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Abstract

This paper describes the participation of the LSI_UNED team in the ELCardioCC 2026 shared task, organized within
the BioASQ Workshop at CLEF. The task focuses on automatic ICD-10 clinical coding from Greek discharge letters,
a challenging scenario due to the complexity of medical terminology and the limited availability of annotated
resources in low-resource languages. We addressed the task using a two-phase pipeline architecture. First, a
Named Entity Recognition (NER) model was employed to identify text spans corresponding to potential ICD-10
mentions. Then, a text classification model assigned an ICD-10 code to each detected entity. Several multilingual
and Greek-specific Transformer-based models were fine-tuned and evaluated. Results show that the proposed
approach achieves competitive performance, obtaining a best F1-score of 0.83 on the test set and ranking third
out of the seven participating teams.
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1. Introduction

This work presents the participation of our team, LSI_UNED, in the shared task ELCardioCC 2026 [1],
developed under the 14th BioASQ Workshop [2] in the Conference and Labs of the Evaluation Forum
(CLEF). This task focuses on automated clinical coding in a low-resource language setting, namely Greek.
Clinical coding is a key NLP task in the biomedical domain and involves assigning standardized medical
codes to information contained in clinical reports, improving healthcare information management
for professionals, researchers, and institutions [3]. Since manual coding is complex, time-consuming,
and error-prone [4], automated solutions based on NLP techniques are increasingly necessary. These
systems identify medical terminology in clinical texts and map it to standardized coding systems such
as Systematized Nomenclature of Medicine-Clinical Terms (SNOMED CT) [5], Current Procedural
Terminology (CPT) [6], and the International Classification of Diseases (ICD) [7]. The ELCardioCC task
specifically addresses ICD-10, which was introduced in the 1990s and is the most widely used system
for coding diagnoses (ICD-10-CM) and medical procedures (ICD-10-PCS).

The system developed by our team follows a two-phase pipeline architecture. First, a Named Entity
Recognition (NER) model detects text spans associated with potential ICD-10 mentions in the clinical
documents. Then, a text classification model assigns the corresponding ICD-10 code to each detected
entity. This formulation transforms the original extreme multi-label classification problem into a
simpler single-label classification task at the mention level. To evaluate the proposed approach, several
Transformer-based models were fine-tuned and compared under the same experimental setup.

The remainder of this paper is organized as follows. Section 2 provides a brief overview of related
work, including relevant tasks and corpora, as well as the best-performing systems from the previous
edition of ELCardioCC. Section 3 describes the dataset and the proposed approach, detailing the models
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and tools employed. Section 4 presents the experimental results and performance analysis. Finally,
Section 5 concludes the paper and discusses directions for future work.

2. Related work

In recent years, several ICD-10 coding corpora and shared tasks have been released across multiple
languages, contributing to the development of automated clinical coding systems. In English, the
MIMIC-III corpus [8] and its extended version MIMIC-IV [9] provide large-scale collections of discharge
summaries and radiology reports from more than 350,000 patients, annotated with ICD-10 diagnosis and
procedure codes. Multilingual efforts include the CLEF eHealth evaluation lab shared tasks conducted
between 2016 and 2018 on coding death certificates in French, English, Hungarian, and Italian [10, 11, 12],
which focused on mapping diagnostic statements to ICD-10 codes. For Spanish, relevant resources
include the CARES corpus [13], consisting of radiology reports annotated with ICD-10 codes, as well as
the CodiEsp shared task [14], which introduced explainable ICD coding for diagnoses and procedures,
and Cantemist [15], focused on neoplasm coding in clinical narratives. In German, CLEF eHealth 2019
released a corpus of over 8,000 non-technical summaries of planned animal experiments annotated with
ICD-10 codes [16], complemented by the BRONCO corpus [17] of discharge summaries with diagnosis
labels. Finally, for Greek, the ELCardioCC corpus [18], published for the first edition of the shared-task
and released in CLEF BioASQ 2025, provides cardiology discharge letters annotated for explainable
ICD-10 coding in a low-resource setting.

The first edition of ELCardioCC [18] was divided into three subtasks: Named Entity Recognition
(NER), Entity Linking (EL), and Multi-Label Clinical Coding with Explainability (MLC-X). NER involved
identifying five types of clinical mentions with span boundaries, EL required mapping these mentions
to ICD-10 codes, and MLC-X aimed at predicting all relevant codes per document with explainability
through supporting text spans. In the NER subtask of the previous edition, teams droidlyx [19] and
enigma [20] used fine-tuned BERT-style architectures, while bhuang [21] applied multilingual LLMs
with zero-shot prompting and filtering. Performance was led by droidlyx, which achieved the highest
F1-score of 0.7328, followed closely by enigma with 0.7167 and bhuang with 0.5761. For the EL subtask,
droidlyx combined translation, SapBERT embeddings [22], and MLP classification; bhuang used a BM25
retrieval stage followed by a MedCPT cross-encoder reranker [23] along with ensemble prompting
strategies; and enigma applied dictionary matching and BGE-M3 bi-encoder retrieval [24] trained with
ranking loss. Again, droidlyx obtained the best result with an F1-score of 0.6778, followed by enigma
with 0.6693 and bhuang with 0.5336. Finally, in the MLC-X subtask, droidlyx and bhuang derived ICD-10
codes from their EL pipelines, while enigma used a direct document-level multi-label classification
approach. In this setting, droidlyx achieved an F1-score of 0.8472 and bhuang reached 0.7543, while
enigma did not participate. This year’s edition of ELCardioCC is not divided into separate subtasks
and does not include an explainability component. Instead, participating teams are required to directly
predict the ICD-10 codes for each document.

3. Methodology

3.1. Dataset

The ELCardioCC corpus contains 3,000 discharge letters from the cardiology department of a Greek
hospital. Each document is written in Greek and annotated with ICD-10 codes. There are different
variants of the ICD coding system, each focused on different medical concepts, such as diagnoses
(ICD-10-CM), procedures (ICD-10-PCS) or neoplasms (ICD-O). In this case, ELCardioCC focuses on
diagnosis coding, one of the most widely used variants. The ICD-10 codes in this variant follow a
hierarchical structure, ranging from a minimum of three to a maximum of seven characters. Nonetheless,
the task has been simplified and only the first three characters need to be identified.

The corpus is split into a training set of 2,500 documents and a test set containing the remaining



1400

1200

1000

800

Frequency

=)
(=]
o

400

200

0 20 40 60 80 100
Number of ICD-codes (sorted by frequency)

Figure 1: Frequency distribution of ICD-10 codes in the training set, sorted in descending order of occurrence.

500 texts. It extends the dataset published for the ELCardioCC 2025 shared task [18], which originally
consisted of 1,500 documents. Table 1 presents the main statistics of the training set. All 2,500 documents
are annotated at the document level with the ICD-10 codes they contain, while a subset of 1,493 texts is
also annotated at the mention level; that is, these texts include the spans that justify the presence of
each ICD-10 code. The last row of the table indicates that the number of unique codes included in the
document-level annotations (110) exceeds by 25 the number of codes annotated at the mention level (85).
These additional 25 codes account for 564 of the 17,555 occurrences in the training set, corresponding
to 3.21%.

Type of annotations Document-level Mention-level
Total documents 2500 1493
Total codes 17555 11979
Mean codes per document 7.02 8.02
Unique codes 110 85

Table 1

Statistics of the ELCardioCC 2026 training set. All 2,500 documents include document-level ICD-10 annotations,
while a subset of 1,493 documents additionally contains mention-level annotations identifying the text spans
supporting each code.

Figure 1 shows the frequency distribution of ICD-10 codes in the corpus, sorted in descending order
of occurrence. As can be observed, the distribution is highly unbalanced, with a small number of codes
appearing very frequently and a large number of codes appearing only a few times. This phenomenon
is common in ICD-10 clinical coding corpora, as the number of possible ICD-10 codes is extremely large
(more than 98,000 [14]). For this reason, automatic clinical coding is typically considered an eXtreme
Multi-Label Text Classification (XMTC) task [25].

Furthermore, the frequency distribution of the 25 ICD-10 codes that are not considered by the system
is presented in Figure 2. As previously mentioned, these codes account for 3.21% of the total ICD-10
code occurrences and cannot be included because their mention-level annotations are unavailable. The
most frequent is code E00, corresponding to the diagnosis Congenital iodine-deficiency syndrome, which
appears in 165 documents. In contrast, 18 of these codes occur in fewer than 20 documents.

3.2. System description

The system designed and implemented by our team is structured into two phases, as shown in Figure 3.
First, a Named Entity Recognition (NER) model identifies spans of text that may potentially describe an
ICD-10 code. Then, a text classification model assigns a code to each detected entity. To do so, we used
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Figure 2: Frequency distribution of the 25 ICD-10 codes excluded from the system due to the absence of

mention-level annotations, sorted in descending order of occurrence.
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Figure 3: Flow diagram of the proposed system.

only the documents annotated at the mention level, which, as shown in Table 1, constitute a subset of
the complete training set. However, we decided to adopt this approach because it has proven to be both
effective and robust in the state of the art for automatic clinical coding [26]. It also allows us to simplify
the XMTC problem by transforming it from a multi-label task into a single-label one; that is, assigning
one code per entity instead of multiple codes per text.

3.2.1. Named Entity Recognition

The first phase of the system consists of a Named Entity Recognition (NER) model that identifies
text spans potentially associated with ICD-10 codes. We adopt the W2NER architecture proposed in
[27], which reframes NER as a pairwise word-relation classification problem rather than a sequential
tagging task. Specifically, it constructs a two-dimensional grid over all word pairs and predicts relations
between them, like Next-Neighboring-Word (NNW), which links adjacent tokens within an entity, and
Tail-Head-Word (THW), which connects the last token of an entity to its first token and assigns the
entity label. The model uses BERT embeddings followed by a BiLSTM to capture contextual information,
and applies 2D convolutions over the word-pair grid to learn structural patterns. Entities are then
reconstructed by linking words based on the predicted relations. According to the original article,



W?2NER achieves state-of-the-art results on 14 benchmark NER datasets in both English and Chinese.

Using this grid-based NER framework, we trained and evaluated two multilingual pre-trained models
(bert-base-multilingual-cased' [28] and xlm-roberta-base? [29]), as well as one model pre-trained on
the Greek language, bert-base-greek-uncased-v1® [30]. The bert-base-multilingual-cased model has
around 110M parameters and was pretrained on the top 104 languages with Wikipedia data. It served as
the baseline system in last year’s shared task and achieved the second-best overall performance across
the three subtasks [18]. The xlm-roberta-base model contains approximately 278M parameters and was
trained on large-scale multilingual corpora covering over 100 languages. It was also adopted by the
team ranked first in Recall in two of the subtasks of the previous edition of the task [20]. Finally, the
bert-base-greek-uncased-v1l model, with roughly 110M parameters and trained primarily on Greek-
language corpora including Wikipedia and OSCAR [31], was the best-performing model in last year’s
shared task across all three subtasks [19].

Regarding the hyperparameters, the training configuration was fixed to a batch size of 8, a learning
rate of 1e73, and a maximum sequence length of 512 tokens per chunk. We applied 5-fold stratified
cross-validation to determine the optimal number of training epochs. With a maximum of 20 epochs, the
best F1-score was consistently reached at around 15 epochs on average across folds for xlm-roberta-base
and bert-base-greek-uncased-v1, whereas bert-base-multilingual-cased achieved its best performance
at an average of 11 epochs. Accordingly, these values were selected as the final number of epochs for
fine-tuning each respective model.

Moreover, as the proposed system consists of a two-stage pipeline, the performance of the second
stage depends on the output of the first. Consequently, code instances whose entities are not detected
during the NER phase cannot be predicted in the subsequent phase. To assess the performance of this
initial stage, we conducted several validation tests on the NER component, obtaining an F1-score of
approximately 0.7805 when considering the strict boundaries of each entity.

3.2.2. Text classification

After detecting ICD-10 code mentions, we fine-tuned a text classification model to assign a code to
each mention. In this phase, we evaluated the three models used in Phase 1, as well as an additional
model pre-trained on the Greek language, GreekDeBERTa-base*. This model was used by the team that
ranked third in the first two subtasks of the previous edition of the shared task [20].

The training hyperparameters were fixed to a batch size of 8, a learning rate of 5 x 107°, and a
weight decay of 0.001. As in the previous phase, we also performed 5-fold stratified cross-validation to
select the optimal number of training epochs. With a maximum of 10 epochs, the multilingual models
(xIm-roberta-base and bert-base-multilingual-cased) consistently achieved their best F1-score at around
3 epochs on average, while the Greek-specific models (bert-base-greek-uncased-v1 and GreekDeBERTa-
base) peaked at approximately 8 epochs. These values were therefore used as the final epoch settings
for fine-tuning each model.

4. Experiments and results

The evaluation framework of ELCardioCC 2026 shared-task assesses predictions at the group level,
where each group consists of a set of equivalent or interchangeable ICD-10 codes, using Precision,
Recall and F1-score. A prediction is considered correct if at least one code from the corresponding group
is correctly identified, while retrieving multiple codes from the same group does not yield additional
reward. Conversely, if no code from a group is predicted, the system receives no credit for that group.

In our setup, we chose to form singleton groups, where each ICD-10 code is treated as its own
group. This design decision simplifies the prediction task by avoiding assumptions about equivalence or

'https://huggingface.co/google-bert/bert-base-multilingual-cased
*https://huggingface.co/FacebookAl/xIm-roberta-base
*https://huggingface.co/nlpaueb/bert-base-greek-uncased-v1
*https://huggingface.co/Al-team-UoA/GreekDeBERTa-base
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NER Model

Text Classification Model

Precision

Recall

F1-score

xIm-roberta-base
xIlm-roberta-base
xIm-roberta-base
xIm-roberta-base
bert-base-multilingual-cased
bert-base-multilingual-cased
bert-base-multilingual-cased
bert-base-multilingual-cased
bert-base-greek-uncased-v1
bert-base-greek-uncased-v1
bert-base-greek-uncased-v1
bert-base-greek-uncased-v1

xIm-roberta-base
bert-base-multilingual-cased
bert-base-greek-uncased-v1
GreekDeBERTa-base
xIm-roberta-base
bert-base-multilingual-cased
bert-base-greek-uncased-v1
GreekDeBERTa-base
xIlm-roberta-base
bert-base-multilingual-cased
bert-base-greek-uncased-v1
GreekDeBERTa-base

0.7786 + 0.0111
0.7796 4 0.0133
0.7814 4+ 0.0125
0.6880 + 0.0144
0.7896 4 0.0149
0.7890 & 0.0174
0.7902 £ 0.0147
0.6986 4 0.0172
0.8046 & 0.0123
0.8046 + 0.0141
0.8066 £ 0.0128
0.7108 & 0.0168

0.9104 £ 0.0055
0.9136 £ 0.0052
0.9166 £ 0.0032
0.7030 £ 0.0056
0.9084 £ 0.0086
0.9100 £ 0.0051
0.9126 £ 0.0049
0.6956 £ 0.0069
0.9114 £ 0.0042
0.9130 £ 0.0034
0.9172 £ 0.0016
0.6998 £ 0.0058

0.8394 £ 0.0055
0.8412 £ 0.0088
0.8436 £ 0.0078
0.6954 £ 0.0084
0.8448 £ 0.0082
0.8448 £ 0.0102
0.8470 £ 0.0078
0.6972 £ 0.0118
0.8546 & 0.0057
0.8556 + 0.0091
0.8584 + 0.0080
0.7050 £ 0.0082

Table 2

Performance results of each model combination on the development set. Averages across 5 folds are
reported, with standard deviation included. The three systems highlighted in bold achieved the best
results across folds and were selected for the final submission to the task.

Run NER Model Text Classification Model  Precision Recall F1-score
1 bert-base-greek-uncased-vl  bert-base-greek-uncased-v1 0.8187 0.8416  0.8300
2 bert-base-greek-uncased-vl  xIm-roberta-base 0.8176 0.8421 0.8297
3 bert-base-greek-uncased-vl  bert-base-multilingual-cased 0.8173 0.8417 0.8293

Table 3
Precision, recall and F1-score results of the three submitted systems on the test set. For each metric, the
best results are highlighted in bold. Results are reported to four decimals.

interchangeability between codes. It also avoids redundancy, as the evaluation only rewards identifying
at least one correct code per group and does not provide additional benefit for retrieving multiple codes
within the same group.

To ensure a robust evaluation, we applied 5-fold stratified cross-validation and computed the average
F1-score across folds for each model combination. The results on the development set, including standard
deviations, are reported in Table 2. As can be observed, the systems generally achieve higher Recall than
Precision. An interesting observation is the consistently lower performance of GreekDeBERTa-base
compared to the BERT-based models. Although we did not investigate this further, we hypothesize that
differences in pretraining data or tokenization may make GreekDeBERTa-base less well suited to the
specialized medical terminology required for clinical coding.

Based on these experiments, we selected the three best-performing systems for submission, marked
in bold in Table 2. All submitted systems used the Greek-specific model bert-base-greek-uncased-v1
for entity extraction. In the text classification phase, the top-performing system employed bert-base-
greek-uncased-v1, followed by systems using bert-base-multilingual-cased and xlm-roberta-base, in
descending order of performance.

Table 3 shows the results achieved on the test set by the three submitted systems. The best F1-score
is 0.8300 and is obtained by the system that employs the model pre-trained on the Greek language
(bert-base-greek-uncased-v1) in both phases. As can be observed in the results table, all three systems
obtain very similar results across the three metrics, with only minor variations, as all three use the
same pre-trained model in the NER phase. An interesting observation is that Precision and Recall are
much more balanced than in the development set (see Table 2), where differences of up to 0.134 between
metrics were observed. The lower Recall could be due to the fact that our approach only used the
mention-level annotated subset of the corpus and, as noted in Section 3.1, 25 codes, representing 3.21%
of the total occurrences on the training set, could not be included.

Moreover, Table 4 reports the overall ranking for the task across all participating teams. Our best
result (LSI_UNED Run 1) achieved seventh place out of 20 submissions and third place out of seven
participating teams. The baseline F1-score provided by the organizers is 0.762264.



Team Precision Recall F1-score
stanimeros 0.850979 0.882995 0.866691

Georgios_1 0.865845 0.861783 0.863809
stanimeros 0.868745 0.853885 0.861251

stanimeros 0.876722 0.843096 0.859581

stanimeros 0.819434 0.881092 0.849145
stanimeros 0.831037 0.867525 0.848889
LSI_UNED Run 1 0.818709 0.841595 0.829994
LSI_UNED Run 2 0.817621 0.842046 0.829654
LSI_UNED Run 3 0.817259 0.841673 0.829286
alikibliona 0.818347 0.824626 0.821474
ELCardioCC baseline 0.659173 0.903579 0.762264
Pakakisd 0.809282 0.720000 0.762035
fernandogd97 0.791516 0.734028 0.761689
fernandogd97 0.786439 0.727364 0.755749
fernandogd97 0.791878 0.714192 0.751032
Pakakisd 0.869471 0.654655 0.746924
Pakakisd 0.883249 0.557310 0.683406
Pakakisd 0.793691 0.561570 0.657752
fernandogd97 0.972806 0.057031 0.107745
fernandogd97 0.972806  0.057031  0.107745

Table 4
Precision, recall and F1-score of the participating systems on the test set, sorted by F1-score. Results are
reported to six decimals.

5. Conclusions

This work presents the participation of the LSI_UNED team in the ELCardioCC 2026 shared-task, located
in the BioASQ Workshop of the Conference and Labs of the Evaluation Forum (CLEF). The task is
focused on ICD-10 clinical coding on a corpus of 3,000 discharge letters written in Greek. We addressed
the task by adopting a two-phase pipeline and effectively transforming a multi-label problem into a
single-label formulation. This design choice reduced complexity and enabled a more straightforward
mapping between text mentions and candidate codes, although it also introduced constraints related
to the availability of mention-level annotations, which limited the portion of the corpus that could be
used for training the models.

Despite these limitations, the proposed systems achieved competitive results, with a best F1-score of
0.8300 on the test set. Overall, performance analysis showed that Precision and Recall are relatively
well balanced, with Recall being slightly higher.

Future work will focus on several directions. First, it would be interesting to conduct hyperparameter
optimization to identify the optimal combination of hyperparameters. Second, evaluating fully multi-
label classification approaches would also be a promising direction. Finally, we intend to evaluate
more recent approaches, including Large Language Models (LLMs), to assess their ability to capture
domain-specific knowledge, particularly with respect to medical terminology and the ICD-10 coding
system.
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