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Abstract

Although healthcare documentation is increasingly dependent on speech-based clinical interactions, general-purpose
Automatic Speech Recognition (ASR) and Large Language Models (LLMs) lack the domain adaptation, structured
control and interoperability guarantees required in regulated medical environments. These limitations often result
in transcription errors, hallucinated content, and limited alignment with standardized coding systems. This paper
introduces MedicaLLM, a multilingual, end-to-end framework integrating domain-adapted ASR, LLM-based structured
report generation, and ontology-driven semantic enrichment within a modular architecture for clinical documentation.
MedicalLLM combines medical interview transcription with structured report generation, summarization, and error
correction; Named Entity Recognition (NER); and Medical Entity Linking (MEL) to align with standards such as
SNOMED-CT and ICD-10. Deployed as a secure software as a service (SaaS) platform with REST API integration,
MedicaLLM aims to reduce the administrative burden, improve the quality of documentation, and enhance semantic
interoperability across healthcare systems, all while maintaining computational efficiency and clinical reliability.
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1. Introduction

Healthcare systems are currently undergoing an
accelerated digital transformation, driven by the in-
creasing demand for efficiency, accuracy, and inter-
operability in the clinical documentation processes
(Holmgren et al., 2024). The growing administrative
burden faced by healthcare professionals, together
with the need for precise and standardized medi-
cal records, has highlighted the limitations of tradi-
tional documentation workflows. Automatic Speech
Recognition (ASR) (Blackley et al., 2019; Ng et al.,
2025) and Large Language Models (LLMs) (Shool
et al., 2025; Thirunavukarasu et al., 2023), repre-
sents a strategic opportunity to modernize clinical
practice while maintaining high standards of safety,
compliance and linguistic precision.

Despite recent advances in Transformer-based
architectures such as BERT (Devlin et al., 2019),
GPT-based models (Brown et al., 2020), LLaMa-
3 (Grattafiori et al., 2024), Qwen-3 (Yang et al.,
2025), Whisper (Radford et al., 2023) and related
variants, directly adopting these technologies in
the healthcare domain remains challenging. Clini-
cal language is characterized by highly specialized
terminology, domain-specific abbreviations, multi-
lingual variability (notably Spanish and Catalan),
and strict regulatory requirements (Gu et al., 2021;
Carrino et al., 2022). Generic ASR and LLM sys-
tems often struggle to accurately transcribe medical

consultations, correctly interpret technical terminol-
ogy, or generate structured medical reports aligned
with standardized ontologies such as SNOMED-
CT and ICD-10 (Hu et al., 2024). Furthermore,
concerns about data privacy, computational costs,
robustness in noisy clinical environment, and model
hallucinations further complicate their deployment
in real-world healthcare settings (Kim et al., 2025).

The MedicalLLM project addresses these chal-
lenges by developing an end-to-end Artificial In-
telligence (Al) pipeline. This pipeline integrates
domain-specific ASR systems with LLM-based
modules that are specialized for generating struc-
tured reports, recognizing named entities, and
linking medical entities. Specifically designed for
a multilingual healthcare environment in Span-
ish and Catalan, the system incorporates fine-
tuned Transformer-based models, medical-domain
datasets, and normalization mechanisms aligned
with international clinical standards. The project
aims to automate and optimize key stages of clinical
documentation by combining speech processing,
semantic understanding, summarization, and on-
tology mapping within a unified architecture.

The proposed architecture is organized into mod-
ular components that separate data acquisition,
transcription, semantic processing, normalization,
and presentation layers. First, an end-to-end ASR
module processes medical interviews and dicta-
tions, ensuring high transcription accuracy under
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realistic hospital acoustic conditions. Next, LLM-
based modules transform raw transcripts into struc-
tured medical reports through context-aware sum-
marization and error correction mechanisms. Then,
NER and MEL components extract relevant clinical
entities, such as symptoms, diagnoses, medica-
tions, and procedures, and map them to standard-
ized terminologies to ensure interoperability and
regulatory compliance. The system is deployed via
a scalable software as a service (SaaS) platform
with secure backend processing, user-friendly in-
terfaces, and API-based integration with electronic
health record (EHR) systems.

Beyond technological innovation, the project
places strong emphasis on reliability, privacy and re-
sponsible Al deployment. Data governance mecha-
nisms compliant with General Data Protection Reg-
ulation (GDPR) and healthcare regulations, halluci-
nation migation strategies, structured output valida-
tion, and human-in-the-loop validation workflows
are integrated into the system design. Furthermore,
optimization techniques such as quantization and
parameter-efficient fine-tuning are explored to en-
able deployment in resource-constrained health-
care environments.

The project (CPP2024-011574) is funded by the
Spanish National Research Agency (AEIl) through
the Colaboracién publico-privada call. The con-
sortium members are VOCALI SISTEMAS IN-
TELIGENTES S.L., a company with extensive ex-
perience in medical ASR solutions, and the TEC-
NOMOD research group at the Universidad de Mur-
cia, specialized in NLP, LLMs and semantic tech-
nologies.

Currently, the platform is being developed and
validated through structured work packages cover-
ing multilingual resource creation, ASR adaptation,
LLM fine-tuning, ontology alignment, SaaS devel-
opment, and integrated system validation. The ex-
pected outcome is a Technology Readiness Level
(TRL) 6 prototype capable of operating in real clin-
ical environments, reducing administrative work-
load, improving documentation quality, and enhanc-
ing the interoperability of medical records across
healthcare systems.

In summary, MedicalLLM proposes a comprehen-
sive, multilingual and domain-adapted Al frame-
work that bridges the gap between state-of-the-art
speech and language technologies and the practi-
cal demands of modern healthcare systems, con-
tributing to more efficient, standardized and scal-
able clinical workflows.

2. Background Information

In recent years, advances in Al, particularly in Natu-
ral Language Processing (NLP) and ASR, have sig-
nificantly transformed the way textual and auditory
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data are processed. Transformer-based architec-
tures such as BERT (Devlin et al., 2019), LLaMa-
3 (Grattafiori et al., 2024), GPT3-family models
(Brown et al., 2020), Qwen-3 (Yang et al., 2025),
Whisper (Radford et al., 2023), HUBERT (Hsu et al.,
2021) and Wav2Vec 2.0 (Baevski et al., 2020) have
demonstrated remarkable capabilities in contextual
language modeling, speech-to-text transcription,
and generative reasoning. These technologies
have reached near-human performance in general-
domain tasks and have been widely adopted in
applications such as virtual assistants, automated
transcription services, machine translation, and
conversational systems (Blackley et al., 2019; Ng
et al., 2025; Shool et al., 2025; Thirunavukarasu
et al., 2023).

However, the healthcare domain presents unique
linguistic, operational and regulatory challenges
that limit the direct applicability of generic Al models.
Clinical language is highly specialized and charac-
terized by domain-specific terminology, acronyms,
abbreviations, implicit contextual references, and
heterogeneous discourse styles (Gu et al., 2021;
Carrino et al., 2022). Medical interviews involve
spontaneous dialogue between healthcare profes-
sionals and patients that often combining colloquial
expressions with technical vocabulary (Kuligowska
et al., 2023). In contrast, medical dictations and
clinical reports are more structured and formal, with
a greater emphasis on terminology. This variability
poses significant challenges for speech recognition
and language understanding systems (Hodgson
and Coiera, 2016).

Although state-of-the-art ASR models have
achieved strong performance in controlled environ-
ments, their accuracy tends to degrade in domain-
specific contexts such as hospitals, where back-
ground noise, overlapping speech, and speaker
variability are common (Lamy et al., 2018). More-
over, generic ASR systems often misrecognize spe-
cialized medical terminology, resulting in transcrip-
tion errors that can have critical implications for
diagnosis, treatment planning, and clinical docu-
mentation (Zuchowski and Goéller, 2022). There is
a significant unmet need for domain-adapted ASR
systems that are fine-tuned using multilingual med-
ical datasets, particularly in Spanish and Catalan.

Concurrent with the development of ASR, LLMs
have precipitated a paradigm shift in NLP by facil-
itating sophisticated functionalities, including text
summarization, information extraction, reasoning,
and structured generation (Brown et al., 2020). In
the medical domain, LLMs exhibit considerable
promise in automating clinical documentation, gen-
erating structured reports from raw transcripts, ex-
tracting relevant medical entities, and mapping
them to standardized ontologies such as SNOMED-
CT and ICD-10 (Thirunavukarasu et al., 2023). Spe-



cialized variants such as BioBERT (Lee et al., 2020)
and ClinicalBERT (Huang et al., 2019) have exhib-
ited enhancements in biomedical text mining tasks.
However, the majority of high-performing genera-
tive models are predominantly trained on English
data, thereby constraining their robustness in other
languages.

The presence of multiple languages in a given
context introduces a degree of complexity that must
be addressed. While Spanish is extensively in-
corporated in NLP resources, Catalan is under-
represented in substantial medical datasets. The
paucity of high-quality annotated corpora for medi-
cal speech and clinical text in these languages im-
poses constraints on the fine-tuning and evaluation
of domain-adapted transformer models. Addition-
ally, healthcare systems mandate strict adherence
to data protection regulations (e.g., GDPR), interop-
erability standards, and traceability requirements,
which generic Al deployments frequently neglect
to address adequately.

Another critical challenge pertains to reliability
and robustness. LLMs have been observed to gen-
erate hallucinations, defined as outputs that are
either factually inaccurate or fabricated, particu-
larly when operating outside the parameters of their
training distribution or when tasked with generating
structured medical content, as evidenced by recent
(Huang et al., 2025). In healthcare environments,
where precision and accountability are essential,
such risks must be mitigated through controlled
generation strategies, structured output constraints,
validation layers, and human-in-the-loop supervi-
sion mechanisms (Kim et al., 2025).

From a technological maturity perspective, many
Al-based healthcare documentation solutions are
still in the experimental or early prototype stage.
Integrating ASR, LLM-based summarization, NER,
and MEL into a unified, scalable, and interopera-
ble pipeline poses significant research and engi-
neering challenges. Additionally, the computational
requirements for deploying large transformer mod-
els can be prohibitive for small and medium-sized
healthcare institutions. This makes model optimiza-
tion techniques, such as quantization, parameter-
efficient fine-tuning, and resource-aware deploy-
ment, essential for real-world adoption.

In this context, there is a clear need for an end-to-
end framework tailored to multilingual healthcare
environments. This framework should combine
domain-specific speech recognition, structured lan-
guage generation, semantic normalization, interop-
erability with clinical coding systems, secure data
governance, and scalable deployment via SaaS
architectures. Addressing these gaps will not only
reduce administrative burden and improve docu-
mentation efficiency but also enhance data qual-
ity, interoperability, and clinical decision support in
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modern healthcare systems.

3. System Architecture

The Medical LM platform is designed as a modular
end-to-end pipeline that integrates domain-adapted
ASR and LLMs to support multilingual (Spanish
and Catalan) clinical documentation workflows. As
described in the Figure 1, the global SaaS sys-
tem is organized into four main modules: (1) ASR
for medical interviews and dictation; (2) medical
report generation with summarization and error cor-
rection; (3) NER and MEL with normalization to
clinical standards; and (4) user interfaces and ser-
vice communication. The architecture separates
perception (speech-to-text), clinical reasoning and
structuring (LLM-based generation), semantic en-
richment (NER/MEL), and interaction layers (SaaS
Ul and APIs), enabling independent optimization
and scalable deployment in real healthcare envi-
ronments.

At runtime, a healthcare professional records
or uploads audio from either a doctor—patient in-
terview or a clinician dictation. Audio is securely
transmitted to the ASR module, which produces
a transcript while preserving domain terminology
and, in interview scenarios, applying speaker di-
arization to distinguish patient and clinician turns.
The resulting text is routed to the report generation
module, where an LLM transforms unstructured
transcripts into structured clinical documentation
(e.g., symptoms, diagnosis, treatment plan), incor-
porating summarization and context-aware error
correction to mitigate transcription artifacts. Next,
the NER/MEL module extracts relevant clinical en-
tities and links them to standardized terminologies
(e.g., SNOMED-CT, ICD-10), enabling interoper-
ability and downstream integration with EHR sys-
tems. Finally, the outputs are presented to the user
through the SaaS interface, where clinicians can
validate and edit results, and optionally export them
through secure API integrations.

All core services are conceived to operate under
a SaaS deployment model, supporting both real-
time and offline workflows, and enabling integration
with external hospital systems via RESTful APIs.
The following subsections describe each module
in more detail.

3.1. ASR Module for Medical Interviews

and Dictations

The ASR module constitutes the perceptual back-
bone of the MedicalL LM architecture. It objective is
to convert spoken medical interactions into accu-
rate textual representations while preserving clini-
cal terminology, speaker structure and contextual
coherence.
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Figure 1: Overview of the modules that conform the MedicaLLM system architecture.

Unlike generic speech recognition systems, the
MedicaLLM ASR component is specifically adapted
to the medical domain. It addresses two distinct
but complementary use cases:

1. Medical interviews: spontaneous, multi-
speaker interactions between clinician and pa-
tient, characterized by turn-taking, colloquial
expressions, incomplete sentences, interrup-
tions and embedded technical terminology.

Medical dictation: structured, terminology-
dense speech produced by healthcare profes-
sionals, often including acronyms, abbrevia-
tions and highly domain-specific expressions.

The module will be built upon transformer-
based end-to-end ASR architectures (e.g., Whis-
per, Wav2Vec 2.0, or HuBERT variants), which will
be fine-tuned using multilingual domain-specific
datasets generated within the project. These
datasets will include manually transcribed real and
simulated consultations, augmented audio reflect-
ing hospital noise conditions, and diverse accents
to ensure robustness across clinical settings.

For interview scenarios, speaker diarization
mechanisms will be integrated to distinguish be-
tween clinician and patient turns. This separation
is essential for downstream structured report gener-
ation, where the attribution of symptoms and state-
ments must be correctly contextualized. For dic-
tation scenarios, additional preprocessing steps
will be applied, including phonetic normalization of
acronyms and abbreviation expansion modeling,
enabling the system to handle expressions such
as letter-by-letter pronunciations and abbreviated
clinical terminology.

The fine-tuning strategy will evaluate multiple
adaptation configurations, including encoder freez-
ing, full fine-tuning, and gradual unfreezing, opti-
mizing the trade-off between domain adaptation
and the preservation of general acoustic represen-
tations. Performance will be evaluated using Word
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Error Rate (WER), domain-specific terminology ac-
curacy, and Real-Time Factor (RTF), ensuring both
transcription precision and operational feasibility.

The output of this module will be a timestamped,
optionally diarized transcript that will serve as struc-
tured input for the LLM-based report generation
module.

3.2. LLM-Based Medical Report
Generation, summarization and
Error Correction

The report generation module transforms raw ASR
transcripts into structured, standardized, and clin-
ically meaningful documentation. This process is
expected to significantly reduce the administrative
workload for healthcare professionals and improve
consistency in clinical reporting.

The module will leverage multilingual LLMs and
SLMs (e.g., Gemma-3, Mistral, Phi-4, and Qwen-3)
adapted to the medical domain through supervised
fine-tuning and instruction tuning on curated clinical
datasets. This process will incorporate transcripts,
structured reports, and annotated data to ensure
alignment with clinical writing conventions.

This component performs three tightly integrated
functions:

3.2.1. Structured Report Generation

The system transforms unstructured conversational
transcripts into organized reports divided into pre-
defined sections such as, chief complaint, history
of present illness, physical examination findings,
diagnosis and treatment plan.

This structuring will be achieved through prompt
conditioning, instruction tuning, and template-
guided decoding strategies, ensuring compliance
with standardized medical documentation formats.



3.2.2. Abstractive and Extractive
summarization

The module uses hybrid summarization techniques.
Abstractive summarization will condense long tran-
scripts into coherent, concise clinical narratives,
while extractive mechanisms will ensure that criti-
cal factual elements, such as drug names, dosages,
and lab results, are explicitly preserved. This dual
strategy is expected to reduce information loss
while maintaining readability.

Different advanced approaches will be progres-
sively evaluated to support this objective. These ap-
proaches include encoder—decoder architectures,
such as mT5 and mBART, for multilingual abstrac-
tive summarization. Subsequently, LLMs will be as-
sessed to enhance contextual coherence, domain
adaptation, and structured generation capabilities.

3.2.3. Context-Aware Error Correction

Given that ASR systems may introduce transcrip-
tion errors, especially in terminology-dense con-
texts, the LLM incorporates contextual correction
mechanisms. By leveraging domain knowledge
encoded during fine-tuning, the model identifies
probable inconsistencies and corrects medical ter-
minology when contextual evidence supports such
correction. This step enhances reliability and re-
duces post-editing workload.

Prompt engineering strategies (zero-shot, few-
shot, and chain-of-thought prompting) will be eval-
uated to improve structured generation under com-
putational constraints. Additionally, model optimiza-
tion techniques such as quantization and QLoRA
will be explored to enable deployment in resource-
constrained healthcare infrastructures.

The output of this module is a structured, lin-
guistically refined clinical report ready for semantic
enrichment.

3.3. NER and Medical Entity Linking for
Normalization

The semantic enrichment layer enhances interop-
erability and machine-readability of the generated
reports by extracting and normalizing clinically rel-
evant entities.

This module consists of two sequential compo-
nents:

3.3.1. Named Entity Recognition (NER)

The NER subsystem identifies entities such as
symptoms, diagnoses, medications, procedures,
date, dose of the medication, organization, labora-
tory tests, and among others.

Two complementary strategies will be evaluated:
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» LLM-based extraction via prompt engineer-
ing, enabling flexible zero-shot or few-shot
recognition in low-resource contexts.

* Fine-tuned encoder-based models (e.g.,
BERT, RoBERTa, XLM-R variants) trained on
manually annotated corpora, optimized for
computational efficiency.

Performance is measured using precision, recall
and F1-score, ensuring clinical-grade entity extrac-
tion accuracy.

3.3.2. Medical Entity Linking (MEL)

Following entity extraction, the MEL subsystem
will map surface-level terms to standardized on-
tology entries such as SNOMED-CT and ICD-10
codes. Transformer-based embedding approaches
(e.g., SapBERT-style representations) will be used
to generate contextual embeddings for candidate
concepts, which will be retrieved through similarity
search mechanisms.

To address ambiguity and near-synonymous ter-
minology, a re-ranking layer will be incorporated to
refine candidate selection using context-sensitive
scoring. This step is critical in clinical scenarios
where subtle semantic differences may correspond
to distinct diagnostic codes.

The output will be an enriched clinical report an-
notated with standardized codes, enabling seam-
less integration into EHR systems and supporting
downstream analytics.

3.4. SaaS Platform, User Interfaces and
Service Communication

The final layer of the architecture corresponds to
the SaaS deployment infrastructure and user inter-
action components. The platform is designed to
operate as a scalable cloud-based service while
supporting integration with on-premise hospital sys-
tems when required.

3.4.1. Backend Layer

The backend orchestrates the full operational life-
cycle of the system, coordinating ASR processing,
LLM inference, semantic enrichment workflows,
dataset management, and model versioning within
a unified service layer. It manages task scheduling,
resource allocation, logging, and inter service com-
munication, ensuring that each module, including
speech recognition, report generation, and entity
normalization, operates cohesively within the over-
all pipeline.

Secure storage mechanisms are integrated at
multiple levels, including encrypted data at rest and
in transit, role based access control, audit logging,
and traceability of model outputs and edits. The



infrastructure is designed to comply with GDPR
requirements and healthcare data protection stan-
dards, supporting anonymization or pseudonymiza-
tion strategies where appropriate, as well as con-
trolled data retention policies.

The architecture supports both synchronous real
time and asynchronous batch processing work-
flows. In real time scenarios, such as live dictation
or consultation transcription, low latency inference
pipelines ensure timely feedback to clinicians. In
asynchronous mode, larger audio files or bulk doc-
umentation tasks can be processed through batch
execution, optimizing computational resource uti-
lization. This dual capability enables flexible de-
ployment across diverse healthcare environments,
from small clinics to large hospital networks.

3.4.2. Frontend Interfaces

User interfaces provide healthcare professionals
with intuitive and user-centered tools that support
the full clinical documentation workflow. Through
the interface, users can securely record consul-
tations in real time or upload previously recorded
audio files. They are able to review automatically
generated transcripts with timestamp navigation,
compare diarized speaker segments when appli-
cable, and detect potential transcription inconsis-
tencies. The interface also enables validation of
structured clinical reports, allowing clinicians to ex-
amine how information has been organized into
predefined sections such as symptoms, diagnosis
and treatment plan. In addition, users can inspect
extracted clinical entities along with their associated
standardized codes, verify their correctness within
context, and perform manual corrections when nec-
essary. Before final submission, professionals can
edit, refine and formally approve the documentation
to ensure clinical accuracy and completeness.

Visualization dashboards complement these
tools by providing operational transparency. They
offer real-time and aggregated metrics on transcrip-
tion quality (e.g., error rates and processing la-
tency), report generation performance, entity ex-
traction statistics, and dataset usage indicators.
These monitoring capabilities support quality as-
surance, facilitate model evaluation and version
comparison, and enable data-driven optimization
of the overall system.

3.4.3. API and Integration Layer

RESTful APIs enable integration with third-party
hospital systems, EHRs, and external services. An
AP| gateway manages authentication, access con-
trol and secure communication between frontend
and backend services.

The Saa$S architecture is designed following mi-
croservices principles, enabling containerized de-
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ployment, horizontal scalability and independent
updating of ASR, LLM and NER components. This
modular design ensures maintainability, resilience
and adaptability to evolving clinical requirements.

3.5. Implementation Status and

Validation

To clarify the distinction between contributions and
ongoing work, this section details the implementa-
tion status of each component, the datasets used,
and the validation strategy adopted in the Medi-
calLLM project.

MedicaLLM is currently under development
within a structured work plan and is expected to
reach a TRL 6 prototype, validated in realistic clini-
cal environments. The system follows a modular
design, where different components are at different
stages of maturity:

» Data resources (In progress): Multilingual
datasets in Spanish and Catalan have been
created, including real and simulated doc-
tor—patient conversations, medical dictations,
and structured clinical reports. These datasets
are manually transcribed and annotated by ex-
perts, forming gold-standard corpora for ASR,
NER, and MEL tasks.

ASR module (under development): Base-
line transformer-based ASR systems (e.g.,
Whisper, Wav2Vec 2.0) have been selected
and are currently being adapted through
domain-specific fine-tuning using the gener-
ated datasets. Optimization strategies such
as encoder freezing and gradual fine-tuning
are under evaluation.

LLM-based report generation (under devel-
opment): Initial pipelines for structured report
generation, summarization, and error correc-
tion have been implemented using multilingual
LLMs. Ongoing work focuses on instruction
tuning, prompt optimization, and alignment
with clinical documentation standards.

NER and MEL modules (under develop-
ment): Annotated datasets for entity recogni-
tion and linking have been completed. Model
development is ongoing, combining fine-tuned
encoder-based models and LLM-based extrac-
tion approaches, along with ontology align-
ment to SNOMED-CT and ICD-10.

Integrated Saa$S platform (planned integra-
tion phase): The full end-to-end integration of
all modules into a scalable Saa$S platform, in-
cluding APl-based interoperability with EHR
systems, is currently under development and
will be validated in later project stages.



The operational pipeline follows a well-defined
sequence. First, audio is acquired either from med-
ical interviews or clinician dictations. The signal
is processed by the ASR module, which gener-
ates a transcript and optionally performs speaker
diarization to distinguish between patient and clini-
cian turns. The resulting text is then transformed
by the LLM-based module into structured clinical
reports, incorporating summarization and context-
aware error correction. Subsequently, NER and
MEL components extract relevant clinical entities
and map them to standardized terminologies such
as SNOMED-CT and ICD-10. The normalized out-
put is then presented to clinicians through the user
interface, where validation and editing take place
before final export and integration into EHR sys-
tems. This design ensures a clear separation be-
tween perception, reasoning, semantic normaliza-
tion, and user interaction layers.

The system relies on domain-specific datasets
generated within the project, addressing the
scarcity of medical resources in Spanish and Cata-
lan. These datasets include transcribed doc-
tor—patient conversations (both real and simulated),
clinical dictations, structured medical reports, and
synthetic audio generated via text-to-speech to im-
prove robustness under diverse acoustic conditions.
In addition, manually annotated corpora have been
created for NER and MEL tasks, enabling super-
vised training and evaluation of semantic extraction
and normalization components. All data collection
and processing follow strict GDPR-compliant pro-
tocols, including anonymization procedures and
expert validation.

Given the risks associated with generative mod-
els in clinical contexts, MedicalLLM incorporates
multiple complementary hallucination mitigation
strategies. These include template-guided and
structured generation, which constrains outputs to
predefined clinical sections, as well as hybrid ex-
tractive—abstractive summarization techniques that
preserve critical factual information while ensuring
readability. Furthermore, context-aware error cor-
rection mechanisms leverage domain knowledge
during LLM inference to detect and resolve incon-
sistencies. Ontology grounding through MEL aligns
generated outputs with standardized medical ter-
minologies, and human-in-the-loop validation en-
sures that all outputs are reviewed before clinical
use. Together, these mechanisms transform hallu-
cination mitigation from a conceptual objective into
an operational component of the system.

Human validation constitutes a central element
of the workflow. Through the SaaS interface, clini-
cians can review transcripts and structured reports,
inspect extracted entities and their associated stan-
dardized codes, and perform manual corrections
where necessary. Users are able to edit, refine, and

35

formally approve the final report, ensuring clinical
accuracy and completeness. Only validated out-
puts are exported to EHR systems, guaranteeing
reliability, traceability, and regulatory compliance.

Although large-scale experimental results are
still under development, the evaluation framework
is already defined. The ASR module is assessed
using metrics such as WER, domain-specific termi-
nology accuracy, and RTF. The NER component is
evaluated through precision, recall, and F1-score,
while MEL performance is measured in terms of
linking accuracy and ranking quality. At the system
level, evaluation includes clinician validation time,
correction rate, and usability indicators.

4. Conclusions and Further Work

MedicalLM integrates the core technological com-
ponents required for end-to-end multilingual clinical
documentation, including a domain-adapted ASR
module for medical interviews and dictation, LLM-
based structured report generation with summariza-
tion and error correction capabilities, a semantic
enrichment layer for NER and MEL, and a secure
SaaS platform enabling user interaction and EHR
integration. The architecture combines speech per-
ception, structured generation, ontology alignment
and human-in-the-loop validation within a modular
and scalable microservices framework tailored to
healthcare environments.

Currently, the platform is being developed and
validated through structured work packages cover-
ing multilingual resource creation, ASR adaptation,
LLM fine-tuning, ontology alignment, SaaS devel-
opment, and integrated system validation. These
activities include the systematic construction and
annotation of domain-specific datasets, the pro-
gressive adaptation of speech and language mod-
els to clinical terminology, and the iterative evalua-
tion of transcription accuracy and structured report
generation quality. The validation framework as-
sesses the structural and semantic consistency of
automatically generated medical reports, as well
as the precision and recall of entity extraction and
normalization components. Particular emphasis is
placed on minimizing transcription artifacts, reduc-
ing clinically unsafe hallucinations, and ensuring
full alignment with standardized medical coding
systems and interoperability requirements.

Future work will concentrate on several com-
plementary research and development directions.
First, we plan to enhance domain robustness
through adaptive fine-tuning strategies that incor-
porate continual learning mechanisms, enabling
the ASR and LLM components to evolve as new
clinical terminology, interaction styles and specialty-
specific vocabularies emerge. Second, we aim to
explore tighter integration between report genera-



tion and ontology normalization, investigating joint
modeling approaches where structured generation
is directly constrained by standardized terminolo-
gies during decoding. Finally, we will investigate
automated feedback loops between clinician cor-
rections and model refinement pipelines. By incor-
porating validated post-edits into incremental train-
ing cycles, the system will progressively improve
its structured generation accuracy and semantic
consistency.
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