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Abstract. We introduce CACRC-Pan, a corpus of case reports for six rare pancreatic
diseases (AIP1-2, CF, HCP, PS and SDS) annotated at two concept levels: token-
level symptom labels (HPO-coded spans) and document-level disease labels. This
dual annotation enables both standard natural language processing (NLP) tasks and
studies on concept bottleneck models, linking interpretable symptom concepts to
diagnostic outcomes. We also provide a baseline NLP pipeline combining
PubMedBERT for symptom extraction with a lightweight voting classifier for
disease inference. Results demonstrate the effectiveness of this simple, interpretable
approach, and all resources are released openly to support reproducible research on
rare pancreatic diseases.
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1. Introduction

A major challenge in modern medicine is the diagnostic odyssey, the prolonged and
complex process of reaching an accurate diagnosis. Patients with rare diseases frequently
experience years of uncertainty and misdiagnoses, a situation especially critical for those
with early symptom onset. Such delays worsen clinical outcomes and impose significant
burdens on patients and their families [1].

To address these challenges, researchers have introduced text-based datasets for rare
disease diagnosis. The RareDis corpus, for instance, links diseases to clinical
manifestations in annotated case reports [2] and benchmarks deep learning—based models
for named entity recognition (NER) [3]. More recently, labeled medical records and case
reports for automated rare-disease detection have been released using MIMIC-III [4].
Related NLP work includes symptom extraction from electronic health records, patient
pre-screening, and retrieval of similar cases [5], aligning with broader surveys of publicly
available clinical NLP datasets [6]. Overall, these efforts underscore NLP’s promise for
rare disease diagnosis and the need for more specialized, domain-specific resources.

A key distinction in this context is between symptom labels and disease labels. For
patients and doctors, it can be unsatisfactory to receive a disease prediction from an NLP
pipeline without understanding the reasons. A corpus with symptom labels enables two-



step pipelines: first, NLP models recognize symptoms; second, an interpretable model
predicts disease labels from the symptom labels—an approach central to recently
proposed concept bottleneck models [7], which predict outcomes via intermediate,
human-interpretable concepts. To promote research in this field, we introduce CACRC-
Pan, an open-data corpus covering six rare pancreatic diseases: autoimmune pancreatitis
type 1 and 2 (AIP1-2), cystic fibrosis (CF), hereditary chronic pancreatitis (HCP),
Pearson syndrome (PS), and Shwachman-Diamond syndrome (SDS). CACRC-Pan is
annotated at two concept levels—token-level symptom labels (HPO-coded spans) and
document-level disease labels—supporting the training of concept bottleneck models. In
our pipeline, we pair a baseline symptom recognition model with a lightweight disease
inference module, providing a reproducible framework to study concept-based reasoning
and reduce diagnostic uncertainty in rare pancreatic diseases.

2. Methods

In this section, we describe the construction and annotation of CACRC-Pan corpus,
followed by the baseline pipeline and evaluation protocol. The corpus consists of
publicly available case reports describing six rare pancreatic diseases: AIP1-2, CF, HCP,
PS, and SDS. Disease synonyms from Orphanet [8] and associated MeSH terms were
used to query PubMed for English human case reports, available freely or via
institutional access. Only case-report sections were extracted from each paper. Manual
preprocessing removed family-history and explicit-negation sentences and mapped
numeric laboratory values to standardized terms (e.g., “amylase 245 IU/L” to
“hyperamylasemia”). Reports were annotated via rule-based dictionary matching HPO
terms and synonyms [9], augmented with SNOMED CT cross-references. Matches
yielded HPO-coded symptom spans, and each report received a document-level ORPHA
disease label. All labels were manually checked for terminological accuracy and span
consistency, then converted into token-level BIO tags (B-HPO, I-HPO, O) for NER
training. Class sizes range from 26 to 129 reports, with most diseases represented by 100
cases. The corpus provides a useful resource for symptom extraction and disease
classification in rare pancreatic diseases, along with dual annotation at the symptom and
disease levels, enabling research on interpretable, concept-based prediction models such
as concept bottleneck architectures. Figure 1 illustrates an entry of the CACRC-Pan
corpus.

Figure 1. Annotated case report from the CACARC-Pan corpus

The NER component of our baseline pipeline detects tokens corresponding to HPO-
coded symptoms. Long reports are split into 512-tokens chunks, and token labels are
aligned with span annotations to build input-label pairs. We evaluated BlueBERT,
BioBERT, ClinicalBERT, PubMedBERT, and SciBERT [10], tuning hyperparameters



(batch size, learning rate) by grid search with a class-weighted loss. Evaluation is
conducted at the entity level (span-level) using precision, recall, and F> scores.

The outputs of the NER component are then used to infer the most likely disease

label among the six ORPHA codes. Given a case p, let T, be the NER-detected symptom
terms and HPO, their corresponding codes. For each disease d, Orphanet/ORDO
provides HPOy, the set of HPO symptom codes associated with d, and their preferred
HPO labels T4 Our lightweight classifier computes four similarity metrics, each
quantifying how closely a set T, of case report symptoms matches each set T, of disease
symptoms. A voting scheme then combines two (bi-source) or three (tri-source) metrics
into a final prediction.
Specifically, the four computed similarity metrics are the following. The term-dense
metric (W2V) computes the cosine similarity between Word2Vec-like embeddings [11].
Here, Word2Vec was trained on lists of patient terms by representing each case report p
and each disease d as the mean vector of their respective symptom terms T, and T4. The
Jaccard-based metric (J) corresponds to the standard Jaccard similarity between the two
sets HPO, and HPO,. The frequency-weighted metric (FW) leverages Orphanet/ORDO
frequency annotations (via Orphadata), weighting each disease-symptom link by its
reported occurrence: obligate = 1.00, very frequent = 0.95, frequent = 0.65, occasional
=0.20, very rare = 0.05. Finally, the term-sparse metric (TF) computes cosine similarity
between TF-IDF vectors: A TF-IDF vectorizer is fit on disease profiles (each Ty
concatenated into a short document) and applied to the patient profile (T,).

A weighted voting scheme combines the corresponding metric scores into the final
prediction, with weights a, £, and y manually tuned under the constraints a+f = 1 for bi-
source and a+f+y = 1 for tri-source. We used an 85/15 stratified train/test split by
ORPHA code. Together, the NER model and weighted voting classifier form our
baseline NLP pipeline for rare pancreatic disease classification.

3. Results

This section presents the performance of our baseline NLP pipeline on the CACRC-Pan
corpus. Table 1 compares the considered biomedical Transformer models for the NER
symptom extraction. PubMedBERT achieved the best balance, as recall and F, are
prioritized over precision. In the rare disease context, this ensures that most true
symptoms are captured, reducing the risk of missing critical information while
maintaining false positives at a manageable level.

Table 1. Token-level symptom NER. Model selection is focused on recall and F>.

Model Batch Learning rate Recall (%) F2 (%) Precision (%)
BlueBERT (PubMed) 1 3e-5 86.7 83.9 74.5
BioBERT 1 2e-5 90.8 89.9 86.6
Clinical BERT 1 3e-5 90.6 89.1 83.8
PubMedBERT 1 2e-5 93.6 90.8 81.3
SciBERT (cased) 4 2e-5 92.8 90.8 83.6

For disease inference, because CACRC-Pan is class-imbalanced (26-129 reports per
disease), we report macro- and weighted-averaged recall and F;. The macro average
computes the metric independently for each class and then takes the unweighted mean,
treating all diseases equally. The weighted average uses class support as weights,
reflecting overall performance under imbalance.



Table 2 reports the results for rare disease inference, assuming perfect symptom
identification in case reports. Among individual metrics, the frequency-weighted metric
performs best, followed by the term-dense and Jaccard-based ones. However, using a
weighted combination improves performance: Bi-source score combining the frequency-
weighted and term-dense metric surpasses any single metric, and tri-source score adding
the term-sparse metric achieves the highest F; and recall. When used alone, the term-
sparse metric performs poorly and is therefore omitted from Table 2, as are other
suboptimal fusion variants.

The final baseline for the full pipeline combines PubMedBERT with the tri-source fusion
score, combining the frequency-based, term-dense, and term-sparse metrics. End-to-end
evaluation yields an F; of 87.5% (macro) and 90.4% (weighted), with recall of 88.4%
and 90.1%, respectively. The overall accuracy of 90.1% indicates the robustness of the
symbolic layer to small extraction errors.

Table 2. Performance of rare disease inference on the test set. This table reports the four individual metrics

(“W2V” — term-dense, “FW” — frequency-weighted, “J” — Jaccard-based, and “TF” — term-sparse), as well as
the fusion score.

Tri-source Tri-source Bi-source Bi-source FW W2V J
(FW+W2V+TF)  (J+W2V+TF)  (FW+W2V)  (J+W2V)
Macro F, 83.6 80.6 81.9 76.2 783 68.7 653
Recall 85.7 84.0 84.1 80.1 80.9 70.8 70.7
. F, 86.2 84.9 85.5 80.5 80.6 74.0 70.3
Weighted o call 85.8 84.3 85.0 80.0 802 732 689
«=0.1, «=03, a=0.1, a=06,
Weights p=0.2, B=04, — — —
=07 =03 B=09 B=04

4. Discussion

This work introduces a concept-annotated corpus of case reports and a reproducible
benchmark for classifying textual case reports of rare pancreatic diseases. The dual
annotation enables the development of interpretable models relying on meaningful
clinical concepts. Our baseline NLP pipeline combines a BERT-like encoder tuned for
high sensitivity, essential in the rare disease context, with a tri-source fusion score for
disease identification. The best-performing score fusion prioritized the term-sparse
metric (y = 0.7), based on cosine similarity over TF-IDF vectors, suggesting that sparse,
disease-specific terms are useful for discrimination. While macro scores are lower than
weighted ones due to class imbalance, their high values indicate that even the rarest
classes are well represented.

Although these findings demonstrate the value of CACRC-Pan and its baseline NLP
pipeline, they also highlight directions for further improvement. The corpus is limited to
six conditions, English-only case report, and positive cases only. Preprocessing removes
negated and family-history sentences, which may bias the distribution and underestimate
real-world complexity. NER evaluation at the entity (span) level may not fully reflect
patient-level utility, and fusion weights could be sensitive to distribution shifts. In
addition, Word2Vec is trained on task-specific term lists, which may limit coverage.
Ultimately, clinical, multi-site validation will be necessary to assess the real-world
impact of NLP for rare disease diagnosis.



5. Conclusion

This paper introduces CACRC-Pan, an open-data, symptom focused corpus of case
reports for six rare pancreatic diseases, with an open-source, reproducible NLP pipeline’.
The corpus is doubly annotated at the symptom and disease levels, enabling concept
based and interpretable learning approaches, such as concept bottleneck models. The
pipeline frames symptom detection as a NER task using a PubMedBERT encoder,
chosen to prioritize high recall and F scores in order to reduce the risk of missing
clinically informative symptoms. Detected symptoms are then integrated through a
lightweight multi-metric scoring scheme to rank the most likely underlying disease, and
end-to-end experiments demonstrate that this simple design provides a solid baseline for
future benchmarking.

Future work will assess the pipeline on data augmented with disease-free patients
and common diseases exhibiting comparable symptom coverage, to better approximate
real-world conditions. We also plan to strengthen case-report classification with more
recent dense representation methods, such as BERT-based models, rather than
Word2Vec embeddings. Finally, we will extend both the corpus and the pipeline to
account for negation, temporality, and family history, and to incorporate normalized
laboratory values as structured features, enabling more realistic rare-disease inference.
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