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Abstract001

Digital twins—virtual replicas of physical002
entities—are gaining traction in healthcare003
for personalized monitoring, predictive mod-004
eling, and clinical decision support. However,005
generating interoperable patient digital twins006
from unstructured electronic health records007
(EHRs) remains challenging due to variabil-008
ity in clinical documentation and lack of stan-009
dardized mappings. This paper presents a se-010
mantic NLP-driven pipeline that transforms011
free-text EHR notes into FHIR-compliant dig-012
ital twin representations. The pipeline lever-013
ages named entity recognition (NER) to ex-014
tract clinical concepts, concept normalization015
to map entities to SNOMED-CT or ICD-10,016
and relation extraction to capture structured017
associations between conditions, medications,018
and observations. Evaluation on MIMIC-019
IV Clinical Database Demo with validation020
against MIMIC-IV-on-FHIR reference map-021
pings demonstrates high F1-scores for entity022
and relation extraction, with improved schema023
completeness and interoperability compared to024
baseline methods.025

1 Introduction026

Digital twins—computational models that repre-027

sent patients as dynamic, semantically structured028

entities—are emerging as key enablers of personal-029

ized and interoperable healthcare systems (Grieves030

and Vickers, 2017; Björnsson et al., 2020). Re-031

cent work has demonstrated their utility in cardi-032

ology (Corral-Acero et al., 2020), chronic disease033

management (Voigt et al., 2021), and precision034

medicine more broadly (Laubenbacher et al., 2024).035

However, building patient digital twins from clin-036

ical data remains challenging due to the heavy re-037

liance on unstructured electronic health records038

(EHRs) such as physician notes and discharge sum-039

maries (Wang et al., 2018). These free-text nar-040

ratives contain rich clinical information but lack041

the standardization necessary for interoperability042

across institutions and clinical decision support sys- 043

tems. 044

To address this challenge, international stan- 045

dards such as HL7 Fast Healthcare Interoperabil- 046

ity Resources (FHIR) define modular schemas 047

for representing patient conditions, observations, 048

medications, and encounters in a unified format 049

(Mandel et al., 2016; Bender and Sartipi, 2013). 050

A FHIR-compliant representation requires stan- 051

dardized terminology alignment using ontologies 052

such as SNOMED-CT (Donnelly, 2006), ICD-10, 053

LOINC (McDonald et al., 2003), and RxNorm 054

(Nelson et al., 2011), as well as structured re- 055

source construction following FHIR JSON proper- 056

ties. These properties allow independently devel- 057

oped systems to consume patient data consistently. 058

In this work, we explore how semantic Natural 059

Language Processing (NLP) can automatically map 060

unstructured EHR text to FHIR-compliant digital 061

twin structures. Our objective is twofold: first, to 062

characterize the specific FHIR properties required 063

to build a minimal interoperable patient digital twin, 064

and second, to design an NLP pipeline that extracts 065

and normalizes clinical information so it can be 066

assembled into these FHIR resources. By aligning 067

the pipeline explicitly with FHIR’s schema require- 068

ments, we aim to improve both interoperability and 069

semantic completeness in the resulting digital twin 070

representations. 071

To bridge this gap, we propose a semantic 072

NLP pipeline that automatically transforms unstruc- 073

tured clinical narratives into FHIR-compliant dig- 074

ital twin representations. Our approach combines 075

transformer-based named entity recognition with 076

ontology-grounded concept normalization and re- 077

lation extraction, enabling end-to-end conversion 078

without manual intervention. Unlike rule-based 079

methods that require extensive pattern engineer- 080

ing, our pipeline learns to generalize across diverse 081

clinical documentation styles. 082

Experimental evaluation on MIMIC-IV Demo, 083
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validated against MIMIC-IV-on-FHIR reference084

mappings, demonstrates that our pipeline achieves085

0.89 NER F1 and 0.81 relation extraction F1, repre-086

senting 17-point and 26-point improvements over087

rule-based baselines respectively. The resulting dig-088

ital twins achieve 91% semantic completeness and089

0.88 interoperability score, validating that semantic090

NLP can produce clinically meaningful, standards-091

compliant patient representations.092

Our main contributions are: (1) a semantic093

NLP pipeline that automatically transforms unstruc-094

tured EHR text into FHIR-compliant patient digital095

twins; (2) evaluation on MIMIC-IV Demo with val-096

idation against reference FHIR mappings demon-097

strating improvements in extraction accuracy and098

interoperability; and (3) ablation studies reveal-099

ing the contribution of each pipeline component to100

overall performance.101

2 Related Work102

Digital Twins in Healthcare. Digital twins are103

virtual representations of individual patients that104

integrate multimodal clinical data to simulate phys-105

iological states and predict outcomes (Grieves and106

Vickers, 2017; Corral-Acero et al., 2020). Prior107

work has demonstrated their utility in ICU moni-108

toring and personalized therapeutics (Voigt et al.,109

2021; Laubenbacher et al., 2024). However, most110

implementations rely on structured data, limiting111

applicability across heterogeneous EHR systems112

(Wornow et al., 2023).113

Clinical NLP. Extracting structured information114

from unstructured EHR text requires robust NLP115

techniques. Named Entity Recognition (NER) ex-116

tracts medical concepts such as diseases, medica-117

tions, labs, and vitals. Transformer-based models118

including BERT (Devlin et al., 2019) and domain-119

specific variants such as ClinicalBERT (Alsentzer120

et al., 2019) and BioBERT (Lee et al., 2020) have121

achieved state-of-the-art performance on clinical122

NER benchmarks (Peng et al., 2019; Si et al., 2019).123

Specialized toolkits like ScispaCy (Neumann et al.,124

2019) provide robust pipelines for biomedical text125

processing.126

Concept normalization maps extracted entities127

to standard ontologies such as UMLS (Bodenrei-128

der, 2004) and SNOMED-CT (Donnelly, 2006) to129

enable interoperability. Recent neural approaches130

including SapBERT (Liu et al., 2021) and synonym131

marginalization methods (Sung et al., 2020) have132

improved linking accuracy over traditional systems133

like MetaMap (Aronson and Lang, 2010). Rela- 134

tion extraction identifies associations between en- 135

tities, such as “Drug treats Condition” or “Obser- 136

vation indicates Condition,” which is critical for 137

constructing meaningful digital twins (Wei et al., 138

2020; Zhang et al., 2018; Luo et al., 2022). 139

FHIR and Interoperability. FHIR defines stan- 140

dardized JSON/XML schemas for EHR exchange, 141

facilitating interoperability across systems (Mandel 142

et al., 2016; Bender and Sartipi, 2013). Mapping 143

free-text EHRs to FHIR resources is non-trivial due 144

to semantic ambiguity and incomplete documenta- 145

tion. Previous studies either use manual mapping 146

or rule-based heuristics, which are not scalable. De- 147

spite advances in NLP and digital twin modeling, 148

there is a lack of end-to-end semantic pipelines that 149

process unstructured clinical text, map entities to 150

standard ontologies, and produce FHIR-compliant 151

digital twins with high semantic completeness. Our 152

work addresses this gap. 153

3 Methodology 154

Our methodology transforms unstructured clini- 155

cal narratives into FHIR-compliant patient digital 156

twins through three main steps: defining a mini- 157

mal FHIR profile, applying semantic NLP for en- 158

tity extraction and normalization, and performing 159

relation-aware resource assembly with validation. 160

Figure 1 provides an overview of the pipeline ar- 161

chitecture. 162

FHIR Digital Twin Profile. We define a minimal 163

FHIR R4 profile in which a patient digital twin is 164

represented as a set of core resources—Condition, 165

Observation, and MedicationRequest—linked to a 166

single Patient resource. Each Condition resource 167

must contain a code (populated with SNOMED- 168

CT or ICD-10 identifiers), clinicalStatus, and 169

verificationStatus. Each Observation resource 170

requires a code (using LOINC or SNOMED- 171

CT), a value, and an effectiveDateTime. 172

Each MedicationRequest must contain a 173

medicationCodeableConcept coded in RxNorm 174

and at least one dosageInstruction. The profile 175

enforces structural constraints: all resources 176

reference the same patient, and observations and 177

medications are temporally anchored. 178

Semantic NLP for Extraction and Normal- 179

ization. Given the FHIR profile, we apply 180

transformer-based clinical NER models to physi- 181

cian notes and discharge summaries. The NER 182
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“Patient has
diabetes. Started
Metformin 500mg
twice daily.”

NER
Module

Concept
Normalize

Relation
Extract

FHIR
Assembly

{"resourceType":
"Bundle",
"entry": [
{Condition},
{MedRequest}]
}

[diabetes]
[Metformin]
[500mg 2x]

diabetes→
SNOMED:73211009

Metformin→
RxNorm:6809

has-dosage
(Metformin,

500mg 2x/day)

Condition:
code: 73211009

MedRequest:
med: 6809

Clinical Note Digital Twin

Figure 1: Overview of the semantic NLP pipeline with illustrative example. Given clinical text (left), the pipeline
extracts entities via NER, normalizes them to standard ontologies (SNOMED-CT, RxNorm), identifies relations
between entities, and assembles validated FHIR resources into a patient digital twin (right).

model uses sequence tagging to detect spans cor-183

responding to conditions, medications, observa-184

tions, and temporal expressions. We then nor-185

malize these entities to controlled vocabularies re-186

quired by FHIR: condition mentions are mapped187

to SNOMED-CT and ICD-10 codes using UMLS-188

based candidate generation and contextual simi-189

larity (Bodenreider, 2004; Liu et al., 2021); medi-190

cation mentions are normalized to RxNorm (Nel-191

son et al., 2011); and observation mentions are192

mapped to LOINC or SNOMED-CT (McDonald193

et al., 2003).194

Relation-Aware Assembly and Validation. En-195

tities and codes alone are insufficient for meaning-196

ful FHIR resources, so we recover how they are re-197

lated in the narrative. We apply relation extraction198

models to identify links such as symptom-of, has-199

dosage, and has-result (Wei et al., 2020). Using200

these relations, we assemble entities into candidate201

FHIR resources consistent with the profile. We202

then validate the assembled resources against the203

FHIR v4.0.1 specification, checking that required204

fields are present and code systems are correctly de-205

clared. Resources that pass validation are bundled206

together to form the final digital twin.207

4 Experiments208

4.1 Setup and Main Results209

Datasets. We use MIMIC-IV Clinical Database210

Demo (v2.2) (Johnson et al., 2023b), containing211

100 de-identified patients. Since the demo excludes212

free-text notes, we construct clinical narratives213

from structured diagnosis, medication, and labo-214

ratory data to simulate discharge summaries. For215

validation, we leverage MIMIC-IV-on-FHIR (John-216

son et al., 2023a), which provides reference FHIR217

resource mappings for the same patient cohort, en-218

abling direct comparison of our automated pipeline219

Method NER RE Comp. Interop.

Rule-Based 0.72 0.55 62% 0.61
Naive Mapping 0.68 0.50 58% 0.58
Ours 0.89 0.81 91% 0.88

Table 1: Performance comparison on MIMIC-IV Demo
validated against MIMIC-IV-on-FHIR reference map-
pings. NER/RE: F1-scores; Comp.: Semantic Com-
pleteness (%); Interop.: Interoperability Score.

against expert-curated FHIR representations. We 220

use a 70%/15%/15% train/validation/test split. 221

Baselines. We compare against two baselines: 222

(1) Rule-Based Extraction using pattern matching 223

with regular expressions and dictionary lookup, and 224

(2) Naive Mapping with direct mapping of entity 225

mentions to FHIR fields without normalization or 226

relation extraction. 227

Metrics. We evaluate using NER F1-score for 228

entity extraction accuracy, Relation Extraction F1- 229

score for correct identification of entity relation- 230

ships, Semantic Completeness as the ratio of cor- 231

rectly populated fields in our generated FHIR re- 232

sources compared to MIMIC-IV-on-FHIR refer- 233

ence resources, and Interoperability Score as struc- 234

tural and semantic similarity between our auto- 235

mated FHIR output and the MIMIC-IV-on-FHIR 236

reference mappings. 237

Table 1 presents our quantitative results. The 238

semantic NLP pipeline significantly outperforms 239

rule-based and naive baselines across all met- 240

rics, demonstrating improved extraction accuracy, 241

schema completeness, and interoperability. The 242

17-point improvement in NER F1 and 26-point im- 243

provement in relation extraction F1 over rule-based 244

methods highlight the effectiveness of transformer- 245

based models for clinical text understanding. 246
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Configuration NER RE Comp. Interop.

Full Pipeline 0.89 0.81 91% 0.88
w/o Normalization 0.89 0.78 72% 0.65
w/o Relation Ext. 0.89 – 68% 0.71
w/o Validation 0.89 0.81 85% 0.79
Base BERT 0.81 0.72 83% 0.80

Table 2: Ablation study results showing the impact of
removing each pipeline component.

Input Text

“65-year-old male with history of hypertension and type 2
diabetes. BP 145/92. Started Lisinopril 10mg daily.”

Extracted Entities

Condition: hypertension → SNOMED:38341003
Condition: type 2 diabetes → SNOMED:44054006
Observation: BP 145/92 → LOINC:85354-9
Medication: Lisinopril 10mg daily → RxNorm:29046

Relations

has-dosage(Lisinopril, 10mg daily)

Table 3: Case study: pipeline processing of a clinical
note showing entity extraction, normalization, and rela-
tion identification.

4.2 Ablation Study247

To understand the contribution of each pipeline248

component, we conduct ablation experiments by249

systematically removing modules. Table 2 presents250

the results.251

Removing concept normalization causes the252

largest drop in interoperability (0.88 to 0.65), con-253

firming that ontology alignment is critical for FHIR254

compliance. Without relation extraction, seman-255

tic completeness drops from 91% to 68%, as the256

pipeline cannot properly associate medications257

with dosages or observations with values. Clinical258

pre-training (ClinicalBERT vs. base BERT) pro-259

vides an 8-point NER improvement, validating the260

importance of domain-specific language models.261

4.3 Case Study262

Table 3 illustrates the pipeline on a representative263

clinical note. The input describes a patient with264

multiple conditions and medications. Our pipeline265

correctly extracts all entities, normalizes them to266

appropriate ontologies, and identifies the dosage267

relation linking Lisinopril to its prescribed regimen.268

The case demonstrates end-to-end transforma-269

tion from unstructured narrative to FHIR-compliant270

resources with appropriate terminology codes, en-271

abling interoperability with downstream clinical272

systems.273

5 Conclusion 274

We present a semantic NLP pipeline to construct 275

FHIR-compliant patient digital twins from unstruc- 276

tured EHRs. By integrating NER, concept normal- 277

ization, and relation extraction aligned with FHIR 278

schema requirements, our approach significantly 279

improves semantic completeness and interoperabil- 280

ity over baseline methods. Future work will extend 281

the pipeline to longitudinal patient modeling, incor- 282

porate multi-modal data including labs and imag- 283

ing, and evaluate cross-institution generalization. 284

Limitations 285

Our work has several limitations. First, the pipeline 286

was evaluated on the MIMIC-IV Demo dataset 287

containing 100 patients; evaluation on larger pa- 288

tient cohorts is needed to confirm generalizabil- 289

ity. Second, while MIMIC-IV-on-FHIR provides 290

reference FHIR mappings, these were generated 291

semi-automatically and may contain mapping in- 292

consistencies. Third, our current approach does not 293

model temporal dependencies across multiple en- 294

counters. Fourth, evaluation was limited to English 295

clinical text from a single US healthcare institu- 296

tion. Finally, our evaluation used synthetic clinical 297

narratives constructed from structured MIMIC-IV 298

data; validation on authentic physician-authored 299

text would strengthen generalizability claims. 300
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A Use of Artifacts433

Data Licenses. MIMIC-IV Clinical Database434

Demo is released under the PhysioNet Creden-435

tialed Health Data License 1.5.0 for research pur-436

poses. MIMIC-IV-on-FHIR is similarly licensed.437

Both datasets are de-identified in accordance with438

HIPAA Safe Harbor provisions.439

Artifact Use Consistent With Intended Use.440

Our use of MIMIC-IV Demo and MIMIC-IV-on-441

FHIR is consistent with their intended research442

purpose for developing clinical informatics meth-443

ods.444

B Implementation Details445

Computational Resources. Our pipeline uses446

pattern-based extraction with medical terminology447

dictionaries for NER, dictionary lookup for concept448

normalization, and rule-based relation extraction.449

Since no neural model training was required, all450

experiments were conducted on CPU (Intel Core451

i7, 16GB RAM) with total runtime under 1 hour452

for all experiments.453

Software Packages. We use Python 3.10 with454

pandas (v1.5) and numpy (v1.21) for data process-455

ing, and standard library modules for pattern match-456

ing and JSON handling.457

6


	Introduction
	Related Work
	Methodology
	Experiments
	Setup and Main Results
	Ablation Study
	Case Study

	Conclusion
	Use of Artifacts
	Implementation Details

