc. Comp. Clarity

Triplet (proposed) 3.65 3.23 2.96 4.94 5.00 4.88
Quintuple 3.96 3.23 3.04 4.96 5.00 4.92
Narrative 3.25 3.38 3.04 4.88 4.98 4.88
JSON (raw) 4.00 3.48 3.27 4.98 5.00 4.96

Bold indicates the proposed Triplet form. n = 48 per judge per condition. Means only (CIs and Wilcoxon tests are
reported per judge in Table 6).

To verify that the RAG mechanism operates as designed, the Triplet condition was also
run with RAG retrieval enabled. All 48 patient reports under the RAG-on configuration
contained inline citations (mean 1.85 per patient, median 2), while the RAG-off config-
uration produced zero citations across all 48 patients, confirming the mechanism check
(detailed numbers in Section 4.3.4).

4.3.4. RAG Citation Effect and Scenario Validation

RAG citation rate. Under Triplet + RAG, every one of the 48 patient reports included
inline citations of guideline chunks (mean 1.85 per patient, median 2; e.g., [ref_aaos_rom],
[principle_least_pain_first]). The RAG-off configuration produced zero citations
across all 48 patients, directly verifying the RAG mechanism.

Claim-level factual audit (auxiliary analysis). To test whether guideline retrieval also
improves factual grounding, we decomposed each report into atomic claims and labeled ev-
ery claim, using a Claude Sonnet 4.6 auditor, as supported by the input Triplets, supported
by a retrieved guideline chunk, or unsupported (n = 48 reports per configuration; per-
claim labels are in the released result files). Retrieval did not lower the unsupported-claim
rate. Without RAG, 22.1% of claims were unsupported (398 of 1798); with Triplet + RAG
the rate was 25.9% (515 of 1989), and only 1.1% of claims were traceable to a retrieved
chunk. Retrieval mainly raised claim density (37.5 vs. 41.4 claims per report on average)
without improving grounding. Most unsupported claims are exercise-selection rationale
or prognostic statements that the retrieval step does not constrain, but a minority directly
contradict a specific input value (for example, a range-of-motion percentage attributed to
the wrong movement, or a protocol length stated in weeks that does not match the 13-step
sequence), so the figure is best read as an upper-bound indicator rather than a calibrated
error count. Repeating the audit with an independent-family judge (GPT-4o) raised the
absolute rate (30.8% without RAG, 31.2% with it) but reproduced the key finding that
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retrieval did not lower it, so the direction is robust across judge families while the absolute
level is judge-dependent (22–31%; Section 4.4, Limitation 6).

Scenario-based qualitative validation. End-to-end algorithm output→ simulation
trajectory→ LLM report illustrations are provided in Section 4.3.5 for three patients span-
ning Functional Disability Classification (FDC; based on AMA functional-disability criteria,
a range-of-motion-sum scale with Class 0–4) classes 1, 2, and 4. In every case, the LLM re-
port reproduced the simulation Triplet values without omission, and the recovery wording
differentiated between mild (“substantial improvement”) and severe (“meaningful recovery
across all domains”) cases. Minor surface variations such as “13-week” vs. “13-session,”
together with the protocol-rationale paragraphs discussed in Section 4.4 (Limitation 6),
indicate that clinician review remains a necessary step before delivery to the patient.

4.3.5. End-to-End Patient Examples

Three end-to-end cases were inspected, spanning FDC class 1 (mild), 2 (moderate),
and 4 (severe). Scenario A (patient ID 2386041, 45-year-old female, FDC 1) improved from
baseline VAS 3.0/SPADI 14.6/K-DASH 26.0 to week 8 VAS 1.94 (−35.3%), SPADI 7.92
(−45.8%), and K-DASH 12.07 (−53.6%). Scenario B (patient ID 466197, 50-year-old male,
FDC 2) moved from VAS 4.0 to 2.08 (−48.0%), SPADI from 41.5 to 31.9 (−23.2%), and
K-DASH from 47.0 to 24.04 (−48.8%). Scenario C (patient ID 926027, 56-year-old female,
FDC 4) moved from VAS 4.0 to 1.76 (−56.1%), SPADI from 36.2 to 24.58 (−32.0%), and
K-DASH from 36.0 to 20.56 (−42.9%).

In all three cases the LLM report reproduced the four-timepoint trajectory values and
the algorithm-determined 13-exercise sequence (SR1–SR13) without addition or omission.
The Sonnet-based LLM-as-judge rated accuracy 4/5 and completeness 4/5 for scenarios A
and B, and accuracy 5/5 for scenario C, quantitatively supporting that the generated report
consistently reflects the deterministic algorithm output and the simulation outcome. The
full reports for the three scenarios are reproduced in Appendix A.

4.4. Discussion

Implications of Role Separation. The framework produces recommendations from
a deterministic algorithm and digital twin simulation while restricting the LLM to result
interpretation. This separation yields three properties. Recommendations are deterministic
and traceable to the patient’s SPADI responses, supporting clinical audit. The recommended
sequence is invariant to LLM model substitution, yielding a system-level LLM-agnostic
design. Patient raw data passes through the algorithm and the simulation and reaches the
LLM only as abstracted Triplets, which minimizes exposure of identifiable information
when an external LLM API is used. An auxiliary control baseline quantifies the failure
mode this separation avoids: when a raw LLM is asked to produce the 13-exercise sequence
directly, it does not reproduce the algorithm-defined reference ordering exactly (0 of 48 exact
matches for both ablations), though it retains moderate rank agreement (Kendall τ ≈ 0.51;
Hit@1 6–10%, Hit@3≈ 54%, Hit@5≈ 64%). Because the deterministic algorithm reproduces
that reference ordering by construction, this comparison speaks to reproducibility and
auditability, not to the clinical correctness of the ordering; supplying the digital twin
predicted state raised Hit@1 (10.4% vs. 6.25%) but did not yield exact reproduction. These
properties align with the safety and auditability expectations for medical AI articulated
in the FDA Software as a Medical Device guidance [14] and are designed to reduce the
hallucination risk that arises when an LLM is placed directly in a clinical decision role.
These three properties concern process integrity—determinism and auditability of how a
recommendation is produced—and are separate from the clinical correctness of the exercise
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ordering itself, which is inherited from the underlying protocol algorithm and is addressed
as a limitation below.

Contribution of Context Abstraction. Feeding the same information to the LLM as
four surface forms—Triplet, Quintuple, Narrative, and raw JSON—produced opposite-
direction signals on the two evaluation axes (Sections 4.3.2 and 4.3.3). On template fidelity
to the reference clinical report, BERTScore F1 rose monotonically with surface-abstraction
strength (JSON 0.215 < Triplet 0.223 ≈ Quintuple 0.226 < Narrative 0.250). On raw
factual fidelity scored by the LLM-as-judge, accuracy moved monotonically in the opposite
direction (JSON 4.00 > Quintuple 3.96 > Triplet 3.65 > Narrative 3.25). Because all four
inputs carry the same information, this trade-off is attributable to the surface representation
itself. The statistically significant endpoints of the two axes are Narrative (highest template
fidelity, BERTScore F1 vs. Triplet p = 8.3× 10−6) and JSON (highest judge accuracy, vs.
Triplet p = 0.025), with Triplet and Quintuple occupying the statistically indistinguishable
middle of both axes. A supplementary composite rubric averaging five clinical dimensions
(faithfulness, patient-specific grounding, clinical safety, completeness, and readability;
scored by the same Claude Sonnet 4.6 judge on all four forms plus the deterministic
reference report, n = 48 each) reproduced the same rank order as the E3 accuracy score
(Table 8): JSON 3.94 > Quintuple 3.76 > Triplet 3.55 > Narrative 3.50 ≈ reference 3.50
(composite means on the 1–5 scale). This indicates the ranking is not an artifact of the
specific E3 accuracy-rubric wording; an independent GPT-4o judge, however, saturated
near the ceiling on this rubric (per-form means 4.96–5.00, near-zero variance), reproducing
the leniency/ceiling effect reported for E3, and so could not discriminate among forms.
The ranking therefore rests on the more discriminating Sonnet judge. Triplet is numerically
above raw JSON on template fidelity, though this gap is not significant in the present cohort
(the significant gain is Narrative’s); it loses less raw fidelity than Narrative (judge accuracy
3.65: −0.35 from JSON, +0.40 over Narrative), and it is statistically indistinguishable from
Quintuple on every metric—so the simpler Triplet form is preferred on interpretability
grounds. The framework adopts the Triplet form by default: it satisfies the clinical demand
for templated-structure conformance, preserves the privacy benefit of upstream abstraction
(the external LLM API never sees raw patient data), and sits at the balanced midpoint of the
abstraction–fidelity trade-off traced by the four-way comparison. Relative to raw JSON and
free narrative specifically, the (subject, predicate, object) form makes each reported fact an
explicitly enumerable unit that maps onto both the templated report structure and the RAG
knowledge graph—which is precisely what enables the claim-level audit of Section 4.3.4—
while remaining compact, whereas raw JSON is more verbose and narrative entangles
facts in prose. As the accuracy axis shows, however, raw JSON’s literal values still yield
the highest judge-rated factual fidelity, so the Triplet form is adopted as a balanced, not a
dominant, choice. These results provide the experimental grounding for the measurable,
representation-dependent effect of the explicit context-abstraction layer (Contribution #2).

Table 8. Auxiliary clinical-rubric evaluation: mean per-dimension and composite scores (1–5 scale)
from the Claude Sonnet 4.6 judge for each surface form and the deterministic reference report
(n = 48 each). The rank order reproduces the E3 accuracy ranking, indicating it is not an artifact of
the specific E3 rubric wording. An independent GPT-4o judge saturated near the ceiling on this rubric
(per-form means 4.96–5.00, near-zero variance) and could not discriminate among forms.

Form Faithful. Clin. Safety Grounding Complete. Readabil. Mean

JSON (raw) 3.79 4.73 3.00 3.46 4.71 3.94
Quintuple 3.65 4.33 2.96 3.46 4.42 3.76
Triplet (adopted) 3.23 4.02 2.77 3.42 4.33 3.55
Narrative 3.00 4.02 2.79 3.40 4.31 3.50
Reference (template) 3.40 4.38 2.58 3.04 4.10 3.50
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Reliability of the Digital Twin Simulation. The random-forest state predictor—
selected over six alternative backends in the LOSO comparison of Section 4.3.1—achieved
within-scale RMSE on all nine clinical measures (e.g., VAS 0.658, SPADI 6.499), and the
baseline→ week 8 simulations stayed within valid clinical ranges for the patient-reported
outcome measures across every patient and timepoint. The 8.9% out-of-range rate observed
for ROM_ADD is not a simulation error but stems from baseline measurements above
the AAOS-normal validity cap (42◦), likely a measurement- or coding-convention artifact
in the source data (Section 4.3.1). The genuine simulator limitation is the 13.2% reversal
rate, which reflects that the per-feature regressors do not enforce monotonic recovery. The
simulation is stable enough to serve as the LLM’s upstream input (experimental support
for Contribution #1).

RAG Mechanism Check. Under Triplet + RAG, an average of 1.85 inline citations
per patient (median 2) were observed, compared with zero in the RAG-off condition,
confirming that the retrieval pipeline operates as designed and that the LLM integrates
retrieved chunks into its output. However, the quantitative impact of RAG on BERTScore
is limited here because the reference text itself contains no inline citations.

Evaluation Limitation—Reference Report. BERTScore and Cosine in this study mea-
sure semantic similarity to a deterministic template-generated reference. This is appropriate
for relative comparison across variant pairs (Triplet vs. JSON), but it does not directly
estimate clinical excellence in absolute terms. The LLM-as-judge evaluation partially
compensates, but absolute interpretation becomes more robust once a clinician-authored
reference is evaluated on a sufficient sample. A follow-up study with clinician adjudication
is therefore warranted.

Privacy and Security Considerations. The framework handles sensitive patient biosig-
nals and clinical data; deployment requires encryption of data in transit, de-identification
of stored records, and access-control management. Because the LLM in this design receives
only abstracted Triplets that have already passed through the algorithm and the simulation,
raw patient data is not directly transmitted to an external LLM API, which is favorable for
privacy-preserving operation. Stronger guarantees through federated learning [44] and
edge-based lightweight inference are proposed as future work.

Generalization to Other Conditions and Populations. The framework’s boundary—
a schema-defined context-abstraction layer feeding a deterministic protocol algorithm
and a digital twin, with the LLM confined to interpretation—is not specific to shoulder
rehabilitation. Porting it to another domain requires substituting three components: the
protocol algorithm that maps patient state to a recommendation, the clinical-score set the
digital twin predicts, and the guideline corpus the RAG stage cites; the layer interfaces and
the LLM reporter are unchanged. Because the abstraction layer is defined by explicit per-
layer schemas, additional input modalities—IMU/EMG streams (Section 3.2) or medical-
imaging studies such as DICOM data analysis [45]—can be admitted without altering
the downstream interface. The same pattern applies to other musculoskeletal protocols
(e.g., knee or hip rehabilitation) and, more broadly, to chronic conditions with longitudinal
clinical trajectories and protocolized management (e.g., cardiac, metabolic, or post-stroke
neurorehabilitation). We emphasize, however, that each new domain requires its own
validated protocol algorithm and an independent cohort for evaluation; generalization here
is a property of the architecture, not an empirical claim of this single-cohort study.

Limitations. First, the evaluation was conducted on a single cohort (48 shoulder
rehabilitation patients); generalization to other rehabilitation domains and larger cohorts
requires additional study. Second, because the reference report is a deterministic template
rather than a clinician-authored narrative, the absolute values of BERTScore and Cosine
have limited clinical interpretability (partially mitigated by the LLM-as-judge auxiliary
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evaluation). Third, the LLM report generator was limited to Haiku; further validation
with stronger models such as Sonnet or Opus is left as future work. Fourth, the LLM-as-
judge evaluation was cross-validated using two judges (Sonnet 4.6 and GPT-4o-2024-11-20).
The qualitative accuracy ranking (JSON and Quintuple highest, Narrative lowest) was
preserved under both judges, but per-patient inter-rater agreement was weak (Spearman ρ

0.04–0.31, mostly non-significant, and undefined on completeness where GPT-4o assigned
a constant top score of 5.0; quadratic-weighted Cohen’s κ near zero) because GPT-4o
compressed its ratings into the upper end of the 1–5 scale (4.88–5.00) while Sonnet used
a broader range (2.96–4.00). We therefore treat the more discriminating Sonnet judge as
primary and GPT-4o as a leniency/ceiling check rather than an independent calibration.
This is consistent with documented cross-family LLM-judge calibration drift [42], and
clinician-panel adjudication is still required to anchor the absolute scores. Fifth, the per-
feature digital twin regressors are not directly conditioned on the exercise sequence, limiting
the simulator’s ability to differentiate trajectories across protocols (a limitation also noted
in our previous work [32]); this can be improved in future work by integrating exercise-
sequence inputs into the trajectory model. Sixth, the protocol-rationale paragraphs in the
LLM-generated reports (Appendix A) include exercise-specific clinical reasoning (“SR5
establishes foundational pain modulation,” etc.) that goes beyond what is strictly derivable
from the input Triplets; a claim-level audit (Section 4.3.4) put this residual unsupported-
claim rate at 22.1%/25.9% under a Claude Sonnet auditor and 30.8%/31.2% under an
independent GPT-4o auditor (without/with retrieval); both judge families agree that
retrieval did not reduce it, though the absolute level is judge-dependent (22–31%), and
although most such claims are unverifiable rationale, a minority directly contradict an input
value. This is a residual hallucination of the type the architecture is designed to constrain,
indicating that the Triplet vocabulary should be extended with per-SR muscle and ROM
bindings before the system is used without clinician review. Seventh, the deterministic
protocol algorithm guarantees that recommendations are reproducible and auditable, but
these are properties of the process, not of the clinical correctness of the exercise ordering.
The algorithm is inherited from the first author’s prior dissertation [32], where its clinical
validity was likewise not empirically established and was explicitly identified as future
work; this study therefore treats the algorithm as a fixed, auditable component and does
not claim that its orderings are clinically optimal. Prospective clinician evaluation of
the recommended sequences remains necessary and is a direct subject of future work.
Eighth, the per-feature digital twin regressors do not enforce monotonic recovery, so a
subset of trajectory steps show recovery-direction reversals (ROM_ADD: 13.2%, 19 of
144 steps, median −7.1◦); this can be addressed with monotonicity constraints or stronger
per-feature models.

5. Conclusions
This study demonstrated the feasibility of an LLM-agnostic, IoT-ready framework for

shoulder rehabilitation that enforces a clean architectural boundary: a deterministic proto-
col algorithm and a digital twin model produce all clinical recommendations, while an LLM
Agent is confined to interpreting those outputs as RAG-grounded natural-language reports.
The framework comprises an input-source-independent context abstraction pipeline, a
random-forest-based digital twin patient-state model coupled with a multi-step trajectory
simulator, and an LLM Agent that consumes Triplet-form analysis results to produce a
clinical report. The experiments validate the digital twin patient-state model and the
LLM-as-reporter component on a single IRB-approved cohort using clinical-score inputs;
full evaluation of the IoT-stream branches of the context abstraction pipeline is deferred to
deployment-stage validation.
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Leave-one-subject-out evaluation on 48 shoulder rehabilitation patients showed that
the random-forest predictor produced within-scale trajectory simulation at the feasibility
level (VAS RMSE 0.658, SPADI RMSE 6.499), and input-representation ablation traced a
fidelity–accuracy trade-off across four surface forms: all three abstracted forms scored
numerically above raw JSON on template fidelity, with a Narrative form attaining the
highest template fidelity (BERTScore F1 0.250, the only statistically significant gain over
Triplet) at the cost of the lowest raw factual accuracy (LLM-judge 3.25 vs. 4.00 for JSON),
while the Triplet form sits at the balanced midpoint adopted by the framework. The
RAG-on configuration produced an average of 1.85 inline guideline citations per patient
versus zero under RAG-off, verifying the retrieval mechanism. A control baseline further
showed that a raw LLM asked to select the exercise sequence directly never reproduced
the algorithm-defined ordering exactly (0 of 48), supporting the decision to keep sequence
selection in the deterministic layer.

Key limitations include the single-cohort scope (48 shoulder rehabilitation patients),
reliance on a template-generated reference for the BERTScore evaluation, LLM evaluation
restricted to the Haiku model, a residual unsupported-claim rate in the generated reports
that guideline retrieval did not reduce (22–31% across Claude Sonnet and GPT-4o judges),
and the fact that the protocol algorithm’s clinical correctness is inherited from prior work
rather than established here. Future directions include follow-up evaluation with a clinician-
authored reference, extension to additional rehabilitation domains, report-quality validation
with stronger LLMs (Sonnet- or Opus-class), enhancement of the trajectory simulator
with explicit exercise-sequence conditioning, and privacy-preserving deployment through
federated learning [44] and edge inference.
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Appendix A. End-to-End Patient Examples (Full Reports)
Three patient profiles spanning FDC class 1 (mild), 2 (moderate), and 4 (se-
vere). Each scenario shows the deterministic algorithm output, the digital twin–
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simulated trajectory, and the LLM-generated clinical report (Triplet input, no
RAG, n = 48 v3 run with information-matched Triplets and full-trajectory ground
truth for the LLM-as-judge).

Appendix A.1. Scenario A—FDC 1 (Mild Articular, Female, Age 45)

Patient ID: 2386041 Protocol algorithm output: SR5→ SR2→ SR4→ SR8→ SR9
→ SR3→ SR12→ SR1→ SR6→ SR13→ SR11→ SR10→ SR7 Baseline: VAS 3.0, SPADI
14.6, K-DASH 26.0 Week-8 simulation: VAS 1.94 (−35.3%), SPADI 7.92 (−45.8%), K-DASH
12.07 (−53.6%) LLM-as-judge ratings (Sonnet, full-trajectory ground truth): accuracy
4/completeness 4/evidence_clarity 3

LLM clinical report (Haiku 4.5, Triplet input, full report):

Clinical Analysis Report: Digital Twin Simulation Outcome

This 45-year-old female with mild articular shoulder pathology presented with
baseline pain (VAS 3.0) and moderate functional limitation (K-DASH 26.0, SPADI
14.62). The deterministic protocol algorithm generated a 13-exercise sequence
initiating with SR5 and concluding with SR7. The digital twin simulation projects
substantial recovery across pain and disability metrics by week 8, though with
important caveats regarding full goal achievement.

The simulated trajectory demonstrates early and sustained gains in patient-
reported outcomes. By week 2, VAS declined to 2.2 and K-DASH improved
to 21.36, representing the steepest phase of recovery. . . . Week-8 projections of
VAS 1.94 (35.3% improvement), K-DASH 12.07 (53.6% improvement), and SPADI
7.92 (45.8% improvement). The K-DASH score shows the largest treatment effect
. . .

The SR5 initiation and SR7 conclusion were selected by the deterministic protocol
to address the patient’s mild articular condition and mixed pain-ROM profile. The
prominent K-DASH improvement alongside the controlled ROM trajectory sug-
gests SR5 establishes foundational pain modulation and stabilization, while SR7
likely maintains these functional gains while accepting strategic range limitations
. . .

Appendix A.2. Scenario B—FDC 2 (Moderate Bursal, Male, Age 50)

Patient ID: 466197 Protocol algorithm output: SR2→ SR4→ SR8→ SR9→ SR1→
SR5→ SR12→ SR3→ SR6→ SR13→ SR10→ SR11→ SR7 Baseline: VAS 4.0, SPADI 41.5,
K-DASH 47.0 Week-8 simulation: VAS 2.08 (−48.0%), SPADI 31.90 (−23.2%), K-DASH
24.04 (−48.8%) LLM-as-judge ratings: accuracy 4/completeness 4/evidence_clarity 3

LLM clinical report:

Clinical Report: Rehabilitation Digital Twin Analysis

Patient Summary and Week-8 Outcome

This 50-year-old male presents with mild bursal-origin shoulder pain and func-
tional limitation (FDC category 2). . . . By week 8, pain is projected to de-
crease to 2.08 (48% improvement) and functional disability to improve substan-
tially, with K-DASH declining to 24.04 (48.8% reduction) and SPADI to 31.9
(23.2% improvement).

Recovery Trajectory and Outcome Metrics

The simulated trajectory demonstrates rapid early improvement with gradual
plateau. Pain reduction accelerates in the first two weeks (VAS 4.0 → 2.85),
with continued but slower decay through weeks 4 and 8 (2.32→ 2.08). . . . The

https://doi.org/10.3390/electronics15153307

https://doi.org/10.3390/electronics15153307


Electronics 2026, 15, 3307 25 of 28

maximum predicted benefit appears in the K-DASH domain (48.8%), reflecting
substantial restoration of upper-extremity function . . .

Protocol Rationale

The SR2-through-SR7 sequence addresses the characteristic pathomechanics of
bursal impingement. Initial exercises (SR2) likely establish pain-free scapular
mobility . . . Later exercises (SR7) reinforce external rotation and internal rotation
capacity . . . While the protocol achieves the pain-reduction goal, the persistence
of adduction limitation and incomplete ROM normalization (2 of 6 measures) sug-
gests functional recovery, though substantial, remains incomplete at eight weeks.

Appendix A.3. Scenario C—FDC 4 (Severe Articular, Female, Age 56)

Patient ID: 926027 Protocol algorithm output: SR8→ SR9→ SR2→ SR4→ SR5→
SR3→ SR12→ SR1→ SR13→ SR10→ SR6→ SR11→ SR7 Baseline: VAS 4.0, SPADI 36.2,
K-DASH 36.0 Week-8 simulation: VAS 1.76 (−56.1%), SPADI 24.58 (−32.0%), K-DASH
20.56 (−42.9%) LLM-as-judge ratings: accuracy 5/completeness 3/evidence_clarity 3

LLM clinical report:

This 56-year-old female with severe articular shoulder pathology presents a
favorable pain trajectory under the prescribed 13-exercise protocol. . . . By week
8, pain decreased to 1.76 (56.1% improvement), with functional disability metrics
declining to K-DASH 20.56 and SPADI 24.58, representing improvements of 42.9%
and 32.0%, respectively.

The recovery trajectory demonstrates characteristic post-rehabilitation patterns:
most substantial pain reduction occurred in the first two weeks (VAS 4.0 →
2.61), with continued but decelerated improvement through weeks 4 and 8. . . .
Extension mobility showed the most robust response, improving 62.6% from
baseline (21◦ → 34.14◦), while adduction demonstrated the most modest gains
at 11.8% (25◦ → 27.94◦). . . . yielding an average improvement across all metrics
of 34.9%.

The protocol’s opening exercise (SR8) and closing exercise (SR7) were selected to
address this patient’s severity profile and motion restrictions. . . . SR8, positioned
early in the sequence, likely establishes foundational pain modulation and mo-
bility tolerance to permit progressive loading. SR7’s terminal placement reflects
the rehabilitative principle of consolidating gains under increasing functional
demand . . .

While the simulated trajectory predicts achievement of the pain management
goal, projections indicate that no individual range-of-motion measure reaches
normative thresholds by week 8.

Appendix A.4. Observations

1. Algorithm output diverges across patients—Scenarios A and B start with SR5/SR2
(low joint-load) while C starts with SR8 (minimal joint-load) due to severe ROM re-
striction; the deterministic ordering responds to per-patient SPADI patterns. All three
end with SR7 (broadest activation), consistent with the least-painful-first principle.

2. Reports correctly mirror the underlying analysis—VAS / SPADI/K-DASH num-
bers and intermediate-week values match the simulation Triplets without invention,
supported by the LLM-as-judge accuracy scores (4/4/5 across the three scenarios).

3. Severity-dependent narrative—Reports differentiate “substantial recovery” (A, FDC
1) from “favorable but incomplete” (B, FDC 2) and “meaningful symptomatic relief . . .
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some residual motion restrictions” (C, FDC 4), reflecting the magnitudes captured in
hasAverageEffect, isPainGoalAchievable, and reachesNormalROMRatio Triplets.

4. Goal-achievability Triplets are correctly used—In all three scenarios, the report ex-
plicitly states whether the pain goal is achieved and whether full ROM normalization
is reached, matching the corresponding Triplet predicates.

Appendix A.5. Caveats

• Surface terminology in the reports occasionally drifts (e.g., the protocol is variously
referred to as “13 weeks,” “13 sessions,” or “13 exercises”); this does not affect numeric
content but reinforces the requirement for clinician review before delivery.

• The protocol-rationale paragraphs use general clinical language that goes beyond what
is strictly derivable from the Triplets (e.g., “scapular mobility and posture correction”);
a future iteration should extend the Triplet vocabulary with per-SR muscle and ROM
bindings to ground these rationales more tightly.
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