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Abstract

This paper describes our participation in the
CREF Filling Shared Task 2026, which aims to
automatically populate a predefined Case Re-
port Form (CRF) from clinical notes describ-
ing patients with dyspnea. We propose a two-
stage pipeline based on large language models
(LLMs). In the first stage, a few-shot prompted
LLM extracts candidate CRF fields from the
clinical note and outputs them in a structured
JSON format. In the second stage, a separate
LLM verifies each extracted field against the
original note and removes predictions that are
not supported by explicit textual evidence. This
verification step aims to reduce false positives
generated during extraction. Experiments on
the development set show that the verification
stage significantly reduces unsupported predic-
tions while preserving most correct extractions,
resulting in improved macro F1. On the official
test set, the proposed system achieves a macro
F1 score of 0.56 for both English and Italian.
These results indicate that separating extraction
and verification can balance recall-oriented ex-
traction with precision-oriented validation in
CRF population tasks.

1 Introduction

Automatically converting unstructured clinical nar-
ratives into structured data is an important step for
enabling large-scale clinical research and clinical
decision support systems. In many medical work-
flows, relevant patient information is recorded in
free-text notes, making large-scale analysis difficult
without structured representations.

In this context, the CRF Filling Shared Task
(Ferrazzi et al., 2026b) focuses on populating a
predefined Case Report Form (CRF) from clinical
notes describing patients presenting with dyspnea.

To address this problem, we propose a two-stage
pipeline combining extraction with conservative
verification. In the first stage, a few-shot large lan-
guage model (LLM) extracts candidate CRF fields
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directly from the clinical note. In the second stage,
a separate LLM verifies each extracted field against
the original note, removing predictions that are not
supported by explicit textual evidence. This design
aims to balance coverage and precision by com-
bining the generative capabilities of LLMs with a
verification step that reduces unsupported predic-
tions.

2 Task Description

The shared task consists of automatically populat-
ing a CRF from free-text clinical notes describing
patients presenting with dyspnea. The CRF con-
tains a fixed set of 134 clinical items, each corre-
sponding to a specific variable such as symptoms,
clinical findings, or laboratory measurements. For
each item, systems must select one value from a
predefined list of valid options based solely on the
information contained in the clinical note. The
same CRF structure is used for all notes.

A key challenge of the task is the extreme spar-
sity of annotations. In many cases, the clinical note
does not contain information relevant to most CRF
items. When an item cannot be populated from the
note, it is assigned the value unknown. As a result,
approximately 95% of the CREF fields are labeled
as unknown across the dataset, requiring systems
to extract information only when explicit textual
evidence is present.

The training data combines multiple sources
of supervision, including a small set of 10 gold-
standard pairs of clinical notes and filled Dysp-
nea CRFs (Kaczmarek et al., 2026), a collection
of semi-automatically annotated CRFs for other
medical conditions (Ferrazzi et al., 2025), and a
set of 2,667 unannotated clinical notes describing
patients with dyspnea (Ferrazzi et al., 2026a). In
our experiments, we only use the 10 gold-standard
pairs as few-shot examples for prompting the ex-
traction model (see 4.1).
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Figure 1: Overview of the two-stage pipeline for CRF extraction and verification. The first stage extracts candidate
CREF fields from clinical notes using a few-shot LLM, and the second stage verifies each field against the original
note to remove unsupported predictions to generate the final CRF.

System Model TP FP FN F1

Extraction Gemini 3 Flash 278 420 83 0.584
Extraction LLaMA4 Maverick 17B 179 131 170 0.578
Extraction + Verification Gemini 3 Flash + LLaMA4 Maverick 17B 274 373 88 0.612

Table 1: Performance comparison on the English development set.

For evaluation, the organizers provide a develop-
ment set of 80 gold-standard note-CRF pairs and
a test set of 200 gold-standard pairs (Kaczmarek
et al., 2026). The task is released in two languages,
English and Italian, with parallel datasets available
for both languages.

3 System Overview

Our system follows a two-stage pipeline designed
to balance recall and precision when extracting
structured information from clinical notes. The
first stage performs CRF extraction using a few-
shot prompted LLM. Given a clinical note, the
model generates a candidate CRF containing only
the CRF fields that are explicitly supported by the
text (see Figure 1).

Preliminary experiments showed that this extrac-
tion stage tends to over-predict fields, producing
a relatively high number of false positives. To
mitigate this issue, we introduce a second verifica-
tion stage. In this step, a different LLM receives
both the original clinical note and the CRF gen-
erated in the first stage and verifies whether each
predicted field is supported by explicit textual ev-
idence. Fields that cannot be directly justified by
the text are removed from the output of the final
CRFE.

This two-stage design allows the system to com-
bine the strong extraction capabilities of large gen-
erative models with a more conservative verifica-

tion mechanism aimed at reducing unsupported
predictions.

4 Method

This section describes the two stages of the pro-
posed pipeline in detail.

4.1 CRF Extraction with Few-Shot LLM

The extraction stage formulates CRF completion as
a structured information extraction problem solved
through few-shot prompting of a large language
model. Few-shot learning allows a model to adapt
to a new task by conditioning on a small number
of input—output examples provided directly in the
prompt.

The shared task provides a very small set of gold-
standard annotated examples (10 note—CRF pairs).
These examples can be used as demonstrations in
the prompt to guide the model toward the desired
behavior. In our experiments, we include three
examples in the prompt, which provided a good
balance between task guidance and prompt length.

Given a clinical note, the model receives a sys-
tem prompt describing the extraction task and spec-
ifying strict constraints on how CRF fields should
be produced. The model is prompted once per
clinical note to generate a structured JSON object
containing all the CRF fields that can be populated
from the text, rather than generating each field in-
dependently. In particular, the prompt instructs the
model to extract only fields that are supported by



System Model TP FP FN F1

Extraction Gemini 3 Flash 289 385 56 0.599
Extraction GPT-OSS 120B 231 190 121 0.575
Extraction + Verification Gemini 3 Flash + GPT-OSS 120B 276 372 78 0.604

Table 2: Performance comparison on the Italian development set.

clear and explicit evidence in the clinical note and
to avoid any form of inference or interpretation be-
yond the literal text. The full prompt used in the
extraction stage is reported in Appendix A.1.

The 3-shot examples included in the prompt
consist of pairs of clinical notes and their corre-
sponding CRF representations, demonstrating the
expected input—output format.

For this stage we use the Gemini 3 Flash model
(Pichai, 2025), which showed the strongest extrac-
tion performance among the models evaluated dur-
ing preliminary experiments. These experiments
consisted of running different LLMs under the
same prompting setup on the development set and
comparing their macro F1 scores. In addition to
Gemini 3 Flash, we tested open-weights models
such as LLaMA4 Maverick 17B, Gemma3 27B,
Qwen3, and GPT-OSS 120B, which achieved lower
extraction performance when used alone. For con-
ciseness, these additional results are not reported in
detail in this paper, as they do not affect the main
findings.

4.2 CREF Verification

Although the extraction stage is explicitly in-
structed to output only fields supported by clear
textual evidence, we observed that the model often
produces unsupported predictions, resulting in a rel-
atively high number of false positives (particularly
with the Gemini 3 Flash model).

To address this issue, we introduce a second
verification stage. In this step, a separate LLM
receives two inputs: the original clinical note and
the CRF generated by the extraction stage. The task
of this model is to verify whether each predicted
field is directly supported by the text.

The verification prompt instructs the model to
examine each populated CRF field and retain it
only if the clinical note contains clear and unam-
biguous evidence supporting the assigned value. If
the evidence is absent, ambiguous, or implicit, the
field must be removed from the output. Importantly,
the model is explicitly prohibited from adding new
fields or modifying the values of existing predic-

tions. Its role is strictly limited to filtering unsup-
ported predictions. The complete prompt used in
this stage is provided in Appendix A.2.

For this stage we selected, among the mod-
els evaluated in the preliminary experiments men-
tioned in Section 4.1, those that exhibited the most
conservative prediction behavior, i.e., producing
fewer false positives and fewer overall predictions
when used for extraction. This selection was per-
formed separately for each language based on de-
velopment set performance. In particular, we used
the LLaM A4 Maverick 17B model for the English
language and GPT-OSS 120B for Italian (OpenAl
et al., 2025), as these models showed the strongest
tendency to refrain from assigning CRF labels in
the absence of clear textual evidence in their re-
spective settings.

The final CRF prediction corresponds to the fil-
tered JSON output produced by this verification
stage.

5 Results

We evaluate our approach on both the development
and test sets provided by the shared task. Perfor-
mance is measured using macro F1, the official
evaluation metric of the competition. The develop-
ment set allows a more detailed analysis of system
behavior, including the number of true positives
(TP), false positives (FP), and false negatives (FN),
while for the test set only the final macro F1 score
is available.

Tables 1 and 2 report the results on the devel-
opment set for the English and Italian datasets, re-
spectively. We compare the extraction performance
of two models used independently with the final
two-stage pipeline.

The Gemini 3 Flash model achieves the best ex-
traction performance (also compared to other mod-
els tested in preliminary experiments, which are
not shown here for brevity). However, it produces
a relatively high number of false positives in both
English and Italian.

In contrast, on the English dataset (Table 1),
LLaMA4 Maverick 17B produces fewer false pos-



itives but suffers from a higher number of false
negatives due to its more conservative prediction
behavior. The proposed pipeline combines these
complementary characteristics by using Gemini for
the extraction step and LLaMAA4 for the verifica-
tion step. This second stage filters unsupported
predictions while preserving most of the correct
extractions. As a result, the verification stage sig-
nificantly reduces the number of false positives pro-
duced by the extraction model without substantially
decreasing the number of true positives, leading to
a noticeable improvement in macro F1.

For the Italian dataset, a different model
was used in the verification stage. Prelimi-
nary experiments showed that GPT-OSS 120B
achieved slightly better performance in the extrac-
tion+validation pipeline. More generally, we ob-
served a similar behavior between LLaMA4 Mav-
erick 17B and GPT-OSS models: compared to the
models used for extraction, they tend to produce
fewer predictions and adopt a more conservative
strategy. While this behavior may reduce recall
when used alone, it proves beneficial in the verifi-
cation step, where the goal is to filter unsupported
predictions produced during extraction (Table 2).

Table 3 reports the final performance of the
pipeline on the test set for both languages. As
expected, the overall macro F1 score is lower than
the one observed on the development set. This dif-
ference is common, as the test set represents unseen
data and may contain different distributions of CRF
mentions and textual patterns.

Despite this decrease, the results confirm the
effectiveness of the proposed two-stage approach.
The pipeline maintains competitive performance
across both languages while benefiting from the
verification stage. This suggests that separating ex-
traction and validation allows the system to balance
recall-oriented extraction with precision-oriented
verification, leading to more reliable CRF predic-
tions overall.

System
Extraction + Verification

EngF1 ItaF1
0.56 0.56

Table 3: Final macro F1 scores of the proposed system
on the test set.

6 Conclusion

In this paper we presented a two-stage LLM-based
pipeline for automatically populating clinical Case

Report Forms from free-text clinical notes. The
system separates the extraction of candidate CRF
fields from their verification, allowing different
models to specialize in complementary behaviors.
The extraction stage focuses on maximizing cover-
age of potentially relevant fields, while the verifi-
cation stage adopts a more conservative strategy to
filter predictions that are not supported by explicit
textual evidence.

Experimental results show that this design helps
reduce the number of false positives produced by
the extraction model while preserving most correct
predictions, leading to improved macro F1 on the
development set. The final system achieves a macro
F1 score of 0.56 on both English and Italian test
sets.

Overall, our results suggest that combining gen-
erative extraction with explicit verification is a
promising direction for structured information ex-
traction from clinical narratives.
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A Appendix: Prompt Details

A.1 Extraction Stage Prompt

The system prompt used for the CRF extraction
stage is shown below:

You are a medical information extraction system.
Task:

From a single clinical note, select ONLY the
CRF fields that are supported by clear,
explicit, and unambiguous evidence in the
text, and assign them a value.

Critical rules:

- If a field is not EXPLICITLY and CLEARLY
stated, DO NOT output that field.

- Absence of information, negations, hypotheses
, suspicions, plans, history without
confirmation, vague wording or doubt must
result in the field being completely
omitted.

- Only output a field when the text contains a
direct statement that uniquely determines
its value, and choose the value that
exactly matches the literal meaning of the

text.

- Never infer, guess, normalize, or interpret
beyond the literal text.

Output rules:

- Output a valid, minified JSON object
containing ONLY the selected fields.

- Each output value must be exactly one of the
allowed values for that field.

- All values are strings.

- Do not include explanations, comments, or
extra text.

Do NOT change values.

- Do NOT normalize or reinterpret.

- Do NOT infer from medical knowledge.

- Judge ONLY based on what is explicitly
written in the note.

Output:

- Return ONLY a valid, minified JSON object.

- Include ONLY the fields that are fully
supported.

- No explanations, comments, or extra text.

A.2 Verification Stage Prompt

The system prompt used for the verification stage
is shown below:

You are a clinical data verification system.
Task:

Given

1) a clinical note

2) a JSON object containing ONLY populated CRF
fields

Your job is to VERIFY each field in the JSON
against the clinical note.

Rules:

- For EACH field in the input JSON, check
whether the clinical note contains clear,
explicit, and direct evidence supporting
the assigned value.

- If the evidence is sufficient and unambiguous
, KEEP the field exactly as is.

- If evidence is absent, weak, implicit,
ambiguous, contradictory, or based on
inference, REMOVE the field entirely from
the output.

- Do NOT add new fields.
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