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Abstract

Generalization to unseen concepts is a cen-
tral challenge due to the scarcity of human
annotations in Mention-agnostic Biomedical
Concept Recognition (MA-BCR). This work
makes two key contributions to systematically
address this issue. First, we propose an evalu-
ation framework built on hierarchical concept
indices and novel metrics to measure general-
ization. Second, we explore LLM-based Auto-
Labeled Data (ALD) as a scalable resource,
creating a task-specific pipeline for its gener-
ation. Our research unequivocally shows that
while LLM-generated ALD cannot fully sub-
stitute for manual annotations, it is a valuable
resource for improving generalization, success-
fully providing models with the broader cov-
erage and structural knowledge needed to ap-
proach recognizing unseen concepts. Code
and datasets are available at https://github.
com/bio-ie-tool/hi-ald.

1 Introduction

Biomedical Concept Recognition (BCR) —iden-
tifying ontology concepts expressed in free-text
passages—is foundational for knowledge-intensive
applications. Accurate and efficient CR systems
may facilitate the construction and maintenance of
structured biomedical knowledge bases, accelerate
knowledge discovery, and ultimately support down-
stream applications such as therapeutic innovation.

Most prior works formulate the BCR task as
mention-based recognition: detect a text span (a
“mention”) in the text and then link it to an ontology
concept (Li et al., 2016; Luo et al., 2021; Wang
et al., 2023; Caufield et al., 2024; Groza et al.,
2024). While being effective when concepts are
explicitly expressed, this setting is less aligned with
biomedical discourse, where many concepts are
expressed implicitly. This misalignment persists
even when mentions are annotated.

For instance, in an abstract included by the
HPO GSC+ corpus (Lobo et al., 2017), the span

“melanin pigment synthesis in the hair, skin, and

eyes” is annotated as Generalized hypopigmenta-
tion (HP:0007513). The concept is implicit with
respect to that span—it is neither the ontology label
nor a semantically equivalent paraphrase—and the
annotation is supported by intra-abstract cues (e.g.,
hypopigmentation, reduced retinal pigment) rather
than surface matching.

In addition, mention-based supervision requires
costly two-level annotation (mention spans and
mention-concept mappings), limiting scalability
in domains where expert labeling is expensive. We
therefore study MA-BCR, which directly identifies
ontology concepts from a passage without requir-
ing intermediate mention spans. This formulation
better matches biomedical discourse and alleviates
annotation burden (no need for mention spans for
model training and inference).

Independent of the task formulation, a key re-
quirement for real-world deployment of recogniz-
ers is the ability to generalize to unseen concepts,
given that manually labeled datasets (MLDs) cover
only a small fraction of concepts in biomedical on-
tologies due to the high requirements on expertise
and annotation time. For example, the HPO GSC+
corpus comprises 228 abstracts and covers approx-
imately 2.4% of Human Phenotype Abnormality
(HPA) concepts in the Human Phenotype Ontology
(HPO) (Gargano, 2023). Despite its importance,
this capability has been under-evaluated. Beyond
results showing that recognizing unseen concepts
was nearly infeasible for a recognizer MA-COIR
(Liu et al., 2025), clear experimental evidence on
unseen-concept recognition remains scarce.

To systematically probe model generalization in
recognizing unseen concepts—where models can-
not predict the target directly—we propose an in-
novative evaluation framework. This framework is
built upon two core components. First, we develop
three types of hierarchical indices (ontology-aware,
semantic-based, and hybrid), while each of them
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can serve as a structured concept space to make
generalization measurable. Second, we introduce
two new metrics that operate within this space:
Unseen Recall-oriented Closeness (U-RC), which
quantifies how close a model gets to the unseen
concept, and Unseen Candidate set Size (U-CS),
which measures how much the model shrinks the
search space compared to the full label sets.

Our evaluation framework provides the tools to
measure generalization, yet the question of how
to improve it remains. A practical pathway is
to expand concept coverage and contextual diver-
sity through Auto-Labeled Data (ALD). Given
their success as automatic annotation providers
in other NLP tasks (Tan et al., 2024), Large Lan-
guage Models (LLMs) present a scalable avenue
for higher concept coverage. This potential is espe-
cially important for MA-BCR, a task that requires
good language understanding capabilities for as-
signing passage-level labels without relying on sur-
face mentions. We therefore design a novel auto-
labeling pipeline based on LLMs. Its components
are tailored for MA-BCR, and the final design is
determined through extensive empirical validation.
We employ our evaluation framework to assess this
data-centric approach, specifically asking:

* RQI: Is LLM-generated ALD sufficient for
training a recognizer that performs effectively
on both seen and unseen concepts?

* RQ2: Despite the noise, does ALD improve
generalization to unseen concepts?

Our investigation proceeds as follows. We first
quantify the quality of our ALD by benchmarking
it against Manual-Labeled Data (MLD). We then
employ the MA-COIR recognizer, which outputs
pre-defined hierarchical concept indices as predic-
tions, allowing for a grounded assessment of gen-
eralization. Finally, by training MA-COIR on dif-
ferent scales of MLD and ALD, we compare their
effectiveness in enhancing model performance.

On two pairs of concepts and ontologies, HPA
concepts in HPO and Homeostasis Imbalance Pro-
cess (HoIP) concepts in HoIP Ontology (Yamagata
et al., 2024), models trained on ALD consistently
achieve substantial gains in unseen-oriented met-
rics as the data volume increases, despite exhibiting
lower exact-matching accuracy than their MLD-
trained counterparts. This indicates that exposure
to broad and noisy supervision enhances hierarchy-
aware generalization even when exact-match accu-

racy lags. We position LLM-based auto-labeling
not as a replacement for manually labeling, but
as a complementary source of coverage and struc-
tural signal for unseen concept recognition. Our
contributions are as follows:

* We introduce an LLM-based auto-labeling
pipeline for MA-BCR, and construct two large
auto-labeled datasets. To our knowledge,
LLM-based automatic labeling has not been
explored in MA-BCR before our work.

* We design three types of hierarchical in-
dices and two metrics for directly assessing
hierarchy-aware learning and search-space re-
duction on unseen concepts.

* Results show that models trained on large-
scale ALD underperform MLD-trained mod-
els on F1 but generalize better to unseen con-
cepts, clarifying ALD’s role in MA-BCR.

2 Related Works

Biomedical Concept Recognition. Biomedical
concept recognition has traditionally been ap-
proached as a two-stage task: mention detection
followed by entity linking. Early systems lever-
age neural architectures for named entity recogni-
tion and linking (Li et al., 2016; Luo et al., 2021),
while more recent methods introduce LLM-based
pipeline (Wang et al., 2023; Caufield et al., 2024;
Groza et al., 2024; El Khettari et al., 2024) or refor-
mat that task as a one-step sequence-to-sequence
generation framework (Liu et al., 2025). How-
ever, these approaches often struggle with concept
ambiguity, limited coverage, and implicit expres-
sions—issues exacerbated by the sparsity of high-
quality annotated data.

Hierarchical Indexing. Hierarchical indexing
has proven effective in tasks involving large output
spaces, such as extreme multi-label classification
(Zhang et al., 2021; Kharbanda et al., 2022), doc-
ument retrieval (Tay et al., 2022), and biomedical
concept recognition (BCR) (Liu et al., 2025). By
organizing labels or documents into trees based on
semantic information through K-Means clustering,
these methods improve efficiency and precision.
Despite its promise, hierarchical indexing remains
under-explored in BCR, where ontologies naturally
provide structured concept taxonomies.
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Stage 1: Passage-to-Claim-to-Concept Generation (PCC)

Passage: We will explore five points in this discussion: How the limited expression of neurotrophins relates to the apparent survival of primary neurons until P8; how the known
absence of apical hair cells and of classical neurotrophins can be related to the presence of large numbers of apical turn spiral neurons; how absence of differentiated hair cells
affects afferent and efferent targeting; and how these data possibly relate to other mutant animals and to children born with profound hearing loss.

Break down passage-level information
into a set of small, independent claims.

Stage 2: Concept
Classification (CC)

Generated Claim

The limited expression of neurotrophins is related to
the apparent survival of primary neurons until P8.

Apical hair cells are absent in some animals. Implicit/ Not Relevant.

Classify each concept into Explicit/
Logically Implicit/ Pragmatically

Stage 3:
Relabelling (RL)
Provide lists of

Explicit/Implicit/
Missing/Additional

Stage 4: Guideline-
based Filtering (6F)
Distinguish Valid/Invalid
concepts according the
annotation guidelines.

Stage 5: Quality-
based Selection
Assess the annotation
quality of the instance
on a 5-level scale, and

Classical neurotrophins are absent in some animals.

discard the instance if
the quality is low.

concepts.

)
List the concept names of a certain

@ type (e.g., HoIP) expressed in claims.

Generated Concept Name

GO_0030182
GO_0032898

GO_0048666

cell signaling cell differentiation

animal development  gene expression regulation

GO_0007267

hair development neurotrophin biosynthesis

cell development  expression of neurotrophins G0_0032502
Find the most

semantically similar

cell differentiation survival of primary neurons G0_0022008

GO_0009653

neuron differentiation

Name CC Label RL Label GF Label Quality

explicit explicit  valid

) (=

tissue development neurotrophin transport

ontology concept of

morphogenesis each name.

Neuronal differentiation GO_0001764

organogenesis

neurotrophin production explicit explicit  valid
neuron development explicit explicit  valid
4
GO_0060117 auditory receptor cell development explicit explicit  valid p— -
cell-cell signaling pragmatically implicit  explicit invalid - -
average
developmental process explicit implicit ~ invalid H ‘_)
nervous system cell generation explicit missing  x
ical structure implicit missing  x .
neuronal migration not relevant X x

Figure 1: Overview of the LLM-based Auto-labeling Pipeline. Given an input passage, the pipeline begins by
generating intermediate claims (Arrow 1), followed by generating candidate concept names from the claims (Arrow
2). The resulting names are matched to ontology terms by comparing the representations (encoded by SapBERT) of
generated and ontological names, forming a preliminary list of concept candidates, shown in the blue-shaded table.
Then concept classification, relabeling, and guideline-based filtering steps are applied to get the final annotations
(highlighted in bold). The instance will be taken as a training instance if its quality meets the requirement.

3 Methodology

3.1 Task formulation

Mention-agnostic Biomedical Concept Recogni-
tion (MA-BCR) aims to directly identify a subset
of ontology-defined concepts {C1,...,C,} € O
that are referenced in a given text (), while the on-
tology O = {C1, ..., Cy, } is constructed by domain
experts. We frame this as an end-to-end genera-
tive task: the model directly produces a sequence
of unique concept identifiers {IC{’ - IC;} for Q,
with each I¢; corresponding to a concept C; in O.

MA-BCR diverges fundamentally from conven-
tional NER+EL pipelines for BCR. It is specifi-
cally designed to capture not only explicit con-
cepts—those directly realized in the text via sur-
face forms or synonyms—but also implicit con-
cepts. The latter are referenced through logical im-
plications, domain-specific inferences, or unspoken
premises, making them unlikely to appear verbatim
or as simple paraphrases.

3.2 LLM-based Auto-Labeling Pipeline

LLMs offer a powerful foundation for automatic
biomedical concept annotation. Trained on vast
textual corpora, LLMs encode extensive biomedi-
cal knowledge and can infer relevant concepts even
when they are not explicitly mentioned. Further-
more, LLMs are highly adaptable: with prompt-
based control, a single model can function as a

generator, classifier, filter, or evaluator, enabling
the construction of a flexible, modular pipeline.
To figure out what label quality can LLM-
based auto-labeling achieve for MA-BCR, we
carefully design an LLM-based pipeline with five
stages (Figure 1). Each stage is described in the
following paragraphs. Full implementation details
and inference costs are provided in Appendix A.1.

Stage 1: Passage-to-Claim-to-Concept Genera-
tion. Direct generation of concept names from
passages often yields low recall and limited rel-
evance, particularly for complex biomedical con-
cepts (e.g., ~30% recall on HolP-MLD). To ad-
dress this, we introduce an intermediate claim gen-
eration step, in which key biomedical assertions are
summarized into concise claims (Figure 1-Arrow
1). These claims serve as more focused inputs for
concept derivation, substantially improving both
coverage and grounding. On HoIP-MLD, this step
raises recall from ~30% to ~62%.

Concept names generated from claims are sub-
sequently mapped to ontology labels via semantic
matching (Figure 1-Arrow 2). We encode both the
generated names and all ontology concept names
(including synonyms) into 768-dimensional vec-
tors using mean-pooled SapBERT embeddings.!
Candidate matches are retrieved with Faiss (Douze

"Model card: cambridgeltl/SapBERT-from-PubMedBERT-
fulltext
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Figure 2: Overview of hierarchical search index construction. Ontology concepts are represented as nodes in a
graph (yellow), where edges reflect either ontological relations (blue), semantic similarities (black), or both. A
graph partitioning algorithm (e.g., Louvain) is then applied to recursively divide the graph into nested subgraphs. In
the illustrated example, the initial graph is first partitioned into two coarse-level clusters (labeled 0 and 1), which
are further subdivided into finer clusters (e.g., 0-0, 0-1, 1-0, 1-1). Based on the partitioned structure, a hierarchical
label tree is constructed: internal nodes (gray) represent clusters, while leaf nodes (yellow) correspond to individual
ontology concepts. Each concept is assigned an index reflecting its position in the tree (e.g., concept A is labeled
0-0-0, indicating its membership in cluster 0, then 0-0, and finally its position).

et al., 2024), using L2 distance as implemented by
default. We select the top-1 match for each gener-
ated name if the similarity score is > 0.6, forming
a preliminary candidate list (illustrated in the blue-
shaded table in Figure 1).

Stage 2: Concept Classification. The prelimi-
nary candidate list often contains both relevant and
irrelevant concepts. This arises for two reasons: (i)
LLM may generate irrelevant concepts due to its
limited capability, and (ii) similarity-based match-
ing may link a name to semantically close but ir-
relevant terms. To resolve this, we formulate a
filtering process as a four-way classification prob-
lem. Each candidate is categorized as: (1) Explicit,
(2) Logically Implicit: concepts required by the pas-
sage’s logical structure, e.g., necessary premises,
(3) Pragmatically Implicit: concepts plausibly in-
ferred from domain knowledge or text content,
though not logically required, or (4) Not Relevant.

This finer-grained categorization serves two pur-
poses. First, it improves filtering accuracy: prelim-
inary experiments show that this four-class classifi-
cation outperforms both binary (relevant/not rele-
vant) and three-class (explicit/implicit/not relevant)
settings in distinguishing relevant concepts. Sec-
ond, it enables flexible downstream usage: applica-
tions prioritizing precision may retain only explicit
and logically implicit concepts, while discovery-
oriented tasks can also benefit from pragmatically
implicit ones. In our experiments, concepts classi-
fied as “Not Relevant” are discarded.

Stage 3: Relabeling. Even after Concept Classi-
fication, candidate concepts can still include false
positives and false negatives. Residual false pos-
itives mainly stem from misclassifications in the
Concept Classification stage, whereas residual false

negatives arise from omissions during the Passage-
to-Claim-to-Concept generation or from overly ag-
gressive filtering in Concept Classification.

To address these issues, we employ an LLM to
evaluate each passage—concept pair. For each sam-
ple, the LLM generates a justification highlighting
strengths (concepts present) and weaknesses (con-
cepts missing), and categorizes the candidate as
explicit, implicit, or missing. It also identifies addi-
tional relevant concepts mentioned in the passage
but absent from the candidate list. This feedback
is then used to add missing concepts and remove
incorrect ones, producing a more accurate and com-
prehensive set of annotations.

Stage 4: Guideline-based Filtering. Automati-
cally annotated concepts may not fully align with
the standards established by manual annotation. To
ensure consistency and compliance with official cri-
teria, we leverage existing annotation guidelines.

For HOIP concepts, the CRAFT corpus provides
a 47-page guideline with over 100 examples and
50 figures. We refined the guideline by removing
figures and reorganizing textual content, then used
an LLM to generate a concise summary (2,128
characters). This summary is incorporated into
the prompt that directs the LLM to review each
passage and its candidate concept list, classifying
each concept as valid or invalid according to the
summarized guideline.

Stage 5: Quality-based Selection. Even after
relabeling, annotation quality can vary across pas-
sages, and low-quality samples (passage-concept
pairs) risk introducing noise into downstream appli-
cations. To mitigate this, we implement a quality-
based selection step that filters at the passage level.

In this stage, each sample is evaluated by an
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Case Ontology MLD ALD

Uni.Con Name | Passage Concept Uni.Con (Coverage) | Passage Concept Uni.Con (Coverage)
HPA 18,354 40,341 228 1,423 431 (2.35%) 54,301 197,824 12,725 (69.33%)
HoIP | 29,367 117,072 3,621 7,855 690 (2.35%) 34,097 370,672 15,976 (54.40%)

Table 1: Dataset Statistics. Manually labeled data (MLD) are sourced from HPO-GSC+ and CRAFT; automatically
labeled data (ALD) are generated via our auto-labeling pipeline. “Uni.Con” denotes the number of unique concepts.
“Coverage” refers to the percentage of ontology concepts presented in the dataset.

LLM according to a five-tier rating scheme: (1)
Very Poor: majority of concepts missing or irrele-
vant, (2) Poor: partial concept inclusion but lack-
ing relevance, (3) Average: Most concepts present
with basic contextualization, (4) Good: Compre-
hensive concept coverage with coherent context,
(5) Excellent: full concept integration with clear
explanations. In our experiments, only samples
rated “Average” or above are retained.

Unlike earlier stages, which operate at the con-
cept level, this stage evaluates the overall reliability
of each sample. Passages dominated by irrelevant
or incomplete annotations are discarded, ensuring
dataset-level consistency, reducing the risk of noisy
samples propagating into downstream applications.

3.3 Hierarchical Index Design

Traditional indexing in large label spaces relies
on semantic similarity alone. In BCR, how-
ever, structured ontologies provide a second sig-
nal—explicit parent-child relations encoding cu-
rated expert knowledge. We explore both signals
to construct more meaningful and scalable indices.

Following existing practices (Liu et al., 2025),
we enforce a hierarchical structure of label tree
where each concept is a leaf node (as shown in
Figure 2). Internal nodes are limited to at most 10
children, striking a balance between decomposition
granularity and model tractability. To handle both
tree-like (HPO) and graph-like (HoIP) ontologies,
we construct indices using graph-based methods.

We experiment with three graph construction
strategies, resulting in three types of indices:

(1) OSI (Ontology-aware Search Index):
Edges follow ontology parent-child links with fixed
weights of 1.0.

(2) SSI (Semantic Search Index): Edges con-
nect top-10 nearest embedding neighbors; weights
reflect semantic similarity range from 0.0-1.0.

(3) OSSI (Ontology-Semantic Search Index):
A hybrid combining OSI and SSI, prioritizing ontol-

*Weights are calculated as the same way for generated
name-ontology concept matching in Section 3.2, Stage 1.

ogy structure while integrating semantic proximity.

We then do hierarchical graph partitioning on
the graph of concepts, which yields trees that en-
code ontology structure or preserve semantic co-
herence.> Corresponding indices help us to un-
derstand what type of hierarchical information
has been learned by the recognizer. Comparing
SSI with ssID provided by Liu et al. (2025), the
biggest difference is that we use graph partitioning
for clustering, while they applied K-means method.

4 Experiment Design

4.1 Datasets

Target Concepts. Human Phenotypic Abnormal-
ity (HPA) concepts are defined as descendants of
HP:0000118-Phenotypic Abnormality in HPO.
Homeostasis Imbalance Process (HolP) concepts
correspond to Homeostasis Imbalance Process
terms included in the HoIP Ontology.

Manual-Labeled Datasets (MLDs). We evalu-
ate on two manually annotated corpora: (1) HPA-
MLD, from the HPO GSC+ corpus, and (2) HolP-
MLD, adapted from the CRAFT corpus. Statistics
are in Table 1. Examples are in Appendix A.2.

Auto-Labeled datasets (ALDs). To evaluate the
scalability and effectiveness of our auto-labeling
pipeline, we construct two large-scale ALDs for
HPA and HolP concepts, respectively. For each
target concept, we retrieve up to 10 recent PubMed
abstracts using the concept’s preferred label as a
query, via the NIH E-utilities APL* Duplicates are
removed to ensure passage uniqueness. These pas-
sages are then annotated using our auto-labeling
pipeline to produce two ALDs for downstream eval-
uation. Dataset statistics are reported in Table 1.

Data Splits. For auto-labeling evaluation (Ta-
ble 2), we apply the ALD pipeline to 228 HPA-
MLD and a randomly sampled 500-instance subset

3Details are in Appendix A.4.
*https://www.ncbi.nlm.nih.gov/books/NBK25500/
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of HoIP-MLD. Manual labels are used as gold stan-
dard to evaluate how each module impacts quality.

For recognizer training and evaluation (Table 3),
we split the data as follows. For HPA, we use 45
MLD instances (20%) for development and 183 for
testing. Due to the small size of HPA-MLD, we
train models only on HPA-ALD (max to 47,152
instances). For HolIP, we adopt the CRAFT dev
split (375 instances), and evaluate in two training
setups: (1) training on HoIP-MLD (max to 2,458
instances) and testing on 375 sampled MLD in-
stances (MLD—MLD); (2) training on HoIP-ALD
(max to 16,415 instances) and testing on 3,246
held-out HoIP-MLD instances (ALD—MLD).

To assess generalization, we ensure that at least
30% of test concepts are unseen during training.
This is achieved by filtering out training passages
containing those concepts. We vary the training
size M = 200-2% k =0,...,7. to test perfor-
mance scalability. To maintain stable model selec-
tion, we always include 100 core training passages
with concept distributions closest to the dev set. Ad-
ditional (M — 100) training instances are sampled
randomly. Statistics are provided in Table 7.

4.2 Models

Models for ALD construction. To keep the auto-
labeling pipeline scalable and accessible, we con-
strain LLMs to either (i) models runnable on a
single consumer-grade GPU or (ii) cost-effective
commercial APIs. After extensive testing across
GPT and LLaMA variants, we adopt LLaMA-3-
8B> for claim and concept generation due to its
superior fluency, specificity, and domain grounding
in both HPA and HolP terms. For downstream tasks
such as classification, relabeling, and filtering, we
use GPT-40-mini, balancing high reasoning abil-
ity with cost efficiency. This setup ensures useful
annotations without sacrificing accessibility. More
details are in Appendix A.1.

Concept recognizer. We adopt MA-COIR (Liu
et al., 2025)—a BART-based seq2seq recognizer
that outputs ontology concept indices from free
text—as our canonical mention-agnostic model.
This choice is methodological: an index-producing
recognizer lets us (i) make hierarchical structure
explicit to learn and (ii) quantify unseen behavior
with hierarchy-aware metrics easily.

We keep the architecture and training recipe®

SModel card: meta-llama/Meta-Llama-3-8B-Instruct
SHyperparameters are listed in Appendix A.3.

fixed and swap MA-COIR’s original semantic in-
dex for three hierarchical variants: an ontology-
structured index (OSI), a semantic-structured
index (SSI), and a hybrid ontology—semantic in-
dex (OSSI). This design enables a clean assessment
of whether structural signals affect generalization.

Our goal is not to propose a new model archi-
tecture nor to compete for state-of-the-art. Cross-
architecture baselines (often mention-based) are
incapable of learning with a designed hierarchy
and are orthogonal to our research questions. Prior
work has already positioned MA-COIR as a strong
MA-BCR approach; our SSI follows a similar de-
sign and serves as a strong baseline. Accordingly,
we do not report comparisons to other models, nor
do we re-run the original MA-COIR indexing.

4.3 Evaluation Metrics

We evaluate from three complementary views: (i)
exact-match accuracy, (ii) hierarchy-aware close-
ness to unseen concepts, and (iii) search space of
unseen concepts inferable by predictions.

For a passage p, let Y (p) be its gold concept
set and Y (p) be the set produced by the recognizer.
Each concept z is represented by an index sequence
I = [i1,...,i7,]. Letlep(Za, Ip) be the length of
their longest common prefix.

Exact Match. We report precision, recall, and
micro-F1. A prediction is correct if it exactly
matches any gold concept in Y (p).

Unseen Recall-oriented Closeness (U-RC). We
compute closeness for each gold concept unseen
during training and then average across all of them
as the U-RC. Let P be the test passages. For
a passage p € P, let Gus(p) = {g € Y(p) |
g is unseen } and Y (p) be the model’s predictions
for p. The U-RC is calculated as:

lep(Zy, Iy)
Dy DogeGu(p) MAX —
P ey 1]

> p|Gus(p)]

If Y(p) = @, the max is defined as 0. Higher
is better; it reflects how closely in the hierarchy,
predictions approach the correct unseen concepts.

U-RC =

Unseen Candidate-set Size (U-CS). To evaluate
the model’s utility in reducing the search space for
unseen concepts, we propose the U-CS.

For each unseen gold g € Gys(p), let §*(p, g) =
argmax; -, lep(1y, Iy) Gf Y(p) = @, define
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HPA-MLD (228 instances)

Pipeline | Pre  Rec F1

PCC 53.0 53.0 53.0
— Concept Classification (CC) | 68.6 46.9 55.7%
— Relabeling (RL) 663 493 56.6
— QS 54.1 50.8 524«
— CC —RL 70.7 449 5497
— CC —-RL — QS 713 454 5541

HoIP-MLD (500 instances)

PCC 63 624 114
— Concept Classification (CC) | 12.0 51.7 19.5°
— Relabeling (RL) 8.0 506 13.8f
— GF 11.1 440 17.7
- QS 72 650 12.9%
—CC—=RL 143 433 215t
— CC - RL — GF 203 40.1 27.0f
— CC = RL — GF — QS 202 436 276"

Table 2: Auto-labeling performance on manually la-
beled datasets (MLDs). “PCC,” “GF,” and “QS” denote
the stages of Passage-to-Claim-to-Concept generation,
Guideline-based Filtering, and Quality-based Selection,
respectively. A T indicates a significant difference be-
tween the annotations produced by “PCC” and those of
a given pipeline, as determined by a one-sided paired
t-test (p < 0.05). A * indicates one-sided paired t-test
is not applicable, because the remaining instances after
“PCC-QS” share same annotations with “PCC.”

lcp = 0 and ¢* undefined). Let 7(p,g) be the
shared prefix of I, and Iy« (use the empty prefix
e when lcp = 0). Let H denote the hierarchical
label tree used to define indices, and Cy(7) =
{z | m < I, } be the set of concepts whose index
starts with prefix 7 in H. Define the number of
ontology concepts as T = |Cy(¢€)|. For each g,
set S(p,g9) = |Cu(7(p, g))|, with the convention
S(p,g) = T when lcp = 0. We aggregate sizes
via a harmonic mean:

1
TS = (zpmus(p)\ 2

Lower is better; using the harmonic mean reduces
sensitivity to rare extremely large candidate sets.

g€Gus (p)

Together, micro-F1, U-RC, and U-CS capture
whether models hit the target, approach it in the
hierarchy, and shrink the search space of it.

5 Results
5.1 RQ1: Is LLM-generated ALD sufficient
for training effective recognizers?

To answer the RQ1, we first evaluate the perfor-
mance of our annotation pipeline and then assess

-1
1
2 S(zw)) '

the performance of models trained on ALD.

Annotation Pipeline Effectiveness. As shown
in Table 2, each module in our pipeline contributes
to the final annotation quality. Concept classifi-
cation, relabeling, and guideline-based filtering
consistently improve precision by refining can-
didates, while quality-based selection enhances
recall. When all modules are combined, the
pipeline achieves strong gains in both Precision
(53.0—71.3 for HPA; 6.3—20.2 for HolP) and
F1 scores (11.4—27.6 for HolP), validating its de-
sign. However, labels generated by our LLM-based
pipeline are significantly misaligned with manual
annotations (F1 scores are quite low). This gap
is particularly pronounced for the novel and fine-
grained HoIP ontology, whose concepts are poorly
represented in current LLMs, leading to low data
annotation quality. Overall, errors introduced by
LLM generation and similarity-based matching can
propagate across stages, and later filtering and re-
labeling only partially mitigate them. As a result,
residual noise and passage-level quality variation
remain, motivating systematic evaluation of auto-
labeled data quality and downstream usefulness.

Recognizers Trained Solely on ALD. We pro-
ceed to train the MA-COIR using only the gener-
ated ALD. The results, presented in Table 3, in-
dicate that models trained on HoIP-ALD under-
perform their MLD-trained counterparts in terms
of overall F1 score. For instance, even the best
ALD-trained model achieves an F1 of only 18.5,
which is substantially lower than the worst super-
vised baseline trained on just 200 manually labeled
abstracts (Using OSI, 200 instances in HoIP-MLD
for training, F1 is 38.5). The significant differences
between ALD- and MLD-trained models highlights
that LLM-generated ALD is not a replacement
for high-quality manual annotations at present.

5.2 RQ2: Does ALD Improve Generalization
to Unseen Concepts Despite Noise?

Given that ALD cannot match the performance of
MLD for recognizer training, we investigate its
complementary value with our evaluation frame-
work. Our results reveal a key insight: while anno-
tation quality constrains exact-match performance,
models can learn structural information even
from imperfect annotations. As shown in Table 3,
when the training data volume of HoIP-ALD in-
creases, models show consistent improvement on
metrics specifically designed to measure general-
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HolIP-MLD

D) OSI SSI OSSI
F1 U-RC U-CS| | F1 U-RC U-CS| | F1 U-RC U-CS|
200 385 274 303.8 | 40.1 22.0 2158 | 440 278 139.8
400 509  26.7 84.1 52.8 243 110.6 | 639 279 228.6
800 594 280 514 745  26.1 70.2 67.3  30.0 136.5
1,600 | 70.9  30.2 82.8 71.1 29.0 71.5 73.7 315 271.8
2,458 | 73.1 29.7 67.4 713 284 42.1 78.6  30.5 150.8
HolIP-ALD
200 185  30.1 2117 | 13.7  28.6 129.1 | 16.8 285 313.0
400 139 326 243.0 | 141  28.6 95.0 134 324 120.2
800 149 354 1729 | 139 319 75.9 119 347 103.7
1,600 | 159  38.0 109.7 | 148  36.0 55.0 184 351 94.2
3200 | 183 375 106.5 | 15.0  36.1 4.8 155 393 62.5
6,400 | 17.2  40.8 69.6 157 384 35.0 159  40.6 52.1
12,800 | 16.9 41.1 67.5 16.0  38.7 34.6 16.7  40.7 51.5
16,415 | 17.7 409 73.3 176  38.0 33.2 173 414 44.4
HPA-ALD
200 19.1 26.5 1006 | 204  27.0 76.0 16.7 268 103.0
400 203 282 68.1 174 295 64.0 192 30.2 61.7
800 20.6  30.6 55.0 192 302 60.2 177 30.5 55.1
1,600 | 204  33.7 70.3 203 334 59.4 19.1 345 414
3,200 | 25.7  39.3 39.7 229 357 45.6 20.7 369 37.2
6,400 | 26.0 41.7 323 25.0 382 453 23.6 393 35.0
12,800 | 28.6 394 41.0 26.8  38.6 36.4 282 401 29.3
25,600 | 349 434 355 334 412 24.7 324 46.0 25.7
47,152 | 353  46.1 20.1 36.0 412 24.7 36.7 45.6 20.5

Table 3: Performance on HolP concept recognition using models trained on HoIP-MLD, and performance on HoIP
and HPA concept recognition using models trained on HoIP-ALD and HPA-ALD. | D| denotes training data size. F1
denotes Micro-F1. U-RC refer to Unseen Recall-oriented Closeness. U-CS indicates Unseen Candidate set Size.
The best score across indices is highlighted in bold, while the best score achieved by a type of training data is in red.

ization regardless of index types.” Additionally,
OSSI achieves the best U-RC, while SSI achieves
the best U-CS on HoIP-ALD. This demonstrates
that the two metrics are not redundant and each cap-
turing a unique and important facet of generaliza-
tion. The evaluation framework is model-agnostic
and can be applied to any recognizer; for mod-
els without hierarchical indices, concepts can be
mapped to OSI/SSI/OSSI before evaluation.

As ALD volume increases, the improvements in
U-RC confirm that predictions get closer to the
unseen gold concepts within the hierarchy. U-
CS shrinks substantially—from 129.1 to 33.2 on
HolP using SSI, and down to 20.1 on HPA using
OSI. This demonstrates that the model, trained with
more ALD, learns to effectively ruling out implau-
sible concepts from the entire label set. This trend
is even more pronounced on HPA, where higher-
quality ALD enables all metrics, including F1, to
improve with data volume. These results stand in
clear contrast to MLD-trained models, where we

7 As comparisons between indices are less relevant to our
research questions, we provide the analysis in Append A.5.

observed no clear correlation between training data
size and unseen concept recognition, likely due to
limited ontology coverage (0.53-1.75%).

We attribute ALD’s generalization gains to two
factors: (1) ALD substantially expands concept
coverage and diversity, providing scale and struc-
tural context for learning. (2) Hierarchical indices
impose a structure that makes noisy ALD supervi-
sion learnable. Consistent with prior findings (Liu
et al., 2025), and with the OSI/SSI/OSSI gaps ob-
served on HoIP-MLD (combining ontological and
semantic signals brings the best F1), indexing plays
a critical role. Overall, hierarchical indexing and
ALDs are complementary: indices structure noise,
while ALDs broaden coverage and reinforce hier-
archical signals.

6 Additional Analyses

This section provides complementary analyses
to better interpret our results. We first validate
the downstream utility of U-RC and U-CS in a
recognition-to-reranking setting, and then analyze
false positive patterns in the LLM-based auto-
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D Recognizer Reranker
F1 U-RC U-CS P R F1
200 147 254 1189 | 41.6 294 337
400 143 278 127.6 | 355 294 322
800 147 289 77.1 | 41.8 29.0 342
1,600 | 13.8 339 88.3 | 42.7 305 356
3,200 | 162 326 95.1 | 402 31.1 351
6,400 | 150 349 59.3 | 40.1 335 365
12,800 | 15.7  38.0 414 | 373 340 356
16,415 | 17.2  36.7 453 | 40.1 39.6 39.8

Table 4: Recognition-to-reranking results under a fixed
retrieval budget.

(a) Recognizer F1
(p=0.554)

(b) Recognizer U-RC
(p=0.874)

(c) Recognizer U-CS
(p=-0.814)

1B et |15 S

Figure 3: Upstream metrics vs. downstream reranker
F1. Each panel plots one recognizer metric against the
reranker F1 across eight recognizers trained with differ-
ent data volumes. p denotes Spearman’s rank correlation
between the upstream metric and reranker F1.

labeling pipeline to clarify its limitations.

6.1 Downstream Ultility

To validate the downstream utility of U-RC and
U-CS, we conduct a controlled recognition-to-
reranking experiment on MLD-HoIP using predic-
tions from eight ALD-trained recognizers (using
SSI) over all test passages. For each predicted
concept, we retrieve 41 candidate concepts (as the
smallest U-CS among recognizers) from the ontol-
ogy using BM25 and merge the retrieved candi-
dates within each passage to form a passage-level
candidate pool. This pool is then reranked by an
MLD-trained cross-encoder (| D| = 2, 458).8
Table 4 reports downstream performance under
this fixed retrieval budget. Reranker F1 scores vary
from 32.2 to 39.8, even when the recognizer micro-
F1 remains relatively flat across several training
sizes (e.g., 13.8-16.2 from 200 to 3,200), indicat-
ing that exact-match accuracy alone does not fully
reflect downstream usefulness. Figure 3 further
shows that downstream reranker F1 aligns most
strongly with U-RC (p=0.874) and negatively with
U-CS (p=—0.814), whereas recognizer micro-F1
exhibits weaker rank correlation (p=0.554). To-
gether, these results suggest that U-RC and U-CS
capture downstream-relevant quality signals be-

8Details are provided in Appendix A.6.

Granularity mismatch
Semantic scope shift
Context over-generalization | | | | I
Lexical triggering
Inferential overreach ‘ @
Missing gold 17.3%|
0% 5% 10% 15% 20% 25% 30%

Figure 4: Distribution of false positive outcomes in
the LLM-based auto-labeling pipeline. “Missing gold”
denotes predictions supported by the passage but absent
from dataset-provided gold annotations; the remaining
bars correspond to five error types.

yond exact-match F1 performance.

6.2 False Positive Error Analysis

We manually analyzed false positive predictions
(FPs) from the LLM-based auto-labeling pipeline
using a small random sample from HolIP-MLD.
Specifically, we randomly selected 20 instances
from the 500-instance subset for auto-labeling eval-
uation, covering 37 gold concepts and 104 initially
labeled false positives. We filtered out FPs that are
passage-supported but missing from the dataset-
provided annotations, as “Missing gold”; 17.3% of
apparent FPs fall into this category (see Figure 4).
The remaining FPs are grouped into five error types:
granularity mismatch, semantic scope shift, context
over-generalization, lexical triggering, and infer-
ential overreach (definitions in Appendix A.7).

Context over-generalization (29.8%) and inferen-
tial overreach (26.9%) dominate among true errors,
indicating that LLMs often expand beyond pas-
sage evidence by turning partial cues or outcomes
into broader process claims. The remaining errors
include lexical triggering (10.6%), granularity mis-
match (10.6%), and semantic scope shift (4.8%).
Overall, this analysis clarifies structural limitations
of LLM-based auto-labeling—particularly its ten-
dency to over-interpret passage evidence.

7 Conclusion

This work advances Mention-agnostic Biomedical
Concept Recognition (MA-BCR) in two key di-
rections: (1) We propose an evaluation framework
with hierarchical indices and unseen-aware met-
rics to quantify generalization. (2) To the best of
our knowledge, we introduce the first LLM-based
auto-labeling pipeline for MA-BCR and demon-
strate that corresponding ALD, while low-quality,
enhances generalization to unseen concepts by sup-
plementing coverage and structural information.
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Limitations

Despite promising results, several limitations war-
rant further attention:

Auto-labeling limitations on complex ontolo-
gies. While our LLM-based auto-labeling pipeline
substantially outperforms direct concept genera-
tion, its performance on HoIP remains limited. This
reflects the difficulty LLMs face when annotating
novel, fine-grained biomedical concepts they prob-
ably have never seen during pretraining. Further
improvements are needed to enhance precision and
recall in underrepresented subdomains. Addition-
ally, using a single LLM across multiple stages
(stage 2-5) of auto-labeling may not fully realize
the potential of the LLM; different LLMs may per-
form better at different stages and mitigate error
propagation between stages.

Incomplete concept coverage. Our auto-
labeled datasets currently cover only 70% of HPA
and 54% of HolP concepts. Many ontology terms
fail to retrieve any relevant PubMed abstracts, lim-
iting data diversity. Expanding retrieval strategies
and a new data synthesis strategy may help improve
both coverage and representativeness.

Indexing strategy remains improvable. OSSI
already improves generalization by integrating
structural and semantic signals, but more sophis-
ticated methods—e.g., adaptive edge weighting,
concept importance modeling, or learned fusion
mechanisms—may further enhance performance,
especially under noisy supervision.

Scalability of training. As labeled concept
coverage grows, training on larger datasets using
encoder-decoder models like BART becomes time-
intensive. While ontologies are relatively stable,
improving training efficiency (e.g., via distillation,
continual learning, or lightweight architectures)
will be key to scaling this approach in real-world
applications.

Automatic evaluation reliability. Finally, al-
though our use of GPT-40-mini enables scalable
evaluation (as the Quality-based selection stage),
we found LLM-as-judge still does not perform
ideal alignment with manually crafted standards.
Human validation remains necessary to calibrate
automatic metrics and ensure robust assessment.
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A Appendix

A.1 Auto-Labeled Data Construction

A.1.1 Collect passages for annotation

We retrieved PubMed article abstracts using ontol-
ogy term names as search keywords. For each term,
a single representative name was used to query
PubMed via the NIH E-utilities API°, requesting up

*https://www.ncbi.nlm.nih.gov/books/NBK25500/

to the 10 most recent articles. The abstracts of the
retrieved articles were collected as "passages". Al-
though we aimed to obtain 10 abstracts per concept,
some terms yielded fewer or no results. Multiple
terms could be associated with the same articles,
we removed duplicate abstracts to ensure all pas-
sages in the dataset are unique.

A.1.2 Prompts

Prompts of Passage-to-Claim-to-Concept gener-
ation, Concept Classification, Relabeling, and
Guideline-based Filtering are listed in Figure 5,
6, 7, 8, respectively.

In Quality-based Selection stage, we use
the prompt similar as the relabeling step (Fig-
ure 7), but remove the output request for “ex-
plicit/implicit/missing/additional concept”, and
only take the “Quality” returned by the LL.Ms for
processing.

A.1.3 Inference costs

While the pipeline may appear complex, it was de-
signed to replace expensive manual annotation for
biomedical ontologies like HPO and HolP, which
lack high-coverage existing training corpora. For
instance, annotating 300 HolP abstracts manually
took nearly 6 months by a domain expert. In con-
trast, our pipeline processes an abstract in under 60
seconds, with a total cost under $150 to generate
90,000+ annotated abstracts—orders of magnitude
cheaper and faster. We deliberately selected afford-
able LLMs (e.g., Llama-3-8B, GPT-40-mini) over
more costly alternatives. We have found Llama-
3-8B achieves better scores than GPT-3.5-turbo,
GPT-40-mini and GPT-40 in Passage-to-Claim-to-
Concept generation stage. We have found GPT-40
improves F1 by only 0.5 but increases cost 16x in
the Concept Classification stage. We believe our
design strikes a practical balance between scalabil-
ity and performance.

We implement Llama-3-8B on one NVIDIA
A100 Tensor Core GPU, so there is no API cost
for Passage-to-Claim-to-Concept generation, and
the processing time is average 22.8 seconds per
abstract.

The cost of each stage, given the candidate list
obtained by Passage-to-Claim-to-Concept genera-
tion using GPT-40-mini for annotating HPA con-
cepts for one abstract in HPO GSC+ corpus, is
listed in the Table 5 for reference. The whole
pipeline costs less than simply taking the cost in
the table as a total, because each stage will remove
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~

rlnstruclinn used for claim generation
Please break down the following input into a set of small, independent claims (make sure not to add any information), and return the output as a jsonl, where each line is {"claim":
[CLAIMY], "score":[CONF]}. The confidence score [CONF] should represent your confidence in the claim, where a 1 is obvious facts and results like ‘The earth is round’ and ‘1+1=2". A
0 is for claims that are very obscure or difficult for anyone to know, like the birthdays of non-notable people. If the input is short, it is fine to only return 1 claim. Directly return the

Ljsonl with no explanation or other formatting. The input is: "{passage}"
J

\

rlnstrucliun used for concept generation
Please list all biological processes involved in the phenomenon described in the following input (make sure not to add any information), and return the output as a jsonl, where each
line is {"process":[PROCESS]}. If there is no human phenotype concept in the input, it is fine to only return {"process":None}. Directly return the jsonl with no explanation or other
qurmalting, The input is: "{claim}"

J

Figure 5: The prompts we used for PCC stage for HoIP concept generation.

rPmmpt used for concept classification (CC)

**Instruction®*:

Analyze the given passage and classify each provided entity (biological process concept) into one of four categories:

1. **Explicit Concept** - Directly mentioned or synonymous with text content

2. **Logically Implicit Concept** - Required by the passage\'s logical structure (necessary premises/consequences)

3. **Pragmatically Implicit Concept™ - Plausibly inferred from domain knowledge but not logically required

4. **Not Relevant Concept** - Outside the passage\'s scope

**0Output Requirements**:

" " 'json {"concept_classification": [

{"id": "[concept id]",

"entity": "[concept name]",

"classification": "explicit/logically implicit/pragmatically implicit/not relevant",

"reason”: "1-2 sentence justification with text evidence or domain logic"}],

"key_observations": {"explicit_concepts": ["list"], "logically_implicit": ["list"], "pragmatically_implicit": ["list"]}}* "
**Classification Criteria**:

| Category| Test Question| Biomedical Example|

[oommmmmmm e | [-=nmmmnns |

| **Explicit**| Is the concept verbatim/synonymous?| "Hyperglycemia" - explicit for "high blood glucose" |

| **Logically Implicit**| Is the concept necessary for coherence?| Thromboembolism — logically requires thrombus formation |
| **Pragmatically Implicit™ | Would domain experts reasonably infer it? | Elevated pulmonary pressure — implied vasoconstriction |
| **Not Relevant**| Is the concept unrelated to all claims? | "ER inheritance" in a cardiac dysfunction study |

**Special Cases Handling**:

- **Multi-level Concepts**: If a general concept (e.g., "biological regulation") is provided but only specific sub-concepts are relevant, classify as "not relevant" and suggest
appropriate sub-concepts in notes.

- **Negative Evidence**: Explicit absence claims (e.g., "no inflammation observed") should be treated as explicit concepts for the negation.

**Example Passage & Concepts™:

**Task**:

Do not output any information that is not asked for. Please only output the Expected Qutput (json).
Now classify the following passage and entities according to these guidelines:

## Passage {passage}

L## Concepts {all_concepts}

Figure 6: The prompt used for concept classification.

Stage Time (s) _API cost ($) man Phenotype Abnormality (HPA), documented

Concept Classification 6.81 0.0003 . 10
Relabeling 5.62 0.0003 in the Human Phenotype Ontology (HPO)", and
Quality-based Selection 4.04 0.0003 Homeostasis Imbalance Process (HoIP), docu-

Table 5: Costs f i bstract in the CRAET mented in the Homeostasis Imbalance Process On-
able 5: Costs for annotating one abstract in the 11 )
corpus using GPT-4o0-mini. The candidate lists obtained tology (HOIP)"™". While the HPO GSC+ dataset

by Passage-to-Claim-to-Concept generation are used as provides reliable annotations for HPA, manually cu-
inputs. The number is an average among 100 abstracts. ~ rated resources for HoIP remain scarce and incon-
sistent, posing significant challenges for systematic

evaluation. To partially address this gap, we re-

part of the concepts, so that the input and output  ,yrposed the CRAFT corpus—a dataset annotated
tokens will be reduced. with Gene Ontology (GO)!? terms—Ileveraging the
As Guideline-based Filtering stage only is ap-  ¢conceptual overlap between HoIP and GO. For
plied for HoIP concept annotation, we report the  HPA we used HPO GSC+ annotations restricted
cost of annotating 100 passages from CRAFT cor- (4 descendants of “HP:0000118-Phenotypic abnor-
pus using GPT-40-mini, given the candidate lists mality”. For HoIP, we used CRAFT passages an-

obtained by Passage-to-Claim-to-Concept genera-  potated with GO terms subsumed by the HoIP on-
tion for reference: 701 seconds and 0.04 dollar. tology.

A2 Current limitations of MLDs. We show some passage-concept pairs as exam-

Accurate evaluation of BCR systems relies on high- 71011@& /hpo jax.org/

quality, manually annotated text-concept pairs. In "https://bioportal.bioontology.org/ontologies/HOIP
this work, we focus on two critical categories: Hu- http://purl.obolibrary.org/obo/go.owl
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ermpt used for relabeling (RL)

# Instruction

You need to rate the quality of the passage based on its inclusion of given "Concepts".
The rating scale is as follows:

## Output Requirements:

concepts are included in the passage, you can mention them as a strength.
2. **Concept Coverage**:

- Explicitly mentioned concepts (directly referenced).

- Implicitly mentioned concepts (implied but not named).

- Missing concepts (not mentioned at all).

3. **Quality Rating**: One of "very poor”, "poor’, "average', "good", or “excellent”.

" json

{

"explicit_concepts": [{"id": "[concept id]", "name": "[concept name]"}, ...],
"implicit_concepts": [ 1
"missing_concepts": [{"id": "[concept id]", "name": "[concept name]"}, ...],
"additional_concepts": [[concept name], ...],
"quality": "[rating]"

H

"id": "[concept id]", "name": "[concept name]"}

poor to excellent. Now, evaluate the following passage and concepts:
## Passage {passage}

## Concepts {all_concepts}

\

- very poor: Concepts are either missing, irrelevant, or extremely difficult to identify in context.

- poor: The passage mentions some concepts, but they lack relevance or are inconsistently used.

- average: The passage includes the concepts implicitly or explicitly but may lack depth in describing or connecting them.
- good: The passage mentions all concepts implicitly or explicitly and provides a mostly coherent and specific context.

- excellent: The passage specifically mentions all concepts and clearly explains or contextualizes them.

1. **Explanation**: Brief rationale for the rating: 1-3 sentence summary first, then strength (what concepts are included), and weakness (what concepts are not). If additional

- Additional concepts (mentioned in the passage but not one of the provided concepts).

"explanation”: "[Strengths (few sentences) and weaknesses (few sentences) of the passage\'s concept inclusion.]",

## Task: Do not output any information that is not asked for. Please only output the Expected Output (json). Given the passage, you first need to give an assessment, highlighting the
strengths and/or weaknesses of the passage. Secondly, you need to imply the concepts explicitly, implicitly or missed in the passage. Then, you need to output a rating from very

Figure 7: The prompt used for relabeling.

Prompt used for guideline-based filtering (GF)
# Instruction

Based on the given annotation guideline, provide me a list of annotated concepts of the passage based on the given cancept list.

## Summary of CRAFT Concept Annotation Guidelines

## Passage {passage}
## Concepts {all_concepts}
# Output Format

The output format should be the same as the given concept list. Please do not output anything except the new concept list.

Figure 8: The prompt used for guideline-based filtering.

ples in Figure 9 and Figure 10 for better under-
standing what kind of concepts we are targeted.

Inherent challenges in manual annotation Our
analysis uncovered inconsistencies in annotation
practices. In the HPO GSC+ corpus, fine-grained
terms (e.g., bilateral vestibular schwannoma) are
often annotated alongside their hypernyms (vestibu-
lar schwannoma, schwannoma), but this hierarchy
is not applied systematically. For example, broader
parent terms are occasionally omitted even when
their descendants are labeled, reflecting inconsis-
tencies in annotation protocols.

The CRAFT corpus presents even more pro-
nounced limitations. Annotated in 2010, it lacks
contemporary GO refinements: some terms are
now obsolete (e.g., former Homeostasis Imbal-
ance Processes reclassified as molecular functions),
while some are annotated at overly broad levels
by current standards. Although we excluded ob-
solete terms, correcting overly general annotations
to match modern ontologies would require infea-

sible manual effort. Consequently, our evaluation
necessarily inherits these historical biases.

The scarcity problem. As Table 1-MLD illus-
trates, the available manual annotations cover
only 2.35% of target ontology concepts by both
HPO GSC+ and CRAFT. This extreme spar-
sity—coupled with the inconsistencies described
above—underscores a key bottleneck: manual an-
notations are insufficient to robustly evaluate CR
systems, let alone train them.

The ratio of implicit concepts. No existing
dataset explicitly distinguishes implicit vs. explicit
concepts in annotations, so a ratio cannot be reli-
ably calculated. According to our own observation,
there is around 20% of annotated concepts implicit
with respect to their corresponding annotated men-
tions.
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r"passage": "We report a man who had the branchio-ote-renal (BOR) syndrome with crossed renal ectopia. His three children were born with bilateral renal agenesis and the soj
called Potter syndrome. This case illustrates the potential severity of the renal anomalies in the BOR syndrome and the inadequacy of oligohydramnios and maternal serum alpha-
fetoprotein as screening methods for renal agenesis. This case also implies strongly the necessity for meticulous search for renal anomalies in individuals with the BOR syndrome
and proper counseling regarding the possibility of lethal bilateral renal agenesis."

"HPA concepts": [{"id": "HP_0000077", "name": "Renal anomalies"}, {"id": "HP_0000086", "name": "Ectopic kidney"}, {"id": "HP_0010958", "name": "Bilateral renal agenesis"},
L{”id”: "HP_0000104", "name": "Missing kidney"}, {"id": "HP_0001562", "name": "Oligohydramnios"}, {"id": "HP_0002009", "name": "Potter facies"}]

r"passage": "We describe a 14-month-old girl with unilateral congenital cholesteatoma and anomalies of the facial nerve in addition to the more common branchial arch, otic, and‘
renal malformations comprising the branchio-oto-renal (BOR) syndrome. Her mather also has the BOR syndrome and unilateral duplication of the facial nerve. This is the first study
of a BOR patient with congenital cholesteatoma and the second family in which cholesteatoma and anomalies of the facial nerve are described in patients with the BO/BOR
syndrome. We review the congenital cholesteatoma literature and discuss hypotheses for the pathogenesis of this entity in light of this new report.”

"HPA concepts": [{"id": "HP_0000598", "name": "Abnormality of the ear"}, {"id": "HP_0010827", "name": "Abnormal seventh cranial physiology"}, {"id": "HP_0012210", "name":
:'Struclura\. renal anomalies"}, {"id": "HP_0009794", "name": "Abnormality of branchial arch"}, {"id": "HP_0009797", "name": "Cholesteatoma"}]

J

Figure 9: Two instances in HPA-MLD (from HPO GSC+ corpus).

r"passage": "Induction of Er81 expression in proprioceptive afferents is controlled by peripheral NT-3 as axons reach the vicinity of target muscles, and thus occurs cmly1
approximately 3 d after proprioceptive neurons become post-mitotic [9,14]. This temporally delayed and target-induced upregulation of ETS transcription factor expression several
days after a neuronal lineage of a specific identity first emerges is not restricted to DRG sensory neurons, but is also found in motor neuron pools [13]. Target-derived factors have
also been implicated in controlling neuronal maturation of predetermined neurons in Drosophila, in which expression of members of the BMP family in the target region is essential
for the induction of mature peptidergic properties in a subpopulation of neurons marked by the coordinate expression of the two transcription factors Apterous and Squeeze [11,12].
Thus, both in Drosophila and vertebrates, target-derived factors appear to act permissively to induce the expression of transcriptional programs involved in terminal neuronal
maturation."

"HoIP concepts: [{"id": "GO_0065007", "name": "biological regulation"}, {"id": "GO_0019230", "name": "proprioception"}, {"id": "GO_0010628", "name": "positive regulation of
Lgene expression"}, {"id": "GO_0042551", "name": "neuron maturation"}, {"id": "GO_0140014", "name": "mitotic nuclear division"}, {"id": "GO_0010467", "name": "gene expression"}]‘

V"passage": "The severe B-cell phenotype of the POKO mouse contrasts with the absence of hyperglycaemia observed in the pancreatic B-cell specific PPARg KO mouse [30],‘
However it should be kept in mind that in the B-cell specific PPARg KO mouse, the expression of PPARg and the lipid storage capacity of other tissues, most importantly adipose
tissue, were not affected, and that insulin sensitivity was only mildly affected by high fat feeding in these mice when compared to the severe insulin resistance observed in POKO
mice. Therefore the challenge to the pancreatic B-cells in this model was milder than in POKQO mice. This is a clear example of how tissue-specific genetic manipulations are not
always the best approach to understand the physiology of an organ in the context of the global energy homeostasis. The potential importance of the de novo expression of PPARg2
isoform in B-cells is also supported by the observation that humans harbouring the Pro12Ala mutation in PPARg2, a mutation that is located in the g2 isoform and makes PPARg2
less active, has only been associated with insulin deficiency and disease severity in obese individuals with type 2 diabetes [44]."

"HoIP concepts": [{"id": "GO_0007631", "name": "feeding from vascular tissue of another organism"}, {"id": "G0_0019915", "name": "lipid sequestering"}, {"id": "GO_0097009",
:'name": "negative regulation of energy homeostasis"}, {"id": "GO_0010467", "name": "gene expression"}]

J

Figure 10: Two instances in HoIP-MLD (from CRAFT corpus).

ltem Value each internal node).
model_card facebook/bart-large T . . .
learning_rate le-5 An example of search indices is shown in Fig-
num_epoch 50 ure 11.
batch_size 4
max_length_of_tokens 1024 A.5 Comparison of Hierarchical indices

Table 6: Hyperparameters of the recognizer. As shown in Table 3, On HolP, OSSI achieves
the highest U-RC, while HPA consistently favors
OSI. SSI most effectively reduces the candidate set
size of unseen concepts on HolP (lowest U-CS),

whereas OSI and OSSI are comparable on HPA.

A.3 Details of Concept Recognizer
Hyperparameters. The BART-based language

model (facebook/bart-large) used in MA-COIR for
recognition is trained with hyperparameters listed
in the Table 6. We trained all models on one
NVIDIA A100 Tensor Core GPU. For one train-
ing instance, the experiment ran for an average of
1.82s/it.

Data splits. The statistics of each data split used
for concept recognizer training are shown in the
Table 7.

A.4 Details of Hierarchical Graph
Partitioning

We apply Louvain clustering by default (De Meo
et al., 2011), and switch to METIS (Karypis and
Kumar, 1997) when subgraphs are too sparse or
chain-like to meet the constraint (< 10 children of

These differences derive from the structural proper-
ties of the ontologies: HPO is a shallow, relatively
balanced tree, allowing OSI to be both discrimina-
tive and learnable. In contrast, HoIP Ontology is
deep and entangled, with multi-parent nodes and
root-to-leaf paths that may exceed 10 layers. In
this setting, OSI produces longer index sequences
(avg. depth: 6.15 vs. 5.42 for SSI) and suffers
from branching imbalance. While the lack of onto-
logical information degrades F1, SSI compensates
by narrowing candidate spaces more aggressively.
OSSI balances both structural and semantic signals,
yielding superior overall performance.
Additionally, OSSI achieves the best U-RC,
while SSI achieves the best U-CS on HolP-ALD.
This demonstrates that the two metrics are not re-
dundant and each capturing a unique and impor-
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HPA Concept Index Siblings inferred by index

0SI 7-4-1-6-6-1 Peripheralsch Scleral
HP_0100008: SSI  0-0-0-2-2  Peripheral schwannoma; Glioneuronal tumour
Schwannoma G .
oss1| 1-3-0-7-2 Peripheral schwannoma; Neoplasm of the
peripheral nervous system
is_a T -
0SI 7-4-1-6-4-0 ; Bilateral
HP 0009588: vestibular schwannoma
Vestibular §SI  0-0-1-5-1 : ! Bilateral
vestibular schwannoma; Vagal paraganglioma
schwannoma Bilateral
0ssI 1-5-7-3-0 }
vestibular schwannoma
is_a
ST 7-0-1-6-4.1 Unilateral il schuiann
HP_0009589:
q . Vestibular
Bilateral vestibular ~ sst  0-0-1-5-2 " A
schwannoma; Vagal paraganglioma
schwannoma Unilateral .

0SSI  1-5-7-3-1
schwannoma

“Schwannoma” - A benign nerve sheath tumor composed of Schwann cells.

“Vestibular schwannoma” - A vestibular schwannoma (also known as acoustic neuroma,
acoustic neurinoma, or acoustic neurilemoma) is a benign, usually slow-growing tumor that
develops from the VIIIth cranial nerve supplying the inner ear.

Concepts highlighted in bold purple represent the ontological neighbours (i.e., parent, child,

or sibling) of a concept. By analysing sibling nodes inferred by indexes, we can assess
whether the index type effectively captures the good hierarchical structure.

Figure 11: An example of constructed search indices.
When the information used for graph construction is
modified, a concept may share the same index prefix
with different concepts.

tant facet of generalization. U-RC measures hier-
archical proximity but not the reduction in search
space. A prediction and the gold concept may re-
side in the same penultimate cluster that contains
2 or more candidates—a critical difference U-RC
misses. Therefore, we propose the U-CS. We high-
light the importance of selecting evaluation met-
rics aligned with downstream application goals.
When predictions are used directly, closeness met-
rics like F1 and U-RC are paramount. However,
when downstream modules perform precision re-
finement, candidate space reduction (e.g., U-CS)
becomes the more relevant indicator.

A.6 Details of Concept Reranker

Model. Our downstream reranker is
a cross-encoder implemented with the
HuggingFace  Transformers library using

AutoModelForSequenceClassification
(num_labels=1), initialized from a SapBERT
checkpoint. Given a passage and a candidate
concept text, the model outputs a scalar relevance
score for reranking.

Training objective and negatives. We train the
reranker with a listwise softmax loss over groups
consisting of one positive concept and k£ hard nega-
tives (k=4 by default). For each training passage—
gold concept pair, we use the gold concept text as a
BM?25 query to retrieve a candidate list from the on-
tology and treat the retrieved non-gold concepts as

hard negatives (20 per passage—gold concept pair).
Hard negatives are randomly resampled per batch
to improve robustness.

Model selection on gold-based candidates. For
dev-time model selection, we evaluate using the
same supervision format as training: for each
passage—gold concept pair, we construct a BM25
candidate set using the gold concept text and mea-
sure reranking quality (e.g., nDCG@K/MRR @K).
Early stopping is applied based on this gold-based
dev evaluation, ensuring that model selection does
not depend on recognizer-generated candidates.

Final evaluation on recognizer-based candidates.
For the downstream utility experiment, candidate
sets are generated from recognizer predictions:
each predicted concept retrieves a fixed number
of ontology candidates via BM25 (41 per predic-
tion), which are merged (deduplicated union) into a
passage-level pool and reranked. We select a score
threshold on the dev split by maximizing micro-F1,
and then apply the dev-selected threshold to com-
pute micro Precision/Recall/F1 on the test split.

A.7 Error taxonomy

To enable systematic characterization of false pos-
itive predictions in biological process annotation,
we define an error taxonomy consisting of five cat-
egories.

Predictions are evaluated against a passage-
supported reference set constructed as follows: we
begin with the dataset-provided gold annotations,
and additionally include biological process con-
cepts that are explicitly stated or unambiguously
implied in the passage but missing from the orig-
inal gold. These missing concepts are identified
through manual review of predictions initially la-
beled as false positives. Accordingly, a prediction
is considered erroneous only if it cannot be justified
by passage evidence under this reference set. This
refinement step corrects for incomplete coverage
in the original dataset annotations and does not de-
pend on model predictions beyond using them to
surface candidate missing concepts for review.

Importantly, error categories describe how an
unsupported prediction arises, rather than simply
whether it is incorrect.

A.7.1 Definition of error types

E-1: Granularity Mismatch A granularity mis-
match occurs when the passage supports a specific
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HolIP-MLD

Training | Test

|D| |Concept|  Coverage (%) | |Concept| |Unseen_Concept| Seen (%)
200 155 0.53 229 227 38.86
400 236 0.80 229 160 53.71
800 313 1.07 229 144 58.52
1,600 423 1.44 229 119 66.81
2,458 515 1.75 229 111 69.00

HolP-ALD
200 744 2.53 635 477 24.88
400 1,400 4.77 635 424 33.23
800 2,399 8.17 635 379 40.31
1,600 3,881 13.22 635 328 48.35
3,200 5,801 19.75 635 286 54.96
6,400 8,181 27.86 635 246 61.26
12,800 10,844 36.93 635 226 64.41
16,415 11,848 40.34 635 219 65.51
HPA-ALD

200 416 2.27 386 304 21.24
400 848 4.62 386 288 25.39
800 1,523 8.30 386 264 31.61
1,600 2,515 13.70 386 234 39.38
3,200 3,942 21.48 386 207 46.37
6,400 5,724 31.19 386 186 51.81
12,800 7,918 43.14 386 163 57.77
25,600 10,188 55.51 386 137 64.51
47,152 11,989 65.32 386 125 67.62

Table 7: Dataset statistics of splits for recognizer training and evaluation. |D| denotes training data size. |Concept|
denotes the number of unique concepts. “Coverage(%)” refers to the percentage of ontology concepts presented in
the dataset. “Seen(%)” refers to the percentage of test concepts presented in the training set.

concept, but the prediction selects a term that is hi-
erarchically related in the ontology (an ancestor or
descendant node) while failing to match the precise
level of abstraction evidenced in the text. These
errors are strictly confined to the same ontology
lineage; the model identifies the correct conceptual
path but fails to calibrate the node’s depth relative
to the textual evidence.

E-2: Semantic Scope Shift This category ap-
plies when a prediction deviates from the semantic
domain of the target concept to an unrelated class.
Unlike the hierarchical depth errors in E-1, a scope
shift represents a thematic misalignment where the
prediction belongs to an entirely different concep-
tual branch. For instance, misidentifying a learn-
ing event as a memory event changes the under-
lying biological phenomenon being documented,
thereby misrepresenting the specific functional ac-
tivity characterized in the passage.

E-3: Context Over-generalization This error
arises when the presence of an isolated observation
or a specific biological outcome is misinterpreted
as sufficient evidence for a broader, encompassing

concept that is not itself stated. In these cases, the
textual evidence may describe a necessary com-
ponent or a resultant state of a process, but the
existence of the process as a whole is not grounded
in the passage. Unlike the hierarchical position-
ing in E-1, E-3 represents an inductive leap where
partial information is erroneously treated as the
occurrence of a complex, multi-stage event.

E-4: Lexical Triggering Lexical triggering
refers to predictions driven by the presence of
salient keywords or surface patterns rather than by
the actual conceptual information. These errors re-
flect a reliance on stereotypical associations, where
the mention of a domain-specific term—such as the
name of a gene or protein (e.g., "Shh") or a specific
body part (e.g., "testis")—biases the model toward
predicting an associated concept (e.g., "gene ex-
pression" or e.g., "male gonad development") that
is not explicitly supported by the text. Here, the
model’s internal statistical bias regarding the key-
word overrides the contextual evidence.

E-5: Inferential Overreach Inferential over-
reach captures predictions that necessitate unstated
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logical steps or external assumptions beyond the
explicit description. While E-3 over-generalizes
from an observed outcome to a broader concep-
tual class, E-5 adds entirely new explanatory logic
that is absent from the text. This occurs when the
model presupposes missing intermediate connec-
tions, moving from a simple descriptive statement
to an unsupported causal chain.

A.7.2 Diagnostic Criteria

To ensure consistent classification, we distinguish
the five categories via a three-step decision logic:

1. Lineage Calibration: If the prediction and a
supported concept share the same ontological
path (i.e., one is an ancestor of the other), is
the error solely due to the node’s depth? (If
yes — E-1)

2. Domain Alignment: Does the prediction shift
to a fundamentally different semantic class or
an unrelated branch within the ontology? (If
yes — E-2)

3. Evidence Gap Analysis: Is the lack of support
due to over-extending a partial observation (E-
3), keyword-driven bias (E-4), or the addition
of an unsupported causal chain (E-5)?
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