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Abstract: Electronic Health Records (EHRs) provide longitudinal, interoperable
digital histories of patient medical events across healthcare settings. However, the
vast quantity of structured data and its tabular format often complicate the syn-
thesis of a clear clinical overview. The primary objective of this work is to generate
coherent Spanish clinical narratives that summarize patient trajectories, improving
interpretability for clinicians and integration into decision workflows. We propose
a multi-agent architecture where specialized Large Language Model (LLM) agents
transform distinct clinical structured variables into a unified narrative. We compare
three models with varying domain and language specialization: MedGemma-27B,
Marmoka-es—+it, and LLaMA 3.1. Performance is assessed through a dual evaluation
framework combining expert manual annotation with an LLM-as-a-judge approach.
Our results highlight the critical role of domain and language adaptation in clinical
narrative generation while addressing the lack of specialized resources for Spanish
clinical narratives.

Keywords: Electronic Health Records, Large Language Models, Clinical Narrative
Generation, LLM-as-a-Judge.

Resumen: Los Registros Electrénicos de Salud (RES) proporcionan historiales
digitales longitudinales e interoperables de los eventos médicos de los pacientes en
diversos entornos sanitarios. Sin embargo, la gran cantidad de datos estructurados
y su formato tabular a menudo complican la sintesis de una visién clinica clara.
El objetivo principal de este trabajo es generar narrativas clinicas coherentes en
espanol que resuman la trayectoria del paciente, haciéndola més interpretable para
los clinicos y mas facil de integrar en los flujos de trabajo de decisién clinica. Pro-
ponemos un flujo de trabajo multi-agente en el que agentes especializados basados en
modelos de lenguaje de gran tamano (LLM) transforman distintas variables clinicas
estructuradas en una narrativa unificada. Comparamos tres modelos con diferentes
grados de especializacién de dominio y lenguaje: MedGemma-27B, Marmoka-es—+it
y LLaMA 3.1. El rendimiento se evaliia mediante un marco dual que combina la an-
otacién manual experta con un enfoque de “LLM-como-juez”. Nuestros resultados
destacan el papel critico de la adaptacion al dominio y al lenguaje en la generacion
de narrativas clinicas, al tiempo que abordan la falta de recursos especializados para
narrativas clinicas en espanol.

Palabras clave: Registros Electrénicos de Salud, Modelos de Lenguaje de Gran
Tamano, Generacion de Narrativas Clinica, LLM como Juez.



1 Introduction

Electronic Health Records (EHRs) have be-
come a cornerstone of modern healthcare
systems worldwide, providing a comprehen-
sive repository of patient information col-
lected throughout the care process. These
records contain both structured and text
data and play a critical role in supporting
clinical decision making, medical research,
and healthcare management (Holmes et al.,
2021; Alzubi et al., 2021). By systemati-
cally storing patient information such as di-
agnoses, procedures, laboratory results, and
treatments, EHRs enable healthcare profes-
sionals to access and analyze large volumes
of clinical data.

A substantial portion of the information
contained in EHRs is stored in structured
interoperable form (ICD, ATC codes, etc).
This structured data is typically generated
through manual annotation into standard-
ized coding systems and serves as a valuable
source of information exchange and consul-
tation for numerous clinical tasks, including
disease evolution and diagnosis, risk assess-
ment, and prediction of clinical outcomes. As
a side result, structured EHR data has be-
come widely used in clinical research and in
the development of computational models for
healthcare applications.

Despite its richness and clinical relevance,
structured tabular EHR data is often over-
whelming and difficult to interpret in a more
comprehensive, human-centered manner. Al-
though it contains detailed, temporally or-
dered information on a patient’s care trajec-
tory, its high level of redundancy, combined
with its tabular and codified structure, makes
it difficult to quickly interpret and grasp the
full care pathway. Clinicians often rely on
their own narrative summaries to describe
the evolution of diseases, treatments, and
key events over time; however, these narra-
tives are highly tailored to individual prac-
titioner documentation styles, making them
static, non-interoperable, and not readily ac-
tionable.

At the same time, fully leveraging the po-
tential of modern artificial intelligence, par-
ticularly Large Language Models (LLMs), re-
quires textual data. While advances in nat-
ural language processing have enabled pow-
erful methods for analyzing and generating
clinical narratives, these systems are inher-
ently designed to operate on text, limiting

their effectiveness when information is pri-
marily stored in structured formats.

Consequently, transforming structured
EHR data into coherent narrative descrip-
tions of individual patient histories offers two
key advantages: it makes clinical information
more human-centered and actionable, while
also rendering it readily usable by LLMs for
advanced Al-driven applications.

In this work, we propose a methodology
for generating textual clinical narratives from
structured EHR data using LLMs. Our ap-
proach follows a multi-agent architecture de-
signed to transform structured patient in-
formation into coherent narrative summaries
that reflect the clinical trajectory of each pa-
tient. To assess the quality and reliability of
the generated narratives, we use both auto-
mated LLM-based judges and human expert
annotation. Our research answers the follow-
ing research questions:

e RQ1: Can we effectively transform
structured EHR data into faithful and
coherent clinical narratives?

¢ RQ2 How does domain and language
adaptation impact model performance
on this transformation?

¢ RQ3 Do LLM-based judges align with
human experts when evaluating clinical
summarized narratives?

Our main contributions are the following:

e A multi-agent methodology designed to
transform structured EHR data into co-
herent and faithful clinical narratives.

e A comparative study of various LLMs,
evaluating the impact of clinical spe-
cialization versus general-domain and
language-specific training.

e An automated evaluation framework us-
ing LLMs as judges, analyzing their
alignment with human expertise.

2 Related Work

Several studies have investigated the auto-
matic generation of discharge summaries and
patient documentation from structured clin-
ical data. This field has gained significant
momentum due to its diverse applications,
ranging from streamlining clinical documen-
tation workflows to enhancing data harmo-
nization and supporting robust data augmen-



tation strategies (Woo et al., 2025). Further-
more, the widespread adoption of EHRs has
made these automated approaches increas-
ingly feasible and utilitarian, providing the
rich, standardized data necessary to drive
high-quality natural language generation in
clinical settings.

Different methodological approaches have
been proposed in the literature to address
the conversion of structured data into natural
language. Earlier, more simplistic methods
relied on pre-configured templates to gener-
ate text (Lee et al., 2025; Contreras et al.,
2025). While these template-based solutions
effectively mitigate hallucination-related is-
sues, they offer limited generalizability and
require significant manual effort to develop.
Consequently, the use of LLMs is gaining
prominence in this research area due to their
ability to produce more fluid and adaptable
documentation.

Studies focusing on LLMs propose vari-
ous methodologies to optimize the conver-
sion. Some research utilizes prompt engi-
neering and zero-shot inference with pre-
trained models to generate clinical sum-
maries directly from unstructured EHR data
(Ganzinger et al., 2025). In contrast, other
works adopt more advanced strategies, such
as fine-tuning, parameter-efficient training
techniques (Li et al., 2026), or Retrieval-
Augmented Generation (RAG) frameworks
(Kruse et al., 2025), to enhance the accu-
racy and quality of the generated output.
The evaluation of generated narratives is typ-
ically conducted through manual assessment
by physicians or by measuring performance
on downstream tasks in an extrinsic evalua-
tion.

Furthermore, Falis et al. (2024) utilizes
GPT-3.5 to generate discharge summaries
based on ICD-10 code descriptions. How-
ever, in practical clinical environments, the
deployment of open-source LLMs is essential
to address stringent data privacy and secu-
rity concerns. For instance, Ganzinger et al.
(2025) employs Llama 3 as the primary gen-
eration engine, while Li et al. (2026) provides
a comparative analysis of various architec-
tures, including Llama 3, Qwen 2, and Mis-
tral, to evaluate their performance in clinical
documentation tasks.

Despite these advances, important limita-
tions remain in the current literature. First,
most existing studies focus on English lan-

guage clinical data. Second, the evaluation
of generated clinical narratives traditionally
rely on automated string-similarity metrics
against reference summaries, such as BLEU
and ROUGE, which often fail to capture fac-
tual medical correctness and semantic clinical
accuracy (Papineni et al. (2002); Lin (2004)).
This drawback has prompted a recent shift
toward automated evaluation frameworks us-
ing LLMs as judges to balance scalability
with human alignment (Vasilev et al. (2025);
Wei et al. (2024)).

These limitations reveal a gap in the lit-
erature regarding the automatic generation
of Spanish clinical histories from structured
EHR data and scalable evaluation method-
ologies based on LLM judges. In this work,
we address these challenges by proposing a
methodology for generating narrative clin-
ical histories from structured patient data
and evaluating the generated summaries us-
ing both human annotation and LLM based
judges.

3 Resources

Most healthcare systems follow a standard-
ized pipeline for documenting patient events:
clinicians first record encounters as clinical
notes, typically adhering to predefined for-
mats and sections. In practice, these notes
frequently reuse content from previous en-
tries, making them prone to redundancies,
potential inconsistencies, and poor interop-
erability. Once finalized, these narratives are
subsequently transformed into standardized
codes and stored within the system as struc-
tured data.

Given our goal of performing this task
using real-world clinical data, the present
study was made possible through resources
kindly provided by a Public Healthcare Sys-
tem within the context of a collaboration
project. The dataset consists of the final
completely anonymized structured clinical in-
formation encoded by healthcare profession-
als using standardized coding and stored
within the Health System’s Business Intelli-
gence platform.

From this platform, we extracted clinical
information corresponding to a total of 65
patients. Patient selection was agnostic to
any specific medical condition, and all data
were retrieved entirely from codified fields.
A detailed quantitative profile and descrip-
tive statistics of the extracted patient cohort



are provided in Appendix A. The dataset
includes several types of structured variables
describing the patients’ demographic charac-
teristic, medical history, clinical tests, and
treatments. Specifically, the following infor-
mation was retrieved:

e Past Medical History: historical di-
agnoses recorded for each patient, in-
cluding the corresponding diagnostic
codes (ICD) and the dates on which the
diagnoses were registered.

e Laboratory Results: results of clini-
cal laboratory tests performed on the pa-
tient, including blood tests, urine tests,
and other biochemical analyses. Fach
record includes the type of laboratory
test, the date of the test, and the mea-
sured value.

e Treatments: pharmacological treat-
ments prescribed to the patient, includ-
ing the start and end dates of the treat-
ment as well as the associated Anatomi-
cal Therapeutic Chemical (ATC) classi-
fication code.

4 Methodology

In this section, we present the proposed
multi-agent architecture for transforming
structured data into clinical narratives (see
subsection 4.1), alongside the human eval-
uation framework (see subsubsection 4.2.1)
and the LLM-as-a-judge evaluation method-
ology (see subsubsection 4.2.2). The com-
plete prompt templates for all models are
provided in Appendix B.

4.1 Multi-agent pipeline:
Structured Data—to—Narrative

We propose a multi-agent architecture-based
pipeline to transform structured EHR data
into narrative patient histories, with each
agent responsible for a key section of the final
narrative. This way each agent focuses and
processes specific information of the same
tabular data in parallel. Once the parallel
processing is complete, the individual out-
puts from each agent are combined into a
single, cohesive clinical narrative in Spanish,
ensuring an efficient and modular generation
process that avoids the latencies associated
with sequential execution (see Figure 1).
This modular approach enables the sys-
tem to handle heterogeneous clinical vari-
ables and apply tailored processing to each

—List of Di l@'
=

Medical History Agent

JSON
with patient
clinical data

(TRACT ) o IT;
EXTRAC ( Narrative
Last Lab Results— ooVl ues }—}

— clinical history
(]
—Active Tt %

Lab Agent
Treatment Agent

Figure 1: Pipeline for the transformation of
structured data into narrative patient histo-
ries using agents.

information type, ensuring that all data are
summarized according to their clinical rele-
vance. Here is a brief description of each
agent together with the implemented restric-
tions:

e Past Medical History Agent: This
agent receives a list of diagnosis with
timestamps, which are first temporally
ordered. The ordered sequence is fi-
nally transformed into a coherent nar-
rative that preserves clinical meaning
while simplifying terminology.

e Laboratory Results Agent: Labora-
tory values are aligned with timestamps
and filtered using predefined clinical ref-
erence ranges to identify abnormal re-
sults. Only tests closest to the most re-
cent diagnosis are prioritized to reduce
noise. Three prompting strategies are
used:

— No-Filter: All values are included,
with the model implicitly instructed
to focus on abnormalities.

— Abnormal-Explicit: All values are
included with explicit abnormality
indicators.

— Abnormal-Only:  Only abnormal
values are provided as input.

e Treatments Agent: This agent re-
ceives a list of treatments with start and
end dates, filtering to retain only treat-
ments active at the time of diagnosis.
The resulting set is formatted into a co-
herent narrative.

Additionally, towards answering RQ2, it
is necessary to assess the impact of the under-
lying LLM’s specificity on the proposed ap-




proach. To this end, we compare three LLMs
with distinct characteristics in terms of do-
main specialization and language adaptation,
while also enabling a comparison between
compact (8B) and larger-scale (27B) models
(see Table 1). Llama-3.1-8B-it (AI@Meta,
2024) is a general-domain English-centric
LLM, MedGemma-27B (Google, 2025) is a
medical-domain English-centric LLM, and
Marmoka-es+it-8B (Domingo-Aldama et al.,
2026) is a medical-domain Spanish-centric
LLM. Furthermore, LLaMA 3.1 8B and
Marmoka-es+it-8B represent compact mod-
els that could be realistically deployed in
healthcare environments with limited compu-
tational resources, whereas MedGemma-27B
allows us to evaluate the impact of a larger,
domain-specialized model. These models are
used as the underlying generators within the
multi-agent framework. The generation was
performed using Hugging Face Transformers
default settings except for the temperature,
which was set to 0.7.

Name Arch. Domain Lang.
Llama-3.1-8B-it Llama3.1  General multi
MedGemma-27B Gemma3d  Clinical multi

Marmoka-es+it-8B Llama3.1  Clinical es

Table 1: Large language models evaluated in
this study.

4.2 Evaluation

In this section, we address RQ1, and RQ3
(see section 1). To this end, we first de-
fine a comprehensive set of criteria to sup-
port rigorous expert evaluation of the rele-
vance, coherence, and clinical fidelity of the
generated narratives. Based on these crite-
ria, we then propose a two-step evaluation
framework combining manual expert assess-
ment (see subsubsection 4.2.1) with auto-
mated evaluation using LLMs as judges (see
subsubsection 4.2.2).

4.2.1 Human Evaluation

The human evaluation is conducted accord-
ing to the following quality criteria described
under the taxonomy of quality criteria pre-
sented in Belz et al. (2025):

e Clinical Information Coverage: the
extent to which the generated narra-
tive accurately reflects the clinically rel-
evant information present in the struc-

tured data. This is a Correctness crite-
rion assessed relative to the input. An-
notators explicitly identified which rel-
evant clinical features were successfully
integrated into the narrative and which
were omitted.

e Hallucination: the presence of clini-
cal statements or facts that are either
unsupported by the original structured
data or extraneous to the required nar-
rative. This is a Correctness criterion as-
sessed relative to the input frame of ref-
erence. Annotators highlighted the spe-
cific segments within the text classified
as hallucinations. We categorized hallu-
cinations into four distinct types:

— FExtra: Factually correct but non-
requested content, such as normal
laboratory results or general expla-
nations of clinical features.

— Error: Information that contradicts
the patient’s medical history or is
clinically inaccurate.

— Prompt: Conversational preambles,
formulaic introductions, and gen-
eral model chattiness.

— Note: Meta-commentary or notes
generated by the LLM describing
the modifications it performed dur-
ing the task.

e Narrative Quality: Rather than serv-
ing as a cumulative average of the pre-
vious criteria, this metric captures the
quality of the text as a unified whole.
It maps to the root node of the taxon-
omy (Owverall Quality), evaluating how
form and meaning interact simultane-
ously. Evaluators considered the linguis-
tic readability and fluency (Goodness)
alongside the aggregate impact of clin-
ical coverage and hallucination density
(Correctness). This criterion is mapped
to a subjective, intrinsic, absolute eval-
uation mode, utilizing a global rating
scale ranging from 1 (poor) to 5 (excel-
lent).

To ensure the reliability of the evaluation
framework, a subset of 45 generated narra-
tives was selected for a preliminary annota-
tion phase. This sample comprised five nar-
ratives from each experimental configuration,
covering the three distinct LLMs and the



three types of laboratory result inputs. The
primary objective of this phase was to refine
the annotation guidelines and quantify the
Inter-Tagger Agreement (ITA) between
two independent annotators. Both annota-
tors were computer scientists with previous
experience in medical Al research and clin-
ical natural language processing tasks. The
evaluation was structured around the previ-
ously mentioned three evaluation criteria:

e Clinical Information Coverage:
Inter-annotator agreement for this
criterion was measured by representing
each clinical feature as a binary label
indicating whether it is present (1) or
absent (0) in the generated narrative.
Consequently, each annotator produced
a binary label vector over the full set
of clinical features. Agreement between
annotators was then computed by com-
paring these two label vectors using a
Macro F1l-score, which is appropriate
in this setting as it measures consistency
across all features while giving equal
importance to each label. The analysis
yielded a near-perfect score of 0.98,
indicating that the identification of
clinical facts is highly consistent and
reliable across evaluators.

e Hallucination: To establish ITA for
the hallucination criterion, we compared
the highlighted text boundaries using
the Intersection over Union (IoU)
metric. The resulting score of 0.84 re-
flects an excellent level of spatial overlap
and consistency between evaluators.

e Narrative Quality: Given the ordi-
nal nature of this scale, we calculated a
Weighted Cohen’s Kappa, obtaining
a value of 0.69. According to standard
benchmarks, this represents substantial
agreement, validating the use of these
human scores as reliable ground truth for
the subsequent experimental analysis.

4.2.2 LLM-as-judge

The LLM-as-a-judge framework is imple-
mented as a multi-agent system designed to
mirror the evaluation process used by hu-
man experts focusing on the three criteria
employed, namely Clinical Information Cov-
erage, Hallucination, Narrative Quality (see
subsubsection 4.2.1). Its goal is to produce
automated quality scores that closely align

with expert judgment. To this end, the sys-
tem comprises three specialized LLM-based
judges, each responsible for assessing differ-
ent aspects of narrative quality.

e Coverage Judge (Clinical Informa-
tion Coverage criteria): This agent
identifies omissions by systematically
verifying whether each clinical feature
present in the structured data is accu-
rately reflected in the generated narra-
tive.

e Hallucination Judge (Hallucination
criteria): This agent detects extraneous
or fabricated information. It evaluates
the narrative for the presence of “extra”
data, such as unrequested normal labo-
ratory results or clinical facts not sup-
ported by the source data.

e Quality Judge (Narrative Quality
criteria): Acting as the primary eval-
uator, this agent assigns a final score on
a scale of 1-5, simulating the assessment
provided by human annotators.

To analyze the interactions among the dif-
ferent criteria, we propose a baseline setup
along with several derived combinations (see
Figure 2).

Coverage-
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Figure 2: Multi-agent evaluation pipeline us-
ing three specialized LLM judges: Cover-
age (omissions), Hallucination (fabrications),
and Quality (final score).

In total, four different evaluation configu-
rations were explored:

e Guidelines-only (G): The Quality
Judge assesses narratives based strictly
on the predefined annotator guidelines.

e Guidelines 4 coverage errors
(G4+C): The Quality Judge integrates
the annotator guidelines with the



specific error count identified by the
Coverage Judge.

e Guidelines + hallucination errors
(G4+H): The Quality Judge evaluates
the text by combining the guidelines
with the frequency of errors detected by
the Hallucination Judge.

e Combined (G+C+H): The Quality
Judge performs a holistic assessment, in-
corporating the guidelines alongside er-
ror signals from both the Coverage and
Hallucination Judges.

This progressive design allows us to ana-
lyze whether augmenting the judge with ex-
plicit error quantification improves its align-
ment with human annotators, particularly in
terms of inter-annotator agreement.

We use the gpt-oss-120b (OpenAl, 2025)
and Qwen3-32B (Team, 2025) models as au-
tomated evaluators. The selection of Qwen3-
32B is motivated by prior work (Vasilev et al.,
2025), which employs smaller variants of the
Qwen family as LLM judges, supporting its
suitability for evaluation tasks. In contrast,
the choice of gpt-0ss-120b is driven by the
widespread use of GPT-4 (or other form the
same family) as evaluators in the literature;
however, in order to maintain an open-source
setup, we opt for this comparable large-scale
alternative. Rather than establishing a sin-
gle authoritative judge, our framework delib-
erately incorporates multiple evaluators with
varying architectural scales to study agree-
ment patterns and alignment with human ex-
pertise across different capability levels. We
set the temperature to 0 to ensure determin-
istic and reproducible outputs (Wei et al.,
2024). Crucially, we intentionally select eval-
uation models that differ from those used
in the generation phase to mitigate poten-
tial self-preference bias, ensuring a more ob-
jective and critical assessment of the clinical
narratives.

5 Results and Discussion

This section presents the experimental re-
sults, along with a detailed analysis and dis-
cussion. We first report the human eval-
uation results (see subsection 5.1) to ad-
dress RQ1, whether clinical narratives can
be automatically generated from longitudi-
nal structured data, and RQ2, how differ-
ent LLMs perform on this task. Finally, we

present the LLM-based evaluation results to
address RQ3 (see subsection 5.2).

5.1 Human Evaluation Results

In total, two annotators evaluated 180 nar-
ratives (60 per model) based on the criteria
detailed in subsubsection 4.2.1. The human
evaluation focused exclusively on narratives
generated using the “abnormal-only” labora-
tory results strategy, as annotators observed
in the ITA phase that LLMs cannot reliably
filter laboratory data.

The results are summarized in Table 2,
which details performance across the three
primary criteria and provides a categorical
breakdown of hallucination errors. The ex-
perimental results demonstrate a clear hier-
archy in model performance, highlighting a
complex trade-off between narrative fluency
and clinical accuracy.

Among the evaluated systems,
Marmoka-es+it emerged as the most
reliable model, achieving a superior bal-
ance by accurately translating structured
data into concise clinical reports without
introducing significant distortions. This is
reflected in its high Quality score of 3.57 and
its comparatively low Clinical Error rate of
1.98 per narrative.

In contrast, while Llama 3.1 produced
fluid and natural-sounding prose, its per-
formance was undermined by severe clini-
cal misconceptions, such as the misidentifi-
cation of hypercholesterolemia as hyperten-
sion. These high-level diagnostic errors re-
sulted in a Quality score of 2.48, failing to
surpass the baseline of reliability established
by the domain-adapted model.

Medgemma exhibited robust clinical
reasoning in some aspects, achieving the low-
est Error Coverage at 0.04, but suffered from
significant conversational artifacts and high
verbosity. This “chattiness” is evidenced by
its high scores in Hal. Prompt (2.78) and
Hal. Note (2.7), which hinder readability
and obscure clinical clarity. Furthermore,
Medgemma struggled with temporal logic
in the treatment sections, frequently mak-
ing unfounded assumptions regarding med-
ication status in the absence of an explicit
reference date. Consequently, this resulted
in a higher Hal. Error rate.

Beyond individual model discrepancies,
several systematic error patterns were ob-
served across the entire cohort. Human



Model Quality (1-5) Error Coverage

Hal. Error Hal. Extra Hal. Prompt Hal. Note

Llama 3.1 2.48 0.08
Marmoka-es—+it 3.57 0.08
Medgemma 2.17 0.04

2.17 5.15 2.15 0.27
1.98 5.17 1.25 0.02
2.25 1.88 2.78 2.7

Table 2: Human Annotation of Generated Narratives. The first column identifies the model
evaluated; the second column presents the mean quality score across all narratives. The third
column lists the mean percentage of coverage errors. The final four columns detail the specific
categories of hallucination errors, indicating the average frequency of occurrence per narrative.

evaluation revealed a persistent tendency for
models to either omit relevant abnormal lab-
oratory values entirely or erroneously charac-
terize them as normal results; this suggests
that even when abnormal values were explic-
itly provided, the models continued to fil-
ter them based on their internal knowledge.
Another recurring trend, particularly promi-
nent in Llama 3.1 and Marmoka-es+it (both
exceeding 5.1 in the Hal. Extra category),
was the inclusion of extraneous content such
as generalized medical explanations. While
factually accurate, these elements fell out-
side the requested scope and contributed to
unnecessary verbosity. Nevertheless, we be-
lieve that such behaviors could be further
mitigated through a more rigorous and con-
strained prompting strategy.

5.2 LLM-as-a-Judge Results

The results presented in Table 3 and Table
4 reveal a substantial gap between human
and LLM-based agreement. While the two
human annotators achieved a relatively high
ITA of 0.69, the agreement between LLM
judges and human annotators remains con-
sistently low across all evaluation settings.
Most Cohen’s Kappa values fall within the
slight to fair agreement range, and in some
cases even negative values are observed, sug-
gesting systematic disagreement.

When comparing LLM judges, Qwen
shows lower agreement than GPT under the
Guidelines-only setting. However, when cov-
erage errors are incorporated into the eval-
uation, this trend reverses: Qwen achieves
higher agreement with human annotators,
surpassing GPT, whose performance de-
grades compared to its Guidelines-only re-
sults, regardless of which model is used to
compute the coverage errors. This suggests
that the inclusion of coverage information af-
fects the two judges differently.

In contrast, when hallucination errors are

introduced, agreement decreases for both
models, including in the Combined set-
ting. This behavior indicates that both LLM
judges struggle to reliably identify and eval-
uate hallucinations which is specially critical
in the medical domain.

Despite the low ITA, we investigated
whether a broader consensus existed regard-
ing the relative performance of the mod-
els and strategies. We hypothesized that
even if judges disagreed on absolute numer-
ical scores, they might still share a consis-
tent perception of which models and prompt-
ing strategies outperformed others. However,
the results remained inconsistent; the lack of
alignment persisted even when evaluating the
ordinal ranking of models and strategies.

Given the low agreement observed be-
tween the LLM judges and the human anno-
tators, automated evaluations were not used
to derive any of the main conclusions of this
study. The LLM as a Judge experiments are
included only as an exploratory analysis to
assess the potential of automated evaluation
in this clinical summarization setting.

5.3 Analysis of Laboratory Results
Identification

The Laboratory Results Agent requires spe-
cial attention, as it proved to be the most
challenging component and was particularly
prone to coverage and hallucination errors.
These issues were especially prevalent in nar-
ratives generated without filtering the ab-
normal laboratory results. Consequently,
to determine whether these shortcomings
stemmed from the narrative synthesis phase
or a fundamental limitation in detecting ab-
normal values, we conducted a targeted anal-
ysis isolating the identification task from
the generation process. Using LLaMA 3.1,
Marmoka-es+it, and MedGemma, we as-
sessed the models’ intrinsic diagnostic capa-
bilities by presenting each test description



Annotator G G+C

G+H G+C+H

Qwen GPT

Qwen GPT Qwen GPT

S w S w S w

S W s W S w S w

Annotator 1 -0.071 -0.002 0.053 0.239 0.012 0.169 0.114 0.135 -0.058 0.080 0.051 0.194 0.129 0.236

Annotator 2 0.104 0.173 0.172 0.334 0.044 0.201

0.146 0.161 -0.063 0.018 0.170 0.285 -0.007 0.149

Table 3: Cohen’s Kappa agreement (s = simple, w = weighted) for the QWEN model across
different evaluation approaches: Guidelines only (G), Guidelines + coverage errors (G+C),
Guidelines + hallucination errors (G+H), and Combined (G+C+H). Bold indicates the highest
weighted Kappa (w), while underlining indicates the highest simple Kappa (s) for each annotator.

Annotator G G+C G+H G+H+C
Qwen GPT Qwen GPT Qwen GPT
S w s w s w s w S w s w s w

Annotator 1 0.171 0.233 0.003 0.103 0.044 0.150 0.053 0.058 0.037 0.124 0.053 0.105 0.001 0.058
Annotator 2 0.186 0.293 0.063 0.179 0.088 0.135 0.077 0.090 0.037 0.161 0.165 0.191 0.058 0.063

Table 4: Cohen’s Kappa agreement (s = simple, w = weighted) for the GPT model across
different evaluation approaches: Guidelines only (G), Guidelines + coverage errors (G+C),
Guidelines + hallucination errors (G+H), and Combined (G+C+H). Bold indicates the highest
weighted Kappa (w), while underlining indicates the highest simple Kappa (s) for each annotator.

alongside its corresponding value and requir-
ing the LLM to classify its status. This ex-
perimental design allows for a more granular
evaluation of different prompting strategies,
independent of the complexities inherent in
natural language generation.

The rule-based method which employs
predefined clinical thresholds is used as the
reference for the specific evaluation. Perfor-
mance is evaluated using Precision, Recall,
and Fl-score, taking the rule-based filtering
approach as the reference (gold standard). A
prediction is considered a true positive when
an abnormal value is correctly identified, a
false positive when a normal value is incor-
rectly classified as abnormal, and a false neg-
ative when an abnormal value is not detected
by the model. The obtained results are avail-
able in Table 5:

Model Precision Recall F-score
Llama 3.1 0.43 0.29 0.35
Marmoka-es+it 0.56 0.13 0.21
Medgemma 0.59 0.67 0.63
Table 5: Performance of LLM-based ap-

proaches in detecting abnormal laboratory
values. Results are reported in terms of Pre-
cision, Recall, and F1-score.

The results reveal clear differences across
models in terms of precision-recall trade-

offs. MedGemma achieves the best over-
all performance, with the highest F1-score
(0.628), combining strong precision (0.589)
and recall (0.673). This suggests that clin-
ical domain specialization significantly im-
proves the detection of abnormal labora-
tory values. In contrast, LLaMA 3.1 and
Marmoka-es+it obtain notably low results,
demonstrating the limitations of these mod-
els in this context. LLaMA 3.1 shows mod-
erate and more balanced performance (F1:
0.345), but its lower precision and recall in-
dicate limitations in handling clinically nu-
anced data, likely due to its general-domain
nature. Marmoka-es+it achieves relatively
high precision (0.558) but a very low recall
(0.126), indicating a conservative behavior
that fails to capture the majority of abnor-
mal values.

Overall, these findings highlight the im-
portance of domain-specific models for clin-
ical tasks. Furthermore, it is important to
consider that the reference values included in
the rule-based approach are based on the spe-
cific hospital population; consequently, bor-
derline values might be counted as errors
when they are not clinically severe. This geo-
graphic and demographic specificity suggests
that the gold standard may not fully capture
the nuance of every borderline case.



6 Conclusions

RQ1: Can we effectively transform
structured EHR data into faithful and
coherent clinical narratives? Our find-
ings demonstrate that a multi-agent ap-
proach is a highly effective architecture for
bridging the gap between structured tabu-
lar data and coherent narratives, managing
the complexity of EHR data transformation,
though its success is contingent upon strict
guidance and domain adaptation.

However, there is a clear trade-off between
narrative quality and clinical fidelity. While
the multi-agent approach enables models to
produce fluid narratives, it remains vulnera-
ble to systematic errors, such as the omission
of critical laboratory values or the introduc-
tion of conversational artifacts.

RQ2: How does domain and lan-
guage adaptation impact model per-
formance on this transformation? The
human evaluation demonstrates that model
performance is significantly influenced by
both domain specialization and linguistic
alignment. General-domain models, such as
LLaMA 3.1, exhibited a higher frequency of
clinical errors, highlighting the risks of using
non-specialized models for high-stakes med-
ical tasks. Interestingly, while MedGemma
showed strong clinical reasoning, Marmoka-
es+it was often preferred due to its reduced
“chattiness” and superior language adapta-
tion for the target context. These findings
suggest that for clinical narrative generation,
the ideal model requires a dual-adaptation
strategy that combines medical domain ex-
pertise with specific linguistic tuning.

RQ3: Do LLM-based judges align
with human experts when evaluating
clinical summarized narratives? While
automated evaluators like gpt-oss-120b and
Qwen-32B provide a scalable alternative to
manual review, the results show that they
do not achieve sufficient agreement with hu-
man experts to replace expert assessment in
this domain. Our analysis reveals that LLM-
based judges tend to be overly optimistic, of-
ten overlooking subtle clinical inaccuracies or
borderline values that a human expert would
flag. Consequently, human expert annota-
tion remains the gold standard for verifying
the clinical safety and nuance of generated
histories. These findings are consistent with
prior work, which also observed discrepancies
between LLM judges and expert evaluations

Vasilev et al. (2025).

7 Limatations

A key limitation of this study is the small co-
hort size, which limits clinical variability and
the scale of evaluation, further constrained
by the need for human annotation due to un-
reliable automatic evaluation. Despite these
constraints, results were consistent across
settings with Marmoka-es+it showing stable
and systematic improvements over the other
models.

A further limitation of this study is the
use of institution specific laboratory refer-
ence ranges, which may reduce generalizabil-
ity across healthcare systems. However, the
framework is easily adaptable by updating
these reference thresholds.

Finally, another limitation of this study
is the parameter scale imbalance among
generators and the lack of other Spanish-
adapted models; future work will include
mid-size general models and larger scales to
isolate these effects. Moreover, we do not
explore task-specific adaptation techniques
such as fine-tuning, as this study evaluates
pretrained models without additional task-
specific training, and due to the limited
availability of high-quality annotated clini-
cal data for supervised adaptation. Further-
more, while our pipeline demonstrates feasi-
bility, integrating LLMs into real-world EHR
infrastructures remains an open challenge,
motivating further research in this direction.
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A Dataset

To provide a comprehensive overview of the cohort profile, Table 6 details both the structural
clinical composition of the dataset and the linguistic properties of its underlying entities. The
upper section of the table outlines the distribution of clinical features recorded per patient, high-
lighting the variance in clinical history complexity (ranging from a mean of 2.46 past diagnoses
to highly detailed laboratory profiles averaging over 22 tests per individual).

To further contextualize the textual complexity of the data for downstream natural language
processing tasks, the lower section breaks down the vocabulary of unique clinical concepts.
For each distinct category (55 diagnoses, 167 treatments, and 314 laboratory components), we
provide the minimum, maximum, and average lengths in both word and character counts. This
dual metric exposes the lexical density of the clinical terminology, showing that while laboratory
components are highly diverse, they remain concise (averaging 2.48 words), whereas diagnoses
and treatment descriptions exhibit a higher semantic length, averaging approximately 5 words
per concept.

Features Min Max Mean
Past Diagnoses 1 6 2.46

Laboratory tests 1 87 22.34
Treatments 0 50 11.23
Components (per test) 1 135 25.29

Unique concepts & lengths

Diagnoses (Total unique: 55)

Words 1 15 5.27

Characters 8 101 37.64
Treatments (Total unique: 167)

Words 4 10 4.95

Characters 25 72 35.77

Laboratory components (Total unique: 314)
Words 1 8 2.48
Characters 6 59 22.79

Table 6: Dataset characteristics and text length statistics of the 65 patients.

B Prompts

B.1 Generation prompts

B.1.1 Laboratory Results

Regarding the three prompting strategies explored for laboratory results (“No-Filter”,
“Abnormal-explicit”, and “Abnormal-Only”), the system message remains identical across all
settings. The only variation is the content injected into the input variable (pruebas). In the
“No-Filter” configuration, pruebas contains all laboratory values without further distinction. In
the “Abnormal-explicit” setting, all values are provided but abnormal ones are explicitly flagged.
Finally, in the “Abnormal-Only” configuration, only the out-of-range values are included in the
prompt.



Past Medical History

System message

Eres un experto clinico. Resume claramente los resultados de laboratorio del paciente a partir
de un JSON, incluyendo solo los valores anormales o no tipicos en espafiol. Normaliza los
nombres de las pruebas y las unidades, y elimina abreviaturas o detalles técnicos innecesarios.

User message

Resultados de laboratorio del paciente:
{pruebas}

Summary:

B.1.2 Past Medical History

For the Past Medical History section, the input variable (antecedentes) contains all diagnoses
recorded throughout the patient’s lifetime.

Past Medical History

System message

Eres un experto en documentacién clinica. Resume en espaiiol la historia médica del paciente
a partir de un documento JSON de forma cronolégica. Normaliza la terminologia: convierte
abreviaturas, elimina palabras técnicas innecesarias y formatea las enfermedades en una
forma estandar y legible (por ejemplo, 'DIABETES M TTPO II O NEOM, SIN MENCION
COMPL. CONTROL NEOM’ — 'Diabetes M Tipo 2’).

User message

Antecedentes médicos personales del paciente:
{antecedentes}

Resumen:

B.1.3 Treatments

For the Treatments section, the input variable (tratamientosActivos) contains all treatments
prescribed after the date of the patient’s most recent diagnosis.

System message

Eres un farmacéutico clinico. Proporciona un resumen claro y conciso de la medicacién del
paciente en espanol a partir de un JSON. Utiliza nombres de medicamentos normalizados y
legibles, eliminando abreviaturas, cédigos y detalles técnicos innecesarios.”

User message
Tratamientos del paciente:
{tratamientosActivos}
Resumen:

B.2 Evaluation prompts

We define a full evaluation prompt consisting of a system message and a structured user message.
The system message instructs the model to act as a clinical expert and to evaluate Al-generated
clinical summaries in Spanish, prioritizing clarity and readability, while also considering clinical
accuracy and completeness. The user message includes the clinical case, the generated summary,
and optional metadata in the form of coverage and hallucination error counts.

From this full configuration ((iv) Combined (G+C+H)), three additional variants are derived
by selectively removing parts of the error metadata: (i) Guidelines-only (G), (ii) Guidelines +
coverage errors (G+C), and (iii) Guidelines + hallucination errors (G+H). This allows us to
study the impact of providing different levels of error feedback on the evaluation behavior of the
model.



Evaluation Prompt

System message

You are a medical expert evaluating the quality of Al-generated clinical summaries.
The clinical case and the summaries are written in Spanish.

Your main evaluation criterion is clarity and readability of the summary.

You should mainly consider:

e Is the text clear and easy to understand?
e Is the information well structured?

e Is the wording concise and appropriate for a clinical summary?
You must penalize unnatural formatting or assistant-like phrasing. This includes:

e Pseudo-JSON structures
e Excessive bullet points

e Introductory or closing phrases such as:

— “aqui tienes el resumen”

— “sure, here is”

— “here you have your summary”
— Similar meta-commentary

The summary should be written as a direct clinical text.
Secondarily consider:

e Clinical accuracy (only penalize if there are clear medical errors compared to the clinical
case)

e Completeness (only penalize if important information from the clinical case is missing)

You will be provided with the count of coverage and hallucination errors detected in the
summary; use this as a primary factor.

Score the summary from 1 to 5.

Score meaning;:

e 1 = Very poor (confusing or incorrect)

e 2 = Poor (hard to understand or with major issues)
e 3 = Acceptable but improvable

e 4 = (Clear and well written

e 5 = Very clear, concise, and well organized

If the summary section is empty, assign score 1.
Return ONLY the number (1, 2, 3, 4, or 5).

User message Clinical case (Spanish):

{caso_clinico}

Summary section to evaluate (tipo):

{resumen}

Number of coverage errors detected: {coverage}

Number of hallucination errors detected: {hallucination}
Score:
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