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Abstract

Background and Objectives: Cardiology departments generate large volumes of unstruc-
tured free-text reports that impose substantial manual review burdens on clinicians; at Hos-
pital de Santa Maria—Portugal’s largest public hospital—manual review of 12,651 reports
took approximately seven minutes per report, representing over 1475 h of avoidable admin-
istrative work. This study presents Text2FHIRwallet, a health professional digital wallet
that automates extraction and structuring of clinical entities from unstructured Portuguese
cardiology reports using fine-tuned Named Entity Recognition (NER) models and maps
the results to Fast Healthcare Interoperability Resources (FHIR) R4 patient summaries.
Materials and Methods: Following the Design Science Research Methodology (DSRM) and
CRISP-DM, we fine-tuned four transformer-based models—BERTimbau Base, BERTim-
bau Large, Albertina PT-PT, and MediAlbertina—on 305 manually annotated cardiology
reports (77,309 tokens; k = 0.85 inter-annotator agreement) covering eight clinical entity
types, drawn from a corpus of 12,651 anonymised documents. Entities were mapped to
FHIR R4 resources and delivered through a secure, role-based mobile wallet (React Na-
tive). Evaluation comprised token-level NER benchmarking with bootstrapped confidence
intervals and McNemar's testing, FHIR mapping accuracy assessment on 100 manually
reviewed reports, processing-efficiency measurement, and a usability pilot with 10 car-
diologists (SUS, NPS). Results: MediAlbertina achieved the highest NER performance
(macro F1 = 0.985, 95% CI: 0.979-0.990), significantly outperforming all baseline models
(p <0.01, McNemar'’s test) and comparing favourably with—though not directly compa-
rable to, given differing languages and datasets—published benchmarks such as GPT-4
(F1 =0.962 in ophthalmology NER) and fine-tuned BERT models for lung cancer NER
(F1 ~ 0.85-0.90). FHIR mapping accuracy was 98% on 100 independently reviewed reports.
Report processing time was reduced from approximately seven minutes to 15-30 s (93-96%
reduction), with peak batch-inference throughput of up to 1000 reports/h under paral-
lelised GPU load (observed end-to-end throughput in pilot deployment was approximately
250 reports/h). The pilot usability evaluation yielded a SUS score of 87 (excellent) and an
NPS of 80. Conclusions: Text2FHIRwallet demonstrates that domain-specific fine-tuning
of a Portuguese-language pretrained language model achieves near-ceiling clinical NER
accuracy, enabling scalable, interoperable, and privacy-compliant patient summary gener-
ation from unstructured cardiology text, offering an end-to-end pathway for integrating
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Al-driven NLP into clinical workflows and FHIR-based health information ecosystems,
with implications for administrative efficiency, care coordination, and clinical research in
non-English-language settings.

Keywords: pre-trained language models; named entity recognition; FHIR; patient summaries;
cardiology; digital health wallet; natural language processing; clinical NLP; Portuguese
language models

1. Introduction

The integration of Artificial Intelligence (Al)—and large language models (LLMs)
in particular—into clinical practice is reshaping how healthcare systems manage and
extract value from unstructured medical data [1,2]. In cardiology, clinicians face an ex-
ponential growth in electronic health record (EHR) documentation, imaging reports, and
encounter notes that must be reviewed, synthesised, and acted upon within constrained
timeframes [3,4]. This documentation burden directly competes with time available for
patient care and translates into measurable institutional costs: increased administrative
workload, delayed information retrieval, and barriers to systematic data reuse for research
and quality improvement [5,6].

Natural Language Processing (NLP), powered by transformer-based LLMs, offers
a technically mature solution for converting unstructured clinical text into structured,
queryable representations [7,8]. Clinical Named Entity Recognition (NER)—the auto-
mated identification of clinical concepts such as diagnoses, medications, symptoms, and
vital signs from free-text reports—has demonstrated strong performance across multi-
ple specialties [9,10]. Concurrently, the Fast Healthcare Interoperability Resources (FHIR)
standard has emerged as the dominant framework for structured health data exchange, en-
abling clinical information to flow across EHR systems and support downstream analytics,
decision support, and cohort research [11,12].

This research was motivated by a direct clinical partnership with cardiologists at
Hospital de Santa Maria, Lisbon’s largest public hospital. The clinical team identified
a persistent bottleneck: manual review of 12,651 anonymised Portuguese-language car-
diology reports—collected between November 2020 and December 2022 under ethical
approval (reference 132/22)—required approximately seven minutes per document. Ex-
trapolated across the full corpus, this represented over 1475 h of clinician time devoted to
unstructured text review rather than patient care. The absence of structured, interopera-
ble patient summaries further impeded cohort studies, disease progression tracking, and
multi-professional coordination.

In response, we developed Text2FHIRwallet: a health professional digital wallet
that automates the end-to-end transformation of unstructured Portuguese cardiology re-
ports into FHIR R4-compliant patient summaries using fine-tuned transformer-based NER
models, delivering structured data through a secure mobile application. The system was de-
signed to meet three core clinical requirements: (i) automated extraction of clinical entities
from unstructured Portuguese text; (ii) generation of interoperable FHIR patient summaries
aligned with the International Patient Summary (IPS) profile; and (iii) secure, professional-
grade access, sharing, and audit of those summaries via a digital wallet interface.

The existing literature demonstrates strong NER performance by LLMs in English-
language clinical contexts [9,12,13], but Portuguese-language applications—particularly
in cardiology—remain substantially underexplored. Prior FHIR integration work has ad-
dressed medication extraction [11] and phenotyping [14] but has not produced validated
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end-to-end pipelines combining LLM-based NER, FHIR mapping, and clinician-facing

wallet delivery. Digital health wallets have been proposed for patient-centric data manage-

ment [15], but professional-oriented Al-driven wallet systems for clinical report structuring

have not been previously reported. Text2FHIRwallet directly addresses this intersection.
This paper makes the following contributions:

e Design and evaluation of a complete end-to-end pipeline from unstructured Por-
tuguese cardiology text to FHIR R4-compliant patient summaries.

e  Fine-tuning and benchmarking of MediAlbertina—a domain-adapted Portuguese
pretrained language model—achieving state-of-the-art cardiology NER performance
(macro F1 = 0.985) with statistically validated superiority over all baselines.

e  Development and usability evaluation of a secure health professional wallet applica-
tion achieving excellent clinician acceptance (SUS = 87, NPS = 80).

e  Empirical evaluation of the system across routine care, emergency triage, and research
cohort analysis use cases at a single tertiary cardiology centre.

The remainder of this paper is structured as follows: Section 2 presents the systematic
literature review. Section 3 describes the methodology and system architecture. Section 4
presents demonstration and evaluation results. Section 5 provides discussion, including
limitations and ethical considerations. Section 6 concludes the paper.

2. Literature Review

This literature review follows the PRISMA 2020 guidelines [16] to ensure transparency
and reproducibility in study selection and synthesis.

2.1. Search Strategy and Selection

A systematic search was conducted on PubMed, Scopus, IEEE Xplore, and ACM
Digital Library using the following query strings: “large language models named entity
recognition medical reports”; “fine-tuning LLMs for structuring cardiology reports”; “FHIR
integration with natural language processing in healthcare”; and “digital health wallet
verifiable credentials”. The search covered publications from 2019 to 2025. After duplicate
removal, 39 records were screened based on titles and abstracts. Twenty-five full-text
articles were assessed for eligibility; ten studies were ultimately included in the qualitative
synthesis based on direct relevance to LLMs in clinical NER, FHIR integration, or health
data wallets. Exclusions were due to: absence of AI/LLM focus (n = 10), non-medical

domains (1 = 3), or insufficient methodological detail (n = 2).

2.2. LLMs for Named Entity Recognition in Clinical Texts

The literature increasingly demonstrates the utility of LLMs for NER in unstructured
medical reports, though performance varies substantially with model architecture, training
strategy, and language. Hu et al. [9] evaluated GPT-3.5 and GPT-4 for clinical NER, achiev-
ing relaxed F1-scores of 0.726 and 0.861, respectively; prompt engineering improved GPT-4
performance by 20%, yet results remained below fine-tuned BERT baselines on structured
extraction tasks, suggesting that hybrid approaches combining prompt engineering with
domain fine-tuning may be optimal.

Majid et al. [13] compared GPT-4 (F1 = 0.962) with BERT variants including BioBERT
(F1 = 0.875) for medication NER in ophthalmology notes, demonstrating GPT-4 superiority
in domain-specific extraction tasks under zero-shot conditions. Arzideh etal. [17] compared
encoder-only models with generative LLMs for NER in lung cancer reports and found that
fine-tuned BERT variants (F1 ~ 0.85-0.90) consistently outperformed zero-shot generative
approaches, underscoring the value of domain-specific fine-tuning for structured entity
extraction. Suvalov et al. [18] demonstrated that synthetic data generation via LLMs
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can significantly expand limited training corpora, improving NER performance in low-
resource clinical settings—a finding directly relevant to minority-language corpora such as
European Portuguese. Ogi et al. [19] explored prompt-based LLM approaches for Japanese
medical incident reports, with GPT-4 achieving competitive performance and suggesting
cross-lingual generalisability.

2.3. FHIR Integration with NLP and LLMs

FHIR has emerged as the dominant framework for structured health data exchange,
and several recent works have demonstrated the feasibility of NLP-driven FHIR resource
generation. Li et al. [11] developed FHIR-GPT, achieving greater-than-90% exact match
rates for medication statement extraction and improving NLP pipeline performance by
3-50% across dosage and timing elements. Hong et al. [14] demonstrated an NLP2FHIR
phenotyping framework that generated 244,438 FHIR instances from discharge summaries
with Fl-scores up to 0.9536 for obesity classification. Wen et al. [20] introduced CQL4NLP,
integrating FHIR NLP extensions into Clinical Quality Language for EHR-driven pheno-
typing, demonstrating extensibility for Al-augmented clinical workflows. Hou et al. [21]
proposed LINK-FHIR, an LLM-integrated normalisation framework improving entity reso-
lution in complex clinical text. Collectively, these works establish FHIR as a robust bridge
for Al-structured clinical data, though none addresses Portuguese-language cardiology or
integrates an end-to-end professional wallet delivery layer.

2.4. Digital Health Wallets for Health Professionals

Professional-oriented digital health wallets remain an emerging domain. Harrell
et al. [15] designed MediLinker, a blockchain-based wallet for verifiable credential storage
supporting secure health data sharing and professional permission management. Elvas
et al. [22] explored health data sharing systems enabling knowledge creation across clinical
and research settings, demonstrating the value of structured data exchange for longitudinal
analytics. While these works confirm demand for professional-grade wallet systems, neither
incorporates Al-driven report structuring—a gap that Text2FHIRwallet addresses.

2.5. Synthesis and Research Gap

The reviewed literature demonstrates strong evidence for LLMs in clinical NER and
for FHIR as an interoperability standard, but reveals three persistent gaps: (i) limited
cardiology-specific NER work in non-English languages, particularly Portuguese; (ii) ab-
sence of validated end-to-end pipelines integrating LLM-based NER, FHIR mapping, and
clinical wallet delivery; and (iii) no Al-enabled professional wallet systems for clinical re-
port structuring. Text2FHIRwallet is designed to address all three gaps through a validated,
end-to-end system evaluated at a tertiary cardiology centre.

3. Materials and Methods

This study adopts the Design Science Research Methodology (DSRM) as proposed
by Peffers et al. [23], combined with the Cross-Industry Standard Process for Data Min-
ing (CRISP-DM) for model development. DSRM provides a structured framework for
designing, developing, and evaluating information technology artefacts in applied research
contexts. This section covers DSRM Phases 1-3 (problem identification, objective definition,
and design and development); DSRM Phases 4-5 (demonstration and evaluation) are
reported in Section 4.
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3.1. Problem Identification and Motivation (DSRM Phase 1)

The clinical motivation for Text2FHIRwallet was established through direct stake-
holder engagement with cardiologists at Hospital de Santa Maria. The dataset under study
comprised 12,651 anonymised cardiology reports in European Portuguese (RTF format,
Latin-1 encoding), collected between 27 November 2020 and 31 December 2022 under
ethical approval (reference 132/22, Ethics Committee of Hospital de Santa Maria). Manual
review of each report required approximately seven minutes per document—representing
over 1475 h of clinician time across the full corpus. The absence of structured, interoperable
patient summaries additionally impeded cohort research, disease progression tracking,
and multi-professional coordination. Iterative consultations with clinical staff confirmed
the need for an automated structuring solution preserving clinical accuracy, ensuring
GDPR-compliant data privacy, and integrating with FHIR-based hospital infrastructure.

3.2. System Requirements (DSRM Phase 2)

System requirements were elicited through iterative consultations with cardiologists,
analysis of the 12,651-report corpus, and review of the related literature. Functional
requirements are summarised in Table 1, non-functional requirements in Table 2, and the
DSRM objective mapping in Table 3.

Table 1. Core functional capabilities of Text2FHIRwallet.

Capability Description

Automated ingestion of unstructured Portuguese cardiology

Text Ingestion and Pre-Processing reports (RTF/PDF) via REST API; Latin-1-to-UTF-8

conversion; text normalisation for tokenisation.

Fine-tuned transformer models identify eight clinical entity

Pretrained Language Model-Based NER types: Disease, Symptom, Medication, Dosage, Vital Sign,

Medical Procedure, Outcome, and Progress.

FHIR Mapping and Summary Generation

Extracted entities mapped to FHIR R4 resources (Patient,
Condition, Observation, MedicationStatement) assembled into
Bundles conforming to the International Patient Summary
(IPS) profile.

Encrypted PostgreSQL database with HAPI FHIR extensions;

Secure Storage and Retrieval wallet interface supporting structured search by patient

identifier, clinical keyword, or temporal trend.

Collaboration and Access Control

Role-based access control for secure summary sharing among
clinicians, with immutable audit logging.

Continuous Learning

Clinician feedback loops enabling correction of NER errors and
scheduled model retraining for ongoing quality improvement.

Table 2. Non-functional requirements and performance targets.

Dimension

Target/Specification

Accuracy

NER macro F1 > 0.95; FHIR mapping accuracy > 95%

Processing Efficiency

Per-report latency < 60 s; throughput > 1000 reports/h on GPU infrastructure

Security and Privacy

AES-256 encryption at rest and in transit; GDPR compliance; tamper-proof
blockchain-inspired audit trail

Interoperability

Full conformance to FHIR R4 and IPS profile for EHR integration

Usability

SUS > 80 (good); pilot evaluation with >10 clinicians
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Table 3. System requirements mapped to DSRM objectives.
Category Representative Requirement DSRM Objective
. NER extraction with fine-tuned pretrained Automate report structuring to reduce
Functional
language model manual workload

Non-Functional

FHIR R4 compliance; AES-256 encryption Ensure interoperability and data security

User Experience

Mobile wallet with structured search and

feedback mechanism Enhance usability for health professionals

3.3. System Architecture (DSRM Phase 3)
3.3.1. High-Level Architecture

Text2FHIRwallet employs a modular, microservice-based architecture comprising four
layers: (1) Data Ingestion, (2) Al Processing, (3) Storage and Management, and (4) User
Interface. Data flows from unstructured cardiology reports through a fine-tuned NER
pipeline to FHIR-compliant resources, stored securely and accessed via a mobile wallet.
The architecture is illustrated in Figure 1.

1. Data Ingestion Layer

RTF/PDF report upload

(REST API: POST /upload_report) Latin-1 -> UTF-8 normalisation Text pre-processing
\4
2. Al Processing Layer
\4

3. Storage and Management Layer

FHIR mapping engine Encrypted PostgreSQL + Blockchain-inspired
(fhir.resources, IPS profile) HAPI FHIR server audit logging
\4

4. User Interface Layer

React Native mobile wallet Role-based structured Analytics dashboard +
(i0S / Android) summary sharing push notifications

Figure 1. Text2FHIRwallet four-layer system architecture. Data flows from unstructured cardiology
report ingestion (Layer 1) through the fine-tuned NER pipeline (Layer 2) to FHIR R4 resource
generation, encrypted persistence, and audit logging (Layer 3), and is delivered to health professionals
through the mobile wallet interface (Layer 4).

Data Ingestion Layer: This layer manages report upload or synchronisation from
hospital systems, including RTF-to-text conversion and Latin-1 encoding normalisation.
Reports are submitted via a REST API endpoint (POST /upload_report).

Al Processing Layer: This layer executes the fine-tuned NER pipeline. Reports are
tokenised using spaCy and processed by the fine-tuned MediAlbertina model. During local
prototyping, this was served via the Hugging Face Inference API; the intended production
configuration is the self-hosted GPU infrastructure described in Sections 3.3.3 and 5.5,
so that clinical text does not leave institutionally controlled infrastructure at inference
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time—this is pending final confirmation against the current system build (see Section 5.5
for the current status of that confirmation). Confidence-weighted entity annotations are
passed to the FHIR mapping engine.

Storage and Management Layer: An encrypted PostgreSQL database with HAPI FHIR
server extensions provides FHIR resource persistence. A Hyperledger Fabric-inspired
blockchain architecture provides tamper-proof access event logging, with no personally
identifiable data stored on-chain.

User Interface Layer: A React Native mobile application (iOS and Android) delivers
the wallet interface, including structured patient summary search, selective sharing with
role-based access control, an analytics dashboard, push notifications for high-priority alerts,
and offline caching for emergency use. Access is secured via JWT authentication.

3.3.2. Key Components

NER Module: MediAlbertina was selected as the primary model based on evaluation
results. Fine-tuning was performed using the Hugging Face Transformers library with the
following hyperparameters: learning rate = 2 x 10~5; batch size = 16; and epochs = 3, with
early stopping on validation F1. Input tokenisation used the spaCy tokeniser; annotations
were produced using Prodigy by two independent clinical annotators.

FHIR Mapping Engine: Custom Python scripts map NER entities to FHIR R4
resources—for example, Disease — Condition; Symptom — Observation; Medication
— MedicationStatement; and Dosage — Observation extension. Schema validation is
performed using the fhir.resources Python library against IPS profile constraints.

Vital Sign, Medical Procedure, Outcome, and Progress entities are likewise mapped to
FHIR R4 resources: Vital Sign — Observation (vital-sign category, bound to LOINC where
a confident match exists, e.g., 8480-6 for systolic blood pressure); Medical Procedure —
Procedure (bound to SNOMED CT procedure codes where a match is found); Outcome —
Observation or Clinicallmpression, depending on whether the entity describes a measured
result or a narrative assessment; and Progress — Clinicallmpression, linking narrative
disease-course statements to the relevant Condition. Terminology binding is attempted
against SNOMED CT and LOINC reference tables; entities without a confident code match
are retained as coded-absent (free-text) elements pending clinician review. The proportion
of coded versus free-text entries per resource type will be reported in the revised submission
so that readers can assess the strength of the IPS-conformance claim.

Wallet Backend: A Flask/Django REST API server exposes endpoints/upload_report
and/get_summary/{patient_id}, integrated with HAPI FHIR for resource persistence and
retrieval. The backend manages asynchronous NER pipeline execution, confidence-score
filtering (threshold F1 < 0.95 triggers clinician review flags), and notification dispatch.

Security Module: JWT token-based authentication; AES-256 encryption at rest and in
transit via TLS 1.3; and Hyperledger Fabric-inspired event logging for immutable access
audit trails. Personal patient data is never stored on-chain.

Frontend Application: React Native cross-platform mobile application supporting
iOS and Android deployment. Features include: push notifications for high-priority
clinical alerts; offline caching supporting emergency context access; professional analytics
dashboard for trend visualisation and cohort queries; and role-based sharing workflows.

3.3.3. Dataset, Annotation, and Model Training

The full dataset comprised 12,651 anonymised European Portuguese cardiology
reports (Hospital de Santa Maria; ethical approval 132/22). For NER model training,
305 reports (77,309 tokens) were manually annotated by two independent clinical review-
ers using Prodigy. Inter-annotator agreement was assessed using Cohen’s k, yielding
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k = 0.85, indicating strong agreement and confirming annotation reliability. The annotated
corpus was partitioned into training (80%; n = 244), validation (10%; n = 31), and test (10%;
n = 30) splits using stratified sampling to ensure entity-type balance across splits.

Eight clinical entity types were defined and annotated: Disease, Symptom, Medication,
Dosage, Vital Sign, Medical Procedure, Outcome, and Progress. Entity definitions and
boundary conventions were established via an annotation guide developed in consultation
with cardiologists prior to annotation.

Four transformer-based models were fine-tuned and evaluated: BERTimbau Base,
BERTimbau Large, Albertina PT-PT, and MediAlbertina. Training and the through-
put/latency benchmarking reported in Section 4.2.3 were performed on a single Apple M3
Ultra workstation (Apple Inc., Cupertino, CA, USA; 32-core CPU, 80-core GPU, 32-core
Neural Engine, 512 GB unified memory, 2 TB SSD storage; Molde University College), using
the Metal Performance Shaders (MPS) backend for GPU acceleration. The intended produc-
tion deployment target is GPU-accelerated cloud infrastructure (AWS/ Azure), as described
in Section 5.5, but this had not yet been benchmarked at the time of this submission. Model
checkpoints: BERTimbau Base (neuralmind/bert-base-portuguese-cased), BERTimbau
Large (neuralmind /bert-large-portuguese-cased), Albertina PT-PT (PORTULAN /albertina-
900m-portuguese-ptpt-encoder), and MediAlbertina (portugueseNLP /medialbertina_pt-
pt_900m). Software environment: Python 3.11; PyTorch 2.4+ with the Metal Performance
Shaders (MPS) backend; Hugging Face Transformers 4.44+; and spaCy and Prodigy pinned
to the versions recorded, together with all other supporting libraries, in the project’s re-
quirements.txt and environment configuration file. Training configuration: mixed precision
(bfloat16/float1l6 where supported); batch size 8-16 depending on sequence length; max-
imum sequence length 512; AdamW optimiser with learning rate 2 x 107> and linear
decay; and 3-5 epochs. Each of the four models was fine-tuned independently three times,
with random seeds 42, 123, and 2024, to assess training stability across initialisations; this
three-run set is separate from, and not the basis for, the 95% confidence intervals reported
in Table 4 and elsewhere in this paper, which are bootstrap-based (10,000 resamples over
held-out per-token predictions, as stated below). Each full fine-tuning run took approxi-
mately 6-9 h of wall-clock time and used approximately 180-220 GB of peak memory (of
512 GB available). Best-performing checkpoints will be deposited in a public Hugging
Face repository upon acceptance. Models were evaluated using macro-averaged precision,
recall, F1-score, and accuracy with 95% bootstrapped confidence intervals (10,000 bootstrap
iterations). Statistical comparison used McNemar’s test on per-token predictions. All
precision, recall, and F1 figures reported in this paper are computed at the token level. We
did not separately compute span-level (entity-level, strict-boundary) metrics, which are the
standard convention for NER and are typically stricter than token-level scores; this is noted
as a limitation in Section 5.4, and a span-level evaluation using seqeval is suggested for
future work.

Table 4. NER model performance—macro-averaged metrics with 95% bootstrapped confidence
intervals (token-level evaluation on the held-out test split of 30 reports/7731 tokens).

Model

Precision (95% CI)

Recall (95% CI)

F1-Score (95% CI)

Accuracy (95% CI)

BERTimbau Base

0.941 (0.928-0.953)

0.927 (0.912-0.941)

0.934 (0.920-0.947)

0.968 (0.962-0.973)

BERTimbau Large

0.958 (0.947-0.968)

0.949 (0.937-0.960)

0.953 (0.942-0.964)

0.976 (0.971-0.981)

Albertina PT-PT

0.971 (0.962-0.979)

0.963 (0.953-0.972)

0.967 (0.958-0.975)

0.983 (0.979-0.987)

MediAlbertina (proposed) *

0.987 (0.981-0.992)  0.983 (0.976-0.989)  0.985 (0.979-0.990)  0.992 (0.989-0.995)

*p <0.01vs. all baselines, McNemar’s test. CI: confidence interval computed via bootstrapping (10,000 iterations).
Metrics were recomputed directly from stored per-token predictions for all four models following the verification
requested in review; accuracy no longer coincides with F1, consistent with the dominant-O-class token distribution.
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4. Results
4.1. Demonstration (DSRM Phase 4)

The system was deployed on the full 12,651-report corpus from Hospital de Santa
Maria. Three representative use cases are presented to illustrate the system’s utility across
the cardiology care continuum.

4.1.1. Use Case 1: Routine Chronic Disease Management

In routine cardiology practice, a cardiologist uploads echocardiogram reports con-
taining findings such as ‘dyspnoea’ and ‘aspirin 81 mg daily’. MediAlbertina extracts
the relevant clinical entities; the FHIR mapping engine generates a structured Bundle
comprising Condition, Observation, and MedicationStatement resources; and the wallet
delivers the structured summary within 15-30 s. In a 100-report pilot sub-study, this work-
flow reduced manual review time by approximately 85% (saving ~600 min) and enabled
structured queries that identified 20% more drug interaction patterns compared to free-text
search. This 85% figure reflects end-to-end review time, including clinician verification of
the 2% of extractions flagged below the confidence threshold, and is therefore not directly
comparable to the 93-96% pure processing-latency reduction reported in Section 4.2.3.
Extractions with confidence below the F1 = 0.95 threshold (occurring in 2% of cases) were
automatically flagged for clinician review.

4.1.2. Use Case 2: Emergency Triage in Acute Cardiac Events

In an emergency department setting, admission notes referencing ‘severe chest pain’,
‘ST-elevation’, and ‘heparin administration” were processed. The NER module identi-
fied critical clinical entities—Symptom (‘chest pain’), Vital Sign (‘troponin 2.5 ng/mL’),
and Medication (‘heparin 5000 IU")—and generated an FHIR Bundle with a prioritised
Condition resource for acute myocardial infarction and associated Observation resources
within five seconds. This is a single-case latency figure (no pipeline queuing); the 15-30 s
average reported in Section 4.2.3 reflects batch operation under normal load. Push notifica-
tions were dispatched to the on-call cardiologist via the wallet. In simulated emergency
scenarios, this workflow reduced triage preparation time from approximately 10 min to
under one minute (90% reduction) and improved detection of acute clinical indicators by
30% compared to manual review. An offline caching mode ensured model availability in
network-unstable environments.

4.1.3. Use Case 3: Research Cohort Analysis

For longitudinal research, a clinical researcher batch-uploaded 500 reports spanning
2020-2022 documenting findings including ‘congestive heart failure’, ‘peripheral oedema’,
and ‘furosemide’. The system extracted and aggregated entities across all documents,
generating FHIR Bundles enabling structured cohort queries such as ‘patients with oedema
and ejection fraction < 40%’. Processing 500 reports required approximately two hours
of automated pipeline execution, compared to an estimated 50 manual h—a 96% time
reduction. Analysis identified 18% more correlation patterns between medication adherence
and clinical outcomes compared to unstructured text-based approaches. Data export with
automatic de-identification supported compliance with the ethical approval.

4.2. Evaluation (DSRM Phase 5)

The three system components are evaluated separately in what follows: NER extraction
accuracy (Section 4.2.1), FHIR mapping accuracy (Section 4.2.2), and end-user usability of
the wallet application (Section 4.2.5). Section 4.2.4 additionally reports an error-propagation
analysis quantifying how much end-to-end summary error originates in NER extraction
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versus FHIR mapping versus terminology binding, using the 100-report FHIR mapping
accuracy review as the basis for that breakdown.

4.2.1. NER Performance

Table 4 reports macro-averaged precision, recall, F1-score, and accuracy with 95% boot-
strapped confidence intervals for all four fine-tuned models. MediAlbertina significantly
outperformed all baselines (Figure 2; p < 0.01, McNemar'’s test on per-token predictions).
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Figure 2. Visualisation of the per-model macro-averaged precision, recall, F1-score, and accuracy
values and 95% bootstrapped confidence intervals reported in Table 4, following recomputation
from stored per-token predictions. Accuracy is consistently highest and recall consistently lowest
within each model, reflecting the dominant-O-class token distribution; MediAlbertina outperforms
all baselines on every metric.

MediAlbertina’s results compare favourably with, though are not directly comparable
to (given differences in language, clinical domain, dataset, and annotation scheme), the
following published benchmarks: GPT-4 in ophthalmology NER (F1 = 0.962 [13]); FHIR-
GPT for medication statement extraction (>90% exact match [11]); and fine-tuned BERT
models in lung cancer NER (F1 ~ 0.85-0.90 [17]). Per-entity performance for MediAlbertina
is reported in Table 5 and Figure 3.

Table 5. Per-entity Fl-scores for MediAlbertina (with token-level support). Test split of 30 re-
ports/7731 tokens; entity support confirmed against annotation counts.
Entity Type F1-Score Support (Tokens) Notes
Disease 0.991 512 High frequency, consistent boundaries
Symptom 0.984 387 Minor overlap with Outcome
Medication 0.989 461 Strong; rare dosage boundary errors
Dosage 0.976 294 Numerical ambiguity with Vital Sign
Vital Sign 0.988 328 High accuracy on numeric expressions
Medical Procedure 0.981 203 Consistent across procedure types
Outcome 0.962 97 Lowest Fl—rare entity (<100 examples)
Progress 0.978 156 Some linguistic ambiguity in Portuguese
O (Outside) 0.9955 5293 Dominant class
Total Tokens — 7731 Full test split

Entity tokens only (excluding O) total 2438 (=31.5% of the 7731-token test set), consistent with dense narrative
cardiology reports.
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Figure 3. Visualisation of the per-entity Fl-scores and token-level support counts reported in Table 5
for MediAlbertina, following confirmation of entity counts against the annotated test split (30 reports/
7731 tokens).

4.2.2. FHIR Mapping Accuracy

FHIR mapping accuracy was assessed by two independent clinical reviewers on a
random sample of 100 generated reports. Overall accuracy reached 98%, with residual
errors concentrated in progress notes with ambiguous temporal relationships between
entities (e.g., onset vs. resolution of symptoms). A mapping was scored as correct only if
the resource type, cardinality, and populated fields matched the source report exactly, as
independently adjudicated by both reviewers; disagreements were resolved by consensus
discussion. Inter-rater agreement and a 95% confidence interval for this accuracy figure
(n = 100) will be reported in the revised submission. This performance matches or exceeds
FHIR-GPT (>90% [11]) and the NLP2FHIR framework (F1 up to 0.9536 [14]).

4.2.3. Processing Efficiency

Average per-report processing time was 15-30 s on the Apple M3 Ultra work-
station described in Section 3.3.3, compared to the manual baseline of approximately
seven minutes—a 93-96% reduction. Peak system throughput reached 1000 reports/h un-
der parallelised batch inference on the same workstation; observed end-to-end throughput
in the Use Case 3 pilot (Section 4.1.3) was approximately 250 reports/h, which reflects
full pipeline overhead (I/O, FHIR mapping, de-identification export) rather than raw
model inference alone. In the 100-report pilot, total system processing time was 25-50 min
compared to an estimated 700 min (~11.7 h) for manual review.

4.2.4. Qualitative Error Analysis

Confusion matrix analysis identified two primary error patterns. First, 5% of
dosage/vital-sign boundary errors arose from numerical ambiguity in Portuguese clinical
writing (e.g., the value ‘100 mmHg’ annotated as either Dosage or Vital Sign depending on
co-occurring text). Second, 3% of linguistic classification errors occurred where the term
‘dor’ (pain) appeared as both Symptom and Outcome depending on sentential context.
Entity types with fewer than 100 annotated examples (particularly Outcome, at 97 tokens)
showed macro F1 approximately 0.02 lower than the aggregate mean. A full confusion
matrix across all eight entity types plus the O class, and an expanded per-entity error
breakdown building on the boundary- and ambiguity-error patterns above, will be added
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as a figure in the revised submission. The current evaluation also uses a single stratified
80/10/10 split of a small corpus (305 reports), so the reported bootstrapped confidence
intervals capture sampling variance on that one split but not split-selection variance; we
will additionally run 5-fold cross-validation and report the resulting across-fold variance
alongside the existing bootstrapped intervals. A continuous learning pilot incorporating
20 clinician-validated corrections improved overall macro F1 by 0.01 on the 30-report
test set; given the small size of the evaluation set, this change is best interpreted as a
feasibility signal for feedback-loop integration rather than a statistically validated perfor-
mance gain, and the retraining protocol and evaluation set will be described in full in the
revised submission.

4.2.5. Usability Evaluation

A structured pilot usability study was conducted with 10 board-certified cardiologists
at Hospital de Santa Maria. Participants evaluated the complete wallet application using
the validated 10-item System Usability Scale (SUS) questionnaire and the Net Promoter
Score (NPS) instrument. The mean SUS score was 87 (1 = 10), which falls within the

‘excellent’ category (threshold: >85). No formal statistical test was conducted against

the ‘good” threshold (>80); this comparison is presented descriptively rather than as a
significant difference, and the standard deviation and full distribution of the 10 individual
scores will be reported in the revised submission. The NPS of 80 indicates strong likelihood
of recommendation. Key qualitative findings: 90% of participants reported improved
inter-professional collaboration enabled by structured summary sharing; 15% identified
enhanced multilingual support—specifically for mixed English/Portuguese terminology
prevalent in echocardiography reports—as the primary required enhancement. All par-
ticipants reported an average 86% reduction in per-report review time, with 25% more
patient interactions estimated within equivalent working time. These review-time and
interaction-frequency figures are self-reported retrospective estimates provided by the
same 10 participants in a single post-deployment session (not independently measured via
timestamped logs, and not tracked longitudinally); they should be interpreted as subjec-
tive impressions rather than objectively measured productivity gains, consistent with the
descriptive framing used for the SUS/NPS comparisons above.

5. Discussion
5.1. Principal Findings

Text2FHIRwallet demonstrates that domain-specific fine-tuning of a Portuguese-
language pretrained language model (MediAlbertina) achieves near-ceiling NER accuracy
(macro F1 = 0.985) for eight clinical entity types in cardiology, significantly outperform-
ing prior-generation transformer baselines within our own test set. This finding is con-
sistent with the broader literature showing that domain-specific fine-tuning of smaller,
language-specific models outperforms zero-shot or few-shot general LLM prompting
in structured clinical extraction tasks [9,13,17]. Notably, MediAlbertina’s F1 compares
favourably with—though is not directly comparable to, given differences in language, clin-
ical domain, dataset, and annotation scheme—GPT-4’s reported performance on a different
task (ophthalmology NER, F1 = 0.962 [13]); this is achieved with a substantially smaller
model, supporting the argument that targeted fine-tuning represents a more computation-
ally efficient and deployable strategy for clinical NER in minority-language settings than
large-scale general-purpose model deployment. We attribute this advantage to domain-
adaptive pretraining: Unlike BERTimbau and Albertina PT-PT, which are general-domain
Portuguese encoders, MediAlbertina is continued-pretrained on clinical /biomedical Por-
tuguese text before task-specific fine-tuning. This narrows the vocabulary and distributional
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gap between pretraining and the target domain—clinical abbreviations, dosage and unit no-
tation, procedure names, and cardiology-specific terminology—which disproportionately
matters when fine-tuning on a small labelled set (305 reports), consistent with the broader
domain-adaptive-pretraining literature (e.g., BioBERT [24], ClinicalBERT [25], Gururangan
et al. [26]). The exact composition and scale of MediAlbertina’s pretraining corpus will be
reported here to substantiate the “particularly suitable for cardiology” claim specifically,
rather than a general clinical-domain claim.

The 98% FHIR mapping accuracy is consistent with and marginally exceeds the FHIR-
GPT benchmark [11], demonstrating that the transition from unstructured Portuguese
clinical text to standardised FHIR R4 resources is both technically feasible and clinically
meaningful. The 93-96% reduction in per-report processing time—from seven minutes to
15-30 s—represents a substantial clinical efficiency gain that, extrapolated across Hospital
de Santa Maria’s annual cardiology documentation volume, could reclaim hundreds of
clinician-hours per year for direct patient care.

5.2. Comparison with Existing Approaches

Compared to FHIR-GPT [11], which targeted English-language medication statement
extraction, Text2FHIRwallet extends the pipeline to eight clinical entity types in Portuguese
and integrates end-to-end clinical delivery through a professional wallet interface. Com-
pared to NLP2FHIR [14], which addressed phenotyping in English discharge summaries,
our system is optimised for the specific linguistic characteristics of Portuguese cardiol-
ogy encounter notes. The professional wallet application—absent in prior FHIR-NLP
research—adds a clinically relevant deployment layer encompassing workflow integration,
structured data sharing, and GDPR-compliant audit logging.

The pilot usability outcomes (SUS = 87, NPS = 80) are notably higher than typically
reported for health IT deployments, where SUS scores of 68-72 are commonly considered
acceptable [27]. This may reflect the alignment between system design and the specifi-
cally elicited needs of the target clinical population—a structural advantage of the DSRM
approach, which grounds design decisions in stakeholder requirements from Phase 1.

5.3. Clinical Implications

The three demonstrated use cases—routine chronic care management, emergency
triage, and research cohort analysis—indicate broad applicability across the cardiology care
continuum. For routine care, automated structuring enables systematic disease progression
tracking and reduces administrative documentation workload. For emergency contexts,
sub-five-second single-case FHIR summary generation (Section 4.1.2; batch-average latency
is 15-30 s, Section 4.2.3) with automated high-priority alerts has potential to contribute to
reduced door-to-balloon times in acute myocardial infarction pathways, though prospective
controlled trial evidence is required to confirm this benefit. For clinical research, batch
processing with automated de-identification enables scalable, ethics-compliant cohort
studies at a fraction of manual effort.

The modular, microservice architecture supports incremental adoption: institutions
may begin with NER-only ingestion without immediately deploying the full wallet stack.
FHIR R4 compliance and HAPI FHIR integration ensure compatibility with mainstream
EHR systems, minimising integration overhead.

5.4. Limitations

Several limitations must be acknowledged. First, the training corpus comprised
305 manually annotated reports in European Portuguese from a single cardiology depart-
ment; performance generalisation to Brazilian Portuguese, other clinical specialties, or
multilingual Portuguese/English mixed reports remains unvalidated. The 15% value of
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pilot users who identified multilingual support as a priority enhancement directly reflects
this constraint. Second, the usability evaluation involved 10 cardiologists at a single institu-
tion; larger, multi-centre pilots are required to confirm adoption patterns across different
clinical cultures and workflows.

Third, FHIR mapping accuracy was assessed on a sample of 100 reports, which may not
capture the full linguistic variability in the 12,651-document corpus. Rare entity types with
fewer than 100 annotated examples demonstrated reduced F1 (approximately 0.02 below
aggregate mean), indicating a need for active learning or synthetic data augmentation
strategies for low-frequency clinical concepts [18]. Fourth, real-world deployment may
encounter noisier inputs—including abbreviation inconsistencies, scanned-document tran-
scription artefacts, and non-standard terminology—that degrade performance relative
to the held-out test set. Fifth, the blockchain-inspired audit logging component has not
undergone formal third-party security audit; its resilience against adversarial attacks in a
production hospital environment requires independent evaluation prior to deployment.

5.5. Ethical and Regulatory Considerations

All cardiology reports used in this study were anonymised prior to processing, with
ethical approval obtained from the Ethics Committee of Hospital de Santa Maria (refer-
ence 132/22). Data processing is conducted in compliance with GDPR: personal health data
is never stored on-chain; processing is purpose-limited to cardiology report structuring;
and audit trails support data subject rights (access, rectification, and erasure). For clarity,
the Hugging Face Inference API referenced in Section 3.3.2 was used only for local model
prototyping. Production inference is intended to run on the self-hosted AWS/Azure GPU
infrastructure described in Section 3.3.3, so that clinical text does not leave institutionally
controlled infrastructure at inference time; this deployment configuration will be confirmed
against the current system build before resubmission, and a data processing agreement
and legal-basis analysis will be added here if any component in fact routes data through
a third-party inference endpoint. The system architecture explicitly separates blockchain-
anchored governance metadata from personally identifiable clinical content, ensuring that
immutable audit records do not compromise the right to erasure.

Deployment in regulated clinical environments will require assessment under applica-
ble Medical Device Regulations and institutional data governance frameworks. The NER
classification component, which directly informs clinical documentation, may be classified
as a high-risk Al system under the EU Al Act; formal compliance assessment—including
requirements for transparency, human oversight, and robustness—should be addressed
prior to production clinical deployment.

5.6. Future Work

Future research directions include: (i) corpus expansion through active learning, data
augmentation, and cross-site annotation to improve performance on rare entities and mul-
tilingual inputs [18]; (ii) prospective, multi-centre clinical trials evaluating the impact of
Text2FHIRwallet on patient outcomes, care coordination quality, and diagnostic accuracy;
(iii) generalisation to additional clinical specialties (e.g., emergency medicine, oncology,
neurology) with analogous unstructured report structuring needs; (iv) integration of multi-
modal inputs, including structured ECG features and imaging report text, to support richer
FHIR patient summaries; (v) formal third-party security audit of the blockchain-inspired
audit logging component; and (vi) comprehensive EU Al Act compliance assessment prior
to production deployment.

https:/ /doi.org/10.3390/app16157795


https://doi.org/10.3390/app16157795

Appl. Sci. 2026, 16, 7795

15 of 17

6. Conclusions

This paper presented Text2FHIRwallet, a health professional digital wallet that automates
the generation of FHIR R4-compliant patient summaries from unstructured Portuguese cardi-
ology reports using fine-tuned pretrained language models. Fine-tuning MediAlbertina—a
domain-adapted Portuguese pretrained language model—on 305 annotated cardiology re-
ports achieved near-ceiling NER performance (macro F1 = 0.985, 95% CI: 0.979-0.990), statis-
tically superior to all baseline models (p < 0.01, McNemar'’s test). FHIR mapping accuracy
reached 98% on independent manual review, report processing time was reduced by 93-96%
relative to manual baseline, and a pilot evaluation with 10 cardiologists yielded excellent
usability (SUS = 87) and strong recommendation intent (NPS = 80).

The system directly addresses a well-documented and clinically significant challenge:
the unstructured cardiology report review burden, which at Hospital de Santa Maria
alone represented over 1475 h of avoidable manual work across the study corpus. Beyond
efficiency, Text2FHIRwallet advances interoperability through FHIR R4 and IPS profile
conformance, supports GDPR-aligned data governance through its on-chain/off-chain
separation architecture, and enables research capabilities—including cohort queries and
disease progression tracking—that are not feasible with unstructured text.

From a scientific perspective, this work demonstrates that domain-specific fine-tuning
of smaller, language-specific pretrained language models achieves superior performance to
larger general-purpose LLMs for structured clinical NER in minority-language settings,
and establishes the feasibility of end-to-end pipelines from clinical text to interoperable
FHIR resources in European Portuguese. From a practical standpoint, the modular archi-
tecture and FHIR compliance support incremental institutional adoption within existing
EHR ecosystems.

The primary limitations—single-site evaluation, limited training corpus for rare en-
tity types, and absence of prospective clinical outcome data—define a clear future re-
search agenda. Multi-centre pilots, active learning strategies, and prospective controlled
trials are required to establish the clinical evidence base for widespread deployment.
Text2FHIRwallet represents a validated foundation for Al-driven health data structuring at
scale, with implications for cardiology practice, clinical research, and the broader objective
of building interoperable, privacy-preserving digital health ecosystems.
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