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Abstract
This paper describes the system we submitted to the CRF:filling 2026 shared task. We propose a modular,
LLM-based framework including an LLM as rewriter, which enhances the original clinical note from the perspective of
each target CRF item; an LLM as an extractor, which retrieves the relevant value using a k-shot prompting strategy;
and an LLM as a judge, which determines whether the clinical note contains evidence to support a given answer,
defaulting to unknown otherwise. We evaluated our system on the English portion of the dataset; our complete
framework achieves a macro-F1 of 0.64 on the development set. Our analysis reveals that while the rewriting step
effectively generates correct factual information, it also increases false positives. The judge component mitigates this
by adopting a conservative prediction strategy that substantially reduces false positives at the cost of a moderate
reduction in true positives, yielding higher precision and better alignment with the shared task metric. On the test set,
a light version of our system ranked 21 out of 32 public submissions, achieving a macro-F1 of 0.45.
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1. Introduction

A Case Report Form (CRF) is a standardised doc-
ument widely used in clinical research to collect
patient data across diverse studies and healthcare
environments (Bellary et al., 2014). Each CRF con-
tains a fixed set of items to be populated with patient
medical information. Through their standardised
structure, CRFs enable consistent data collection,
ensuring accuracy, reliability, and validity required
for reproducible clinical findings.

However, CRFs are typically filled manually from
clinical notes and electronic medical records, a pro-
cess that is time-consuming and prone to inconsis-
tencies. Automating the population of CRFs from
clinical narratives would therefore be highly bene-
ficial: it could accelerate clinical research, reduce
the manual workload of healthcare professionals,
and produce structured representations of patient
information. Consequently, recent research has
explored automated systems that populate CRFs
using information extracted from clinical notes and
electronic medical records (Mac Kenzie et al., 2016;
Gutiérrez-Sacristán et al., 2024).

The CRF filling 2026 shared task (Ferrazzi et al.,
2026) aims to advance the development of sys-
tems applicable to real-world clinical settings. The
datasets comprise CRFs for patients presenting
dyspnea, using data from an Emergency Depart-
ment in Italian and English.

Large Language Models (LLMs) have demon-
strated remarkable capabilities in language under-
standing and generation (Petroni et al., 2019), with
strong performance on health-related tasks such as
clinical prediction, medical knowledge understand-

ing, and question-answering (Xu et al., 2024; Chen
et al., 2023; Wu et al., 2024). Based on previous
work that demonstrated that rewriting clinical pa-
tient profiles improves downstream performance,
whether by generating new knowledge with LLMs
(Sui et al., 2024), refining existing information us-
ing their internal knowledge (Lovon-Melgarejo et al.,
2026), or augmenting profiles with external sources
(Xu et al., 2024), we propose a multi-stage LLM
framework for automated CRF filling.

In this work, we propose a multi-stage LLM-
based framework for automated CRF filling. Our
system consists of three components. First, an
LLM as rewriter reformulates and enriches the orig-
inal clinical input. Second, an LLM as an extractor
retrieves the expected CRF item values, following
previous approaches for structured information ex-
traction (Ferrazzi et al., 2025). Third, to mitigate
hallucination, where an LLM produces an answer
despite insufficient supporting evidence (Su et al.,
2022; Zhang et al., 2024), an LLM as a judge deter-
mines whether each extracted item can be reliably
inferred from the provided context. Additionally, our
approach accurately minimizes false positives and
false negatives, preventing misleading entries.

2. Data

The CRF-filling dataset (Kaczmarek et al., 2026)
consists of 290 anonymised emergency care clini-
cal notes collected from the San Giovanni Bosco
Hospital (Italy), covering patients admitted between
January 2021 and December 2023. Each note is
paired with a CRF capturing patient information
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Figure 1: Overview of our framework architecture
using three LLM-based components.

across a predefined set of medical items. The task
focuses on the dyspnea CRF, which contains 134
items. The dataset is provided in both English and
Italian and is split into training (10 notes), develop-
ment (90 notes), and test (200 notes) sets.

Each CRF item is restricted to a predefined set
of values depending on the type of information
it represents, including binary (yes/no), ordinal
(below/within/above), or measured/unknown cat-
egories used for tests without fixed categorical out-
comes. The unknown value is valid for any item,
enabling the schema to account for information
absent from the clinical note. In addition to the
manually annotated data, the task release includes
71 semi-automatically annotated note–CRF pairs
in English (70 in Italian) (Ferrazzi et al., 2025), as
well as 2667 unannotated clinical notes related to
dyspnea, which were not used in our experiments.

3. Methodology

In this section, we describe our system, which com-
prises three LLM-based components: a rewriter,
an information extractor, and a judge. We also con-
sider an aggregator operator (Figure 1). Following
previous work (Kaczmarek et al., 2026; Ferrazzi
et al., 2025), we adopt a single-item processing

strategy to avoid cascading errors, processing each
of the 134 CRF items independently, resulting in
134 inference steps per entry in the evaluation set.
For each entry, our framework operates through
two parallel branches. In the first branch, an LLM as
rewriter explicitly enriches the clinical note before
a second LLM extracts the relevant information for
the target CRF item. In the second branch, an LLM
as a judge evaluates whether the original input con-
tains sufficient evidence to answer the item, acting
as a safeguard against hallucinations introduced in
the first branch.

3.1. LLM as Rewriter

We prompt the LLM to complete the clinical note by
interpreting and reorganising its content from the
perspective of the target CRF item. This produces
an enriched clinical note that either highlights infor-
mation relevant to the item or explicitly states that
no such information is present. Through this rewrit-
ing step, the parametric knowledge encoded in the
LLM can be transferred and leveraged to enrich the
clinical patient profile (Sui et al., 2024). The prompt
used for the rewriter is as follows:

LLM prompt

You are an expert clinician specialized in clini-
cal record analysis. Your task is to extract and
interpret a specific clinical parameter from a
patient’s clinical history. Your input is: a pa-
tient clinical history and a clinical question.
Your output must be a structured clinical sum-
mary of the relevant facts from the profile,
written so that a reader could easily answer
the question.
PATIENT: {patient profile}
QUESTION: What is the link between the pa-
tient profile and {CRF item}?

3.2. LLM as an Extractor

Following (Kaczmarek et al., 2026; Ferrazzi et al.,
2025), we employ an LLM for information extrac-
tion using a k-shot prompting strategy, providing as
input the concatenation of the original clinical note
and the rewritten profile. The used prompt is:
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LLM prompt

You are an expert clinical information extractor.
You will be given a patient’s clinical history,
an interpretation and a question. Your role is
to answer the question strictly based on the
provided information.
PATIENT: {patient profile}
INTERPRETATION: {rewritten patient profile}
QUESTION: What are the results and mea-
sures of {CRF item}?

3.3. LLM as a Judge

LLMs are prone to hallucination, generating
plausible-sounding answers even when the clin-
ical note provides no supporting evidence for a
given CRF item. To mitigate this, we introduce an
LLM as a judge tasked with determining whether
a given clinical note contains sufficient information
to reliably answer a target CRF item. The prompt
used for this component is:

LLM prompt

You are an expert clinical information extractor.
You will be given a patient’s clinical history,
an interpretation and a question. Your role is
to answer the question strictly based on the
provided information.
PATIENT: {patient profile}
INTERPRETATION: {rewritten patient profile}
QUESTION: According to the clinical informa-
tion provided, is the value of item explicitly
mentioned or documented?

Aggregator Finally, the outputs of the LLM as a
judge and LLM as an extractor components are ag-
gregated to produce the final predicted value. Let
J(n, q) ∈ {yes,no} denote the binary output of the
LLM as a judge, indicating whether the answer to
item q is present in clinical note n. Let E(n, q) de-
note the value predicted by the LLM as an extractor
for item q given note n. The aggregator operator ⊕
for an item q is defined as:

⊕(n, q) =

{
E(n, q) if J(n, q) = ’yes’
unknown otherwise

(1)

4. Experimental Setup

We evaluated our approach across multiple open
weight LLMs. For general-purpose models, we

Model Macro-F1
w/o judge w/ judge

w/o rewriter

Med42 0.3441 0.5691
Llama 0.3776 0.5846
Qwen 0.3937 0.5947
Qwens 0.5046 0.6293

w/ rewriter

Llama→Med42 0.3236 0.5339
Qwen→Med42 0.3394 0.5883
Qwens→Med42 0.3716 0.6011
Qwens→Llama 0.4275 0.6026
Qwen→Qwens 0.4496 0.6445

Table 1: Macro-F1 scores for the development (dev)
set in English. We highlight best and second best
results. Blue and red cells indicate our baselines
and final framework, respectively.

tested Qwens
1, Qwen2, and Llama3. We addition-

ally considered one domain-specific model: MedL-
lama4(Med42), a medically-oriented LLM.

For the extractor, we applied k-shot prompting
(k = 3), selecting examples matching the target
CRF item from the training split, and evaluated
all four models. For the rewriter, we considered
Qwens, Qwen, and Llama. For the judge, we used
the Qwen model.

Regarding inference parameters, the rewriter
and judge used a temperature of 0.7, top-p of 0.9,
and a maximum of 512 generated tokens. The ex-
tractor used a temperature of 0 and top-p of 1 to
ensure deterministic outputs. For the judge specifi-
cally, rather than relying on generated output, we
recover the logit values of the first valid generated
token to determine a binary yes/no decision.

Metrics We evaluate our system using the official
task metric, macro-F1. To enable a more in-depth
analysis, we additionally report precision, recall,
true positives, and false positives.

5. Results

We performed an in-depth evaluation on the devel-
opment set, where gold annotations are available.
Table 1 reports the results across all evaluated con-
figurations. We report only the best configurations
in our tables. Our baselines, using a 3-shot setup,

1Qwen/Qwen3-8B
2Qwen/Qwen3-32B
3meta-llama/Meta-Llama-3.1-70B-Instruct
4m42-health/Llama3-Med42-8B
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Model w/o judge w/ judge
TP↑ FP↓ P↑ R↑ TP↑(∆%) FP↓(∆%) P↑(∆%) R↑(∆%)

w/o rewriter
Med42 264 2061 0.11 0.77 207(-22%) 174(-92%) 0.54(+391%) 0.58(-25%)
Llama 282 2078 0.12 0.87 231(-18%) 248(-88%) 0.48(+300%) 0.63(-28%)
Qwen 300 1522 0.16 0.85 211(-30%) 103(-93%) 0.67(+319%) 0.56(-34%)
Qwens 243 349 0.41 0.65 208(-14%) 107(-69%) 0.66(+61%) 0.55(-15%)

w/ rewriter
Llama→Med42 277 1910 0.13 0.83 203(-27%) 177(-91%) 0.53(+308%) 0.59(-29%)
Qwens→Med42 288 2040 0.12 0.83 222(-23%) 162(-92%) 0.58(+383%) 0.62(-25%)
Qwen→Qwens 277 1241 0.18 0.76 216(-22%) 159(-87%) 0.58(+222%) 0.58(-24%)
Qwen→Med42 297 2060 0.13 0.86 229(-23%) 182(-91%) 0.56(+331%) 0.64(-26%)
Qwens→Llama 309 1970 0.14 0.84 244(-21%) 170(-91%) 0.59(+321%) 0.64(-24%)

Table 2: Results from best configurations between wo/ judge (left) and w/ judge (right) configuration, and
w/o rewriter (top) and w/ rewriter (top) configuration. We report the number of true positives (TP), false
positives (FP), precision (P), and recall (R). Green cells indicate improvement with respect to the w/o
judge configuration. Best results in bold.

achieve the highest performance with the Qwen
model, reaching a macro-F1 of 0.5046. Particularly,
general-domain LLMs consistently outperform the
domain-specific model (MedLlama-Med42). More-
over, the setting without a rewriter (only extractor
and judge) obtains the second-best results in terms
of macro-F1 with a score of 0.6293, highlighting the
impact of the LLM as a judge in this task.

Among the settings that include a rewriter but
no judge, we observe a general trend of lower per-
formance compared to the baselines, with a best
macro-F1 of 0.4496 achieved by Qwen→Qwens

(where Qwen is the rewriter and Qwens the extrac-
tor). When the full pipeline is used, our proposed
system outperforms previous approaches, achiev-
ing a best macro-F1 of 0.6445 with Qwens→Llama
using Qwen as a judge. This substantial improve-
ment suggests that jointly, the judge and rewriter
components play a critical role.

The submitted system was based on a 3-shot
setup and exhibited a trend consistent with devel-
opment set findings, removing the LLM as a judge
led to a drop in macro-F1 from 0.48 to 0.45.

5.1. Ablation Study

We further analyze the impact of the LLM as a
judge and LLM as rewriter components on the de-
velopment set performance. We rely on additional
metrics for further examination of our approach. Ta-
ble 2 compares the configurations with and without
these LLM components across all models.

First, studying the effect of the rewriter, models
with an LLM as rewriter achieve, on average, higher
true positives (272.5 vs 289 w/o judge and 214.3 vs
222.8 w/ judge) and higher recall (0.79 vs 0.82, and

0.58 vs 0.61 for configuration w/o and w/ judge, re-
spectively). These results suggest that rewriting
effectively leverages LLM parametric knowledge to
extract correct factual information. However, the
expansion of the input context also leads to a sub-
stantial increase in false positives, i.e. cases where
the correct value is unknown but the LLM as an ex-
tractor incorrectly assigns a value. This increase
in false positives penalizes the macro-F1 score.

Second, analyzing the effect of LLM as a judge,
our results show that applying this component con-
sistently reduces true positives by at most 30%, yet
achieves a reduction in false positives up to 92%,
resulting in higher precision across all configura-
tions. This suggests that LLM as a judge promotes
a more conservative prediction strategy, improv-
ing the faithfulness of the extracted answers to the
source text, which is a desirable behavior in sensi-
tive domains such as healthcare.

6. Conclusion

In this paper, we described our system approach for
the automated CRF filling from clinical notes, in the
context of the CRF Filling 2026 shared task. Our
framework combines three open-weight LLMs con-
taining: an LLM as rewriter, an LLM as an extractor,
and an LLM as a judge, the latter responsible for
filtering out predictions unsupported by the clini-
cal note. Our analysis showed that rewriting clin-
ical notes prior to extraction effectively leverages
the parametric knowledge of LLMs, recovering a
higher number of correct factual values. However,
this comes at the cost of increased false positives,
as the expanded context encourages the model
to assign values even when the answer should be



388

unknown. The LLM as a judge addresses this limita-
tion by adopting a conservative prediction strategy,
improving precision while reducing the true posi-
tives. Our complete framework achieves a score
of 0.64 in terms of macro-F1 on the development
set, confirming the complementary role of each
component.
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