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Abstract
This paper describes the submission by Team Aurum to the CL4Health @ LREC 2026 Shared Task on Case Report
Form (CRF) Filling from dyspnea patient clinical notes. Extracting 134 structured clinical fields using a single Large
Language Model (LLM) call often leads to schema-following errors, hallucination, and poor attention over complex
instructions. To address this, we propose a modular extraction pipeline built with DSPy, which decomposes the
massive CRF schema into 14 specialized, manually designed domain extractors (e.g., Medical History, Lab Values,
Acute Diagnoses). Using Chain-of-Thought reasoning and strict Pydantic-typed validation with the Qwen3-Max
(Thinking) model, our pipeline achieved an official Codabench Test Macro-F1 score of 0.68 in English and 0.67 in
Italian, securing the 1st place ranking overall in the shared task. Through rigorous manual error analysis and iterative
prompt optimization, we demonstrate that establishing explicit instruction boundaries between “not mentioned”
(None) and “explicitly absent” (False) is critical for clinical information extraction, and that architectural modularity
yields higher performance gains than simply scaling model parameters.

Keywords: Case Report Form, Clinical Information Extraction, Large Language Models, DSPy, Multilin-
gual NLP

1. Introduction

The extraction of structured clinical variables from
unstructured electronic health records (EHRs) is a
foundational task in medical informatics, enabling
downstream applications such as cohort selection,
predictive modeling, and clinical trial matching (Wu
et al., 2023). To support this, robust datasets are
essential (Johnson et al., 2016). Recently, signifi-
cant efforts have targeted the conversion of anno-
tated clinical cases into structured data (Ferrazzi
et al., 2025), including the automatic filling of Case
Report Forms (CRFs) directly from emergency de-
partment notes (Kaczmarek et al., 2026).

Building upon this foundation, the CL4Health
2026 CRF:Filling shared task (Ferrazzi et al.,
2026b) challenges systems to automatically ex-
tract 134 fields across English and Italian clinical
notes describing patients presenting with dyspnea.

While Large Language Models (LLMs) have
demonstrated remarkable capabilities in clini-
cal text understanding (Singhal et al., 2023;
Thirunavukarasu et al., 2023), the primary chal-
lenge of this task lies in the massive output schema
and the strict semantic distinction between an ex-
plicitly negated clinical finding and an unmentioned
one. Initial monolithic approaches, attempting to
extract all 134 fields in a single LLM prompt, proved
brittle. Models exhibited a strong tendency to hal-
lucinate schema structures (Ji et al., 2023) and
over-reason, inferring diagnoses from symptoms
rather than strictly extracting what was explicitly

stated by the clinician (Lyu et al., 2023).
To overcome these challenges, we developed a

highly modular, language-agnostic pipeline pow-
ered by the DSPy framework (Khattab et al., 2023).
We partitioned the 134 fields into 14 distinct ex-
tractors, utilizing Qwen3-Max (Thinking) (Bai et al.,
2023) coupled with step-by-step reasoning. This
paper details our pipeline architecture, prompt opti-
mization methodology, results, and comprehensive
error analysis.

To facilitate reproducibility and further research,
the complete source code, DSPy module defi-
nitions, and inference scripts are made publicly
available on github at https://github.com/
vinayulli/crf-lrec-sharedTask.

2. Methodology

2.1. Modular Extractor Architecture

Instead of relying on a single monolithic LLM call,
which has been shown to degrade attention over
long contexts and complex instructions (Liu et al.,
2024b), we decomposed the CRF into 14 special-
ized extractors. We manually designed these cate-
gories based on clinical domain expertise and the
natural semantic groupings of the target variables.
This approach isolates semantic domains, allowing
the LLM to focus on specific sections of the clinical
note with targeted instructions (Zhou et al., 2022).

Figure 1 illustrates the overall data flow and archi-
tecture of our proposed system. An unstructured

https://github.com/vinayulli/crf-lrec-sharedTask
https://github.com/vinayulli/crf-lrec-sharedTask


396

Figure 1: Architecture of the modular DSPy extraction pipeline, illustrating the parallel data flow from the
raw clinical note to the final 134-field structured CRF.

clinical note is passed simultaneously to the 14 par-
allel extractors. Within each extractor module, the
input is processed by a specialized DSPy signature
combined with domain-specific prompt constraints.
The Qwen3-Max model then applies step-by-step
reasoning to extract the target variables, which
are subsequently validated and type-cast using Py-
dantic schemas. Finally, a programmatic merger
aggregates the validated fields from all 14 modules
into the unified 134-field CRF JSON object.

The complete mapping of the 14 extractors to
their corresponding 134 clinical features is detailed
in Table 1.

Each extractor is implemented as a strongly-
typed DSPy Signature. The output is strictly con-
strained using Pydantic (Colvin et al., 2023) sub-
models, where all fields are typed as Optional
and default to None (representing “unknown” or
“not mentioned”).

2.2. Chain-of-Thought and Reasoning

For each signature, we utilized
dspy.ChainOfThought. Before outputting
the structured JSON, the model is prompted to
generate a reasoning trace. This forces the model
to sequentially locate explicit mentions in the
text before assigning a boolean or categorical
value, significantly reducing hallucination (Kojima
et al., 2022). The 14 extractors run sequentially
over each clinical note, and their outputs are
programmatically merged into a unified 134-field
object.

2.3. Prompt Engineering and Constraints

Initial experiments (Prompt v1) revealed a mas-
sive class of false positives (420 FPs in the dev

set). The root cause was the model’s inductive bias
to interpret the absence of a mention as a defini-
tive negative (False), a well-documented issue
in LLM-based zero-shot extraction (Zheng et al.,
2023).

To correct this, we implemented Prompt v2 via
iterative manual refinement (Chen et al., 2023).
We injected explicit instruction boundaries into the
DSPy docstrings. For example, the v2 prompt for
Acute Diagnoses explicitly stated:

CRITICAL RULES: None means the con-
dition is NOT MENTIONED AT ALL. This
is the DEFAULT. False means the note
EXPLICITLY STATES the condition is ab-
sent (e.g., "no pneumothorax"). Do not
infer any diagnosis from symptoms alone.

Furthermore, to ensure structured outputs, we
constrained the generation using Pydantic Enum
classes. For instance, categorical fields like
blood pressure were restricted to exact string
literals ("normotensive", "hypertensive",
"hypotensive"). If the model’s Chain-of-
Thought reasoning failed to map to these strict
categories, the system safely fell back to None.

2.4. Zero-Shot Multilingual Transfer

Rather than employing translation steps or
language-specific pipelines, which can introduce
compounding translation errors (Conneau et al.,
2020), we relied on the native multilingual align-
ment of modern foundation models (Devlin et al.,
2019; Lin et al., 2022). This zero-shot transfer is
particularly crucial given the specific terminologi-
cal nuances and challenges of performing medical
NLP natively in Italian (Ferrazzi et al., 2026a). The
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Extractor (# Fields) Extracted Features

Medical History (22) chronic pulmonary disease, chronic respiratory failure, chronic cardiac failure,
chronic renal failure, chronic metabolic failure, chronic rheumatologic disease,
chronic dialysis, active neoplasia, cardiovascular diseases, diffuse vascular dis-
ease, dementia, neurodegenerative diseases, neuropsychiatric disorders, periph-
eral neuropathy, epilepsy/epileptic seizure, known history of epilepsy, history of
alcohol abuse, history of drug abuse, history of allergy, history of recent trauma,
immunosuppression, pregnancy

Lab Values (19) hemoglobin, leukocytes, platelets, creatinine, blood glucose, blood potassium,
blood sodium, blood calcium, c-reactive protein, d-dimer, troponin, bnp or nt-pro-
bnp, transaminases, serum creatinine kinase, inr, lactates, blood alcohol, blood
drug dosage, urine drug test

Acute Diagnoses (16) pneumonia, ab ingestis pneumonia, pulmonary embolism, pneumothorax, acute
coronary syndrome, heart failure, acute pulmonary edema, cardiac tamponade,
aortic dissection, arrhythmia, severe anemia, intoxication, respiratory failure,
asthma exacerbation, copd exacerbation, covid 19

Treatments (14) administration of oxygen/ventilation, administration of bronchodilators, admin-
istration of diuretics, administration of fluids, administration of steroids, blood
transfusions, cardio-pulmonary resuscitation, performance of thoracentesis, pal-
liative care, antihypertensive therapy, anticoagulants or antiplatelet drug therapy,
antiepileptic therapy already in place, poly-pharmacological therapy, compliance
with antiepileptic therapy

Imaging & Diagnostics (13) chest rx, chest ct scan, abdomen ct scan, brain ct scan, brain mri, cardiac ultra-
sound, thoracic ultrasound, compression ultrasound (cus), ecg, ecg monitoring,
eeg, pulmonary scintigraphy, gastroscopy (all evaluated for the presence of any
abnormalities)

Epilepsy Assessment (11) tonic-clonic seizures, further seizures in the ed, first episode of epilepsy, stiffness
during the episode, eye deviation during the episode, pale skin during the episode,
drooling during the episode, tongue bite, drowsiness confusion disorientation
as postcritical state, duration of the patient’s unconsciousness, duration of the
patient’s consciousness recovery

Current Presentation (10) presence of dyspnea, presence of respiratory distress, chest pain, agitation, blood
in the stool, foreign body in the airways, general condition deterioration, head or
other districts trauma, hemorrhage, concussive head trauma

Vital Signs (7) blood pressure, heart rate, body temperature, respiratory rate, spo2, level of
consciousness, level of autonomy (mobility)

Syncope Assessment (7) situational syncope, tloc during effort, tloc while supine, supine-to-standing systolic
blood pressure test, carotid sinus massage, presence of prodromal symptoms,
situation description

Arterial Blood Gas (4) ph, pao2, paco2, hco3-

Social Context (4) living alone, homelessness, need but absence of a caregiver, problematic family
context

Infection Screening (3) influenza and various infections, sars-cov-2 swab test, neurologist consultation

Devices (2) presence of pacemaker, presence of defibrillator

Outcome (2) improvement of dyspnea, improvement of patient’s conditions

Table 1: Mapping of the 14 DSPy extractors to their corresponding 134 clinical features.

exact same English DSPy signatures and prompts
were applied directly to the Italian clinical notes.

3. Experimental Setup

Dataset: Our pipeline was developed and evalu-
ated using the official CL4Health dataset, consist-

ing of 80 Development documents and 200 Test
documents per language (English and Italian) (Fer-
razzi et al., 2026b). Evaluation on the test set was
performed using the official Codabench Macro-F1
scorer (Xu et al., 2022). For our local development
set evaluations, we calculated the Macro-F1 scores
using the official evaluation script provided by the
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organizers.1

Models evaluated: We evaluated 7 different
foundation models during the development phase.
These included Qwen3-Max (Thinking), Qwen3-8B
(Bai et al., 2023), GPT-4o, GPT-4o-Mini (Achiam
et al., 2023), Llama-4-Maverick (Touvron et al.,
2023), and Gemma-3-12B-IT (Team et al., 2024)
and Deepseek V3(Liu et al., 2024a).

4. Results

4.1. Development Set Evaluation

Table 2 reports the Macro-F1 scores obtained
by various LLMs on the development set. We
evaluated several multilingual foundation mod-
els, including Llama4 Maverik, GPT-4o, GPT-4o
Mini, DeepSeek-V3, Gemma-3-12B-Instruct, and
Qwen-series models. Among the evaluated mod-
els, Qwen3-Max (Thinking) with the optimized v2
prompts achieved the best performance on the En-
glish development set with a Macro-F1 score of
0.70, improving from 0.67 with the initial v1 prompt.
GPT-4o achieved 0.68 on English and 0.65 on Ital-
ian, while GPT-4o mini produced comparable re-
sults (0.67 EN / 0.65 IT). The few-shot GPT-4o con-
figuration slightly underperformed the zero-shot
setup (0.65 EN / 0.63 IT). DeepSeek-V3 demon-
strated strong multilingual performance, achiev-
ing 0.66 on English and 0.67 on Italian. Smaller
models such as Qwen3-8B achieved competitive
performance on English (0.67) despite having sig-
nificantly fewer parameters.

Model Name Prompt English Italian

Llama-4-Maverick v2 0.58 0.58
GPT-4o v2 0.68 0.65
GPT-4o few shot (3) v2 0.65 0.63
GPT-4o-mini v2 0.67 0.65
Qwen3-Max (Thinking) v1 0.67 0.66
Qwen3-Max (Thinking) v2 0.70 0.69
Qwen3-8B v2 0.67 0.60
DeepSeek-V3 v2 0.66 0.67
Gemma-3-12B-Instruct v2 0.62 0.60

Table 2: Development set Macro-F1 scores across
different foundation models. The Qwen3-Max
(Thinking) model with v2 prompts achieved the
highest performance in both languages.

4.2. Official Test Set Results

Based on dev set performance, we selected
Qwen3-Max (Thinking) with v2 prompts for our pri-
mary test submissions. As shown in Table 3, the

1https://github.com/hltfbk/
CRF-filling-CL4Health2026

system demonstrated excellent language transfer,
with only a marginal 0.01 F1 drop when applied
zero-shot to the Italian test set.

Language Macro-F1

English (EN) 0.68
Italian (IT) 0.67

Table 3: Official Test Set Results.

5. Error Analysis

To understand the limitations of LLMs in clinical
CRF extraction, human annotators from our team
conducted a rigorous manual error analysis on
the development set predictions, identifying four
primary root causes:

1. “None” vs “False” Confusion (Over-
prediction): In v1, ∼80% of all false positives
stemmed from the model extracting False when
a condition was simply not mentioned. While v2
prompts reduced FPs massively (from 420 down
to 256), the model occasionally overcorrected, be-
coming too conservative and generating false neg-
atives (increasing from 76 to 95) on genuinely ab-
sent conditions.

2. Unwarranted Clinical Inference: The Chain-
of-Thought methodology occasionally harmed ex-
traction by mimicking clinical diagnosis. For ex-
ample, if an ECG showed an abnormality, the
model inferred arrhythmia = True even if the
clinician never explicitly documented the diagnosis.
The strict ground truth standard clashes with the
model’s natural diagnostic reasoning abilities.

3. Lab Value Format Mismatches: Because
evaluation relies on exact string matching, varia-
tions in formatting severely penalized the system,
a known limitation of lexical evaluation metrics in
NLP (Kamalloo et al., 2023). For instance:

• GT: Hb 12 | Pred: 12 (Error: Missing prefix)

• GT: 24530 | Pred: WBC 24530 (Error: Added
prefix)

• GT: 149 | Pred: 14.9 (Error: Unit conversion)

Instructing the model to "strip all labels" improved
precision on some notes but generated errors on
others where ground truth inconsistently retained
labels.

6. Conclusion

our submission demonstrates that modularity is es-
sential when extracting large, complex CRFs using
LLMs. By breaking 134 fields into 14 distinct DSPy
extractors and utilizing the reasoning capabilities

https://github.com/hltfbk/CRF-filling-CL4Health2026
https://github.com/hltfbk/CRF-filling-CL4Health2026
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of Qwen3-Max, we achieved highly competitive
Macro-F1 scores of 0.68 (EN) and 0.67 (IT). Our
analysis highlights that the true frontier in clinical in-
formation extraction is not merely increasing model
size, but strictly bounding model reasoning to distin-
guish between implicit absence and explicit clinical
negation, alongside overcoming the brittleness of
exact-string matching evaluations.

7. Limitations

While our modular pipeline achieved state-of-the-
art results, it introduces higher computational over-
head and inference latency compared to a mono-
lithic approach, as it requires 14 parallel LLM calls
per clinical note. Additionally, the system’s perfor-
mance is bottlenecked by the exact-string match-
ing evaluation metric, which occasionally penalizes
clinically valid formatting variations (e.g., predicting
“14.9 g/dL” instead of “149”). Finally, severe data
sparsity in certain CRF domains (e.g., Syncope
and Outcome) makes it difficult to reliably evaluate
the model’s true extraction capabilities for those
specific fields.

8. Ethics Statement

This research utilizes de-identified clinical data pro-
vided by the CL4Health 2026 organizers, strictly
preserving patient privacy. Because Large Lan-
guage Models remain susceptible to hallucinations
and incorrect medical inferences, our extraction
pipeline is designed solely as an assistive tool for
retrospective data structuring. It is not a substi-
tute for human clinical judgment. Any real-world
deployment of this system must incorporate ro-
bust human-in-the-loop validation to ensure patient
safety and data integrity.
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