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Abstract

Identifying conditions that a certain drug takes
therapeutic effect on a target disease is crucial
for clinical decision-making support. However,
most existing biomedical information extrac-
tion methods have focused on identifying only
relations between drugs and diseases, while
largely overlooking the context-specific con-
ditions where such relations can apply. To
address this problem, we introduce the task
of applicability condition extraction for ther-
apeutic drug–disease relations from biomed-
ical research literature. We create the first
dataset that has manually annotated triples of
drugs, diseases, and applicability conditions on
biomedical paper abstracts with 1, 119 drug-
disease pairs. Using this dataset, we system-
atically evaluate the performance of a range
of existing methods. In addition, we pro-
pose a new method that enhances LoRA to
consider relations between drugs and diseases.
Our method consistently outperforms strong
baselines across different evaluation settings.
The source code and dataset of this paper
can be obtained from: https://github.com/
guantingluo98/Drug-ACE

1 Introduction

Therapeutic drug–disease relations play a central
role in clinical practice and biomedical research,
forming the foundation for treatment selection and
evidence-based medical decision-making. In real-
world clinical settings, however, the applicability
of a drug is rarely universal across all patient pop-
ulations. Whether a drug can be effective to treat
a disease often depends on specific patient pro-
files and contextual factors, reflecting substantial
patient heterogeneity. Therefore, it is crucial to
identify conditions under which a drug can be ef-
fectively and safely applied to treat a target disease.
These applicability conditions are critical for trans-
lating biomedical evidence into practical clinical
decision-making and for accurately interpreting

Example of an Annotated Instance
Title: Hydroxyurea in stage D carcinoma of the prostate: a
pilot study.
Abstract: There was 13 patients with histologically
metastatic prostatic adenocarcinoma treated with
a single oral dose of 80 mg. per kg. hydroxyurea every

third day (based on ideal or actual weight, whichever
is less) and 12.5 mg. chlorotrianisene per day. Toxicity
was mild. The most common manifestations were nausea,
occasional vomiting leukopenia. A definite attempt was
made to depress the white blood count to approximately
2,000 cells per cu. mm. Hydroxyurea was not discontinued
unless the white blood count decreased to less than 2,000
cells per cu. mm., after which a single dose was usually
omitted. Omission of a single dose would allow the white
blood count to return promptly to more than 2,000 cells
per cu. mm. Objective tumor regression was demonstrated
in 6 of the 13 patients and all patients had a definite
improvement in the quality of life.
Drug–Disease Pair: (Hydroxyurea, prostatic adenocarci-
noma)
Applicable Condition: “a single oral dose of 80 mg. per
kg. hydroxyurea every third day”
Condition Type: Dosage

Figure 1: An illustrative example of an annotated in-
stance in the Drug-ACE dataset.

therapeutic claims reported in the biomedical re-
search literature. However, such applicability con-
dition extraction has been little explored despite
abundant research efforts on drug-disease relation
extraction (Wei et al., 2016; Nguyen and Verspoor,
2018; Bonner et al., 2022; Luo et al., 2022; Wang
et al., 2024).

In biomedical research literature, therapeutic ev-
idence is frequently reported in a conditional man-
ner rather than as universally applicable conclu-
sions (Lu, 2011). The effectiveness of a drug is of-
ten qualified by specific conditions, such as dosage,
patient populations, physiological characteristics,
comorbidities, or genetic background. These con-
ditions reflect the inherent diversity of patients
and the complexity of disease mechanisms, and
are essential for accurately interpreting therapeutic
claims (Weinshilboum and Wang, 2017). Unfor-
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tunately, such applicability conditions are rarely
stated in an explicit manner in a document (Fig-
ure 1). Instead, they are often distributed across
sentences, embedded within broader experimental
or clinical descriptions, and expressed implicitly
through contextualized evidence. As a result, un-
derstanding therapeutic applicability requires rea-
soning over lengthy and nuanced textual contexts.

Despite substantial progress in biomedical in-
formation extraction, most existing studies have
primarily focused on identifying whether a certain
relation exists between biomedical entities (Roy
and Pan, 2021; Jin et al., 2022; Xiao et al., 2024),
or on extracting specific phenomena such as ad-
verse effects (Alimova and Tutubalina, 2019; Henry
et al., 2020; D’Oosterlinck et al., 2023; Sahoo et al.,
2024). However, the conditions under which the
relation is applicable or not have been little ex-
plored. As a result, current biomedical information
extraction frameworks often provide incomplete
representations of therapeutic knowledge, limiting
their usefulness for clinical decision support.

To address this problem, we extract conditions
for therapeutic drug–disease relations. Specifically,
we create the Drug–Disease Applicability Condi-
tion Extraction (Drug-ACE) dataset as illustated
in Figure 1. The dataset contains 1, 119 instances,
each associated with a therapeutic drug–disease
pair and corresponding PubMed paper titles and
abstracts. Each instance is annotated with the con-
ditions under which the given drug can treat or
alleviate the target disease. We also propose a
Role-Conditioned LoRA that explicitly incorpo-
rates the relation role between the drug and dis-
ease into parameter-efficient low-rank adaptation
(LoRA) (Hu et al., 2022). Our comprehensive
benchmarking study on the Drug-ACE dataset com-
paring existing biomedical relation extraction meth-
ods reveals that our method consistently outper-
forms strong baselines.

Our contributions are threefold:

• We introduce the task of drug–disease appli-
cability condition extraction and release Drug-
ACE, annotating 1, 119 instances.

• We deliver a comprehensive evaluation of con-
ventional biomedical relation extraction meth-
ods on Drug-ACE, including span-based mod-
els, LoRA-tuning and prompting large lan-
guage models.

• We propose a method for applicable con-

dition extraction of drug-disease relations,
which consistently outperforms strong base-
lines across different evaluation settings.

2 Related Work

2.1 Biomedical Relation Extraction

Biomedical relation extraction has been exten-
sively studied as a core task in biomedical natu-
ral language processing, with particular attention
to identifying relations between chemicals, dis-
eases, and genes from scientific literature. Early
benchmark efforts, such as the BioCreative V CDR
(Li et al., 2016) task corpus, established standard
evaluation settings for chemical–disease relation
extraction and facilitated the development of su-
pervised learning approaches. Subsequent work
further expanded the scope of biomedical rela-
tion extraction by constructing larger and richer
datasets, including BioRED (Luo et al., 2022) and
ChemDisGene (Zhang et al., 2022), which cover
diverse entity types and multiple relation cate-
gories. DrugProt (Miranda-Escalada et al., 2023)
introduced a large-scale gold standard for granular
drug-gene/protein interactions. Sosa et al. (2023)
frame the association of cell types and tissues with
protein-protein interactions as a classification task,
utilizing syntactic and meta-discourse features to
enrich literature-derived knowledge graphs.

In parallel, researchers have explored alternative
learning paradigms to address data sparsity and
annotation cost in biomedical relation extraction.
Xiao et al. (2024) extend document-level relation
extraction to a federated learning setting for the
first time and propose a novel non–independently
and identically distributed scenario based on graph
structural entropy. Wang et al. (2024) investigate a
pipeline that performs sentence-level relation clas-
sification prior to entity extraction to alleviate entity
ambiguity, and further incorporate structural con-
straints between entities and relations to guide the
model’s hypothesis space.

These studies have significantly advanced the
modeling of biomedical relations under various
practical constraints. However, despite these ef-
forts, existing work has primarily focused on iden-
tifying the presence or type of relations between
entities, and does not explicitly model the appli-
cability conditions under which therapeutic drug–
disease relations hold.
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2.2 Fine-grained Information Extraction
Benchmarks

Beyond relation extraction, prior work has explored
a variety of fine-grained information extraction
tasks that aim to identify condition-like or attribute-
level information from textual data. In the clinical
domain, adverse event extraction has been stud-
ied as a representative task, where models are re-
quired to extract specific event spans and assign
them to predefined categories (D’Oosterlinck et al.,
2023; Sahoo et al., 2024; Guellil et al., 2025).
Early approaches typically rely on a sequence tag-
ging framework, such as conditional random fields
(CRFs), to model token-level dependencies and
capture structured output constraints (Guellil et al.,
2025). Srivastava et al. (2025) explore instruction-
tuning on large language models (LLMs) for event
extraction, leveraging textual annotation guideline
to guide model predictions. Their results show
that prompt- and instruction-based approaches can
serve as effective alternatives to traditional super-
vised models, particularly in low-resource or cross-
schema settings. These findings support the use of
prompting-based methods as a reasonable approach
for fine-grained information extraction tasks.

3 Drug-ACE Dataset

We create the Drug-ACE dataset that manually an-
notates conditions under which a certain drug takes
a therapeutic effect against a disease. Figure 1
presents an example, showing the input and the
annotated applicability condition.

3.1 Annotation Data Preparation

Our dataset is constructed on top of the ChemDis-
Gene dataset (Zhang et al., 2022), which consists
of PubMed1 biomedical abstracts annotated with
drug, disease, and gene entities, as well as pairwise
relations among them.

The original ChemDisGene dataset covers a di-
verse set of entity types and relation categories.
In this work, we restrict our focus to instances
involving therapeutic drug–disease relations for
their practical values and filter out instances cor-
responding to other relation types. The original
ChemDisGene includes relations identified by in
vivo and in vitro experiments. We manually re-
viewed and further filtered those that do not men-
tion clinical studies or clinical trials, retaining only

1https://pubmed.ncbi.nlm.nih.gov/

clinically grounded drug–disease relations for ap-
plicability condition annotation. We further manu-
ally inspected the therapeutic relation annotations
and removed instances which seem to have incor-
rect or inconsistent relation annotations.

Note that our preprocessing step does not modify
the original textual content of the biomedical liter-
ature. Rather, we only restrict instances included
in Drug-ACE to be ones with therapeutic relations
with sufficiently reliable evidence.

3.2 Condition Types
To better understand applicability conditions and
facilitate their systematic modeling, we assign type
labels to each extracted condition. There has been
no consensus on an exhaustive taxonomy of appli-
cability conditions for drug–disease relations. To
design a reasonable set of condition types, we re-
viewed relevant biomedical literature (Wu et al.,
2019; Bhatt et al., 2021; Hanlon et al., 2023) and
identified commonly discussed conditions that con-
strain or qualify therapeutic applicability. We then
consult with a domain expert to define the annota-
tion scope, and finally selected six condition types
after multiple rounds of discussions.

The following six condition types are frequently
observed in biomedical literature and are clinically
meaningful which can substantially influence treat-
ment effectiveness and clinical decision-making.

• Dosage, indicates the dosage or amount of the
drug administered, including specific dosage
values and ranges required for effective or safe
treatment. E.g.: “3.3 mg/70 kg of M6G”

• Age, specifies the patient’s age or age group,
including explicit ages or age-related cate-
gories that affects the applicability of the treat-
ment. E.g.: “children with nephrotic syn-
drome”

• Gene, specifies genetic characteristics of pa-
tients, such as the presence of particular genes,
that influence drug response or treatment suit-
ability. E.g.: “HDL-bound paraoxonase-1
(PON1)”

• Gender, indicates the biological sex or gen-
der of the target patient population when treat-
ment applicability differs across genders. E.g.:
“Fourteen male patients”

• Comorbidity, refers to the presence of one or
more additional pre-existing diseases, disor-
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ders, or risk factors other than the index dis-
ease under investigation, which may affect the
drug’s applicability or therapeutic effect. E.g.:
“children with nephrotic syndrome”

• Body Type, describes general body character-
istics or physical conditions of patients, in-
cluding pregnancy, obesity, underweight sta-
tus, or other body composition–related factors
that may influence treatment outcomes. E.g.:
“primigravida woman”

3.3 Annotation
The annotation has been conducted from Oct. to
Dec., 2025. The primary communication tool was
Slack; the annotators could ask questions anytime.

Annotator Selection We recruited two graduate
students majoring in life science and technology,
and pathological biochemistry, respectively. To
ensure annotation quality, these annotators were
first asked to conduct trial sessions, during which
their domain knowledge and understanding of the
annotation guideline were carefully evaluated. The
annotators were paid about $1 per instance.

Annotation Guideline We provided annotation
guidelines to the annotators, which consists of task
definition, inclusion and exclusion criteria, taxon-
omy for the condition types, and annotation scope.
The complete version of the guideline is presented
in the Appendix A.

Annotation Procedure We provided 200 ab-
stracts as a batch to the annotators to control the an-
notation quality. Each abstract was independently
annotated by the two annotators. To ensure the
consistency and reliability of the annotated appli-
cability conditions, one of the authors reviewed
all the results. In cases of disagreement, the third
annotator (one of the authors) served as a judge
and determined the final annotation through adju-
dication. The initial agreement between the two
annotators was 61%. The revised annotations were
feedback to the annotators to improve the task un-
derstanding and agreement in the next batch. The
agreement rate of the final batch improved to 86%.

3.4 Resultant Dataset
As the final outcome of our annotation, our Durg-
ACE dataset in total consists of 1, 119 drug-disease
pairs from 667 unique Pubmed abstracts associ-
ated with conditions. Namely, 2, 290 applicability
condition spans were identified, with an average

Category #Abstracts #Pairs DocLen #Spans
Train 334 558 266.0 2.01
Dev 110 182 270.3 2.38
Test 223 379 283.4 1.94

Table 1: Dataset statistics for the train, development,
and test categories.
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Figure 2: The distribution of applicability conditions.

of approximately two annotated spans per drug-
disease pair. Figure 2 shows the distribution of
condition types. The majority type was Dosage,
followed by Age, Gene, and Gender.

We split the dataset for training, development,
and testing. Table 1 summarizes the dataset statis-
tics for each split: the number of unique Pubmed
abstracts (#Abstracts), the number of drug-disease
pairs (#Pairs), the average document length mea-
sured in tokens (DocLen), and the average number
of applicability condition spans per pair (#Spans).

4 Applicability Condition Extraction

We propose a method to extract applicability condi-
tions of a given therapeutic drug-disease pair from
biomedical paper titles and abstracts. Our method
utilizes LLMs’ strong capability in understanding
long-texts and conduct parameter-efficient tuning
with LoRA to predict conditions. To address the
complex nature of biomedical literature understand-
ing, we propose to explicitly model relation roles
between the drug and disease. Following He et al.
(2025) who employ tabular structure information
for table understanding, we explicitly encode the
relation roles in LoRA.

4.1 Task Definition

We first define the task of therapeutic drug–disease
applicability condition extraction. Given a pair of
drug and disease, the goal is to identify conditions
in texts under which the drug takes a therapeutic
effect to treat the disease. More specifically, the
input and output consist of the following.
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Input An input consists of (i) a therapeutic drug–
disease pair and (ii) the title and abstract of a
biomedical paper where the pair is mentioned. The
title and abstract provide broader biomedical con-
text, from which the applicability conditions for
the given drug–disease pair can be extracted.

Output The output is a set of applicability condi-
tions of the given drug–disease pair. Each condition
specifies a particular circumstance under which the
drug is applicable, and is associated with prede-
fined condition types.

4.2 Relation Roles
Drug–disease applicability condition extraction re-
quires identifying conditions distributed across
sentences from broader experimental or clinical
descriptions, which can be implicitly mentioned.
Therefore, it is insufficient to look for possible
spans appearing close to the drug-disease pair. Fur-
thermore, multiple drugs and diseases may co-
occur, thus multiple conditions co-exist in text. An-
other hurdle is that biomedical entities tend to be
split into subword tokens, which dilutes span-level
representations (Balde et al., 2024). These unique
characteristics easily confuse a model from under-
standing “who applies to whom” from context.

To address these challenges, we encode the sub-
ject and object of a target condition into LoRA.
Given the input consisting of a biomedical re-
search literature T = {ti}|T |

i=1 (title and abstract)
and a queried drug–disease pair (d, s), we assign
a relation role to each input token to explicitly
encode its participation in the queried relation.
Specifically, each token is labeled as one of three
roles: OBJ for tokens belonging to the given drug
d = {d1, d2, . . . , dn}, SUBJ for tokens belonging
to the given disease s = {s1, s2, . . . , sm}, and NA
for all remaining tokens.

Formally, we determine a role sequence {yi}|T |
i=1:

yi =





OBJ, ti ∈ d,

SUBJ, ti ∈ s,

NA, otherwise.

(1)

We first locate the character-level spans of d and
s in T by exact matching after lemmatization, and
then map these spans to token indices using tok-
enizer offsets. When an abstract contains multi-
ple mentions of the same drug and disease string,
we assign the same role to all of their occurrences.
This role labelling is model-agnostic and introduces

only minimal overhead while providing an explicit
subject–object signal for subsequent LoRA tuning.

4.3 Role-Conditioned LoRA
Preliminary: LoRA We briefly review standard
LoRA (Hu et al., 2022) before introducing our
method. Given a frozen weight matrix W0 ∈ Rd×k

of an LLM, LoRA models the parameter update
∆W as a low-rank decomposition.

h = W0x+∆Wx = W0x+BAx, (2)

where B ∈ Rd×r and A ∈ Rr×k. By assum-
ing that the parameter update is low rank, i.e.,
r ≪ min(d, k), LoRA significantly reduces the
parameters to tune.

Proposed Method: Role-Conditioned LoRA In
the original LoRA, the low-rank update is applied
uniformly across all tokens, without distinguishing
the relation roles of different spans in the input,
which can result in suboptimal performance (Zhao
et al., 2023; Liu and Demberg, 2024). We guide the
fine-tuning process by injecting the relation role
into LoRA, as shown in Figure 3. Specifically:

h = W0x+BAx+By ey, (3)

where y ∈ {OBJ, SUBJ, NA} denotes the relation
role assigned to the input token, ey ∈ Rr is a learn-
able embedding corresponding to the role y, and
By ∈ Rd×r is a role-conditioned low-rank projec-
tion matrix. The matrix By shares the same shape
as the original LoRA matrix B, and is initialized to
zero in the same manner.

Note that the role embedding ey is unique for
each transformer layer. This design allows differ-
ent layers to capture role information at varying
levels of abstraction. This allows greater flexibility
and expressiveness compared to sharing the same
embedding across layers, while incurring only min-
imal additional parameters.

Finally, the LLM outputs a list of extracted ap-
plicability conditions, with each item consisting of
a textual span and an associated type, formatted as
Span: <span> | Label: <type>. We employed
the standard cross-entropy loss for training.

5 Experiment Setup

Our Drug-ACE is the first dataset for drug–disease
applicability condition extraction, thus we bench-
mark strong baseline methods on this dataset to
clarify challenges in applicability condition extrac-
tion. We also empirically evaluate the effectiveness
of the proposed method.
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Figure 3: Model architecture: The diagram illustrates
the integration of the relation role into the LoRA model.
The left side is the standard LoRA, while the right side
depicts our method.

5.1 Baselines
We evaluate the following existing methods2:

• SpanMarker3 adhering to the Packed Lev-
itated Marker architecture (Ye et al., 2022).
Each model leverages a pre-trained lan-
guage model as the backbone encoder, in-
cluding RoBERTa (base and large) (Liu
et al., 2019), BERT (cased and uncased) (De-
vlin et al., 2019), BiomedBERT (Gu et al.,
2021), BioBERT (Lee et al., 2020), and
Bio_ClinicalBERT (Alsentzer et al., 2019).
Input sequences are processed using a levi-
tated marker mechanism, in which pairs of
trainable marker tokens are inserted into the
self-attention layers to aggregate span-specific
contextual representations. The resulting span
embeddings are then fed into a linear classifier
for final applicability condition prediction.

• Standard LoRA on widely used LLMs, in-
cluding Gemma2-9B (Team et al., 2024),
Qwen2.5-7B (Yang et al., 2025b), Qwen3-
4B (Yang et al., 2025a), Gemma3-4B (Team
et al., 2025), and its medical domain-adapted
counterpart MedGemma-4B (Sellergren et al.,
2025). We apply LoRA to all linear modules
in the backbone models. In our main experi-
ments, the LoRA rank is set to 8.

2We also experimented with token-level BERT-BiLSTM-
CRF and BERT-CRF baselines (Hochreiter and Schmidhuber,
1997; Lafferty et al., 2001; Akbik et al., 2019). Despite care-
ful tuning under the same training and evaluation protocols,
these models ended up predicting no condition span, likely
due to insufficient training samples. We therefore omit these
baselines from the main comparison.

3https://tomaarsen.github.io/SpanMarkerNER/

• 2-Shot Prompting on DeepSeek-R1-70B
(DeepSeek-AI et al., 2025), Llama3.3-70B
(Grattafiori et al., 2024), and Qwen2.5-72B
(Yang et al., 2025b). These models are se-
lected as representative large-scale LLMs that
are publicly accessible and have demonstrated
strong performance on general reasoning and
instruction-following tasks. To construct 2-
shot prompts, we randomly sample two drug-
disease pairs from the training set. The prompt
is presented in the Appendix B

We adopt a linear learning rate schedule with
warmup and decay following (Devlin et al., 2019)
when training SpanMarker models as well as LoRA
models. All experiments were conducted on a sin-
gle NVIDIA H100 GPU.

5.2 Implementation of Proposed Method

For a fair comparison, our Role-Conditioned LoRA
was implemented on the same backbone models as
the standard LoRA baselines. We also use the same
LoRA rank, setting it to 8 in all main experiments.
He et al. (2025) empirically showed that applying
task-specific LoRA adaptations to key and value
projections is an effective design choice. Following
this, we apply our relation-role LoRA to the key
and value projection layers, and employ standard
LoRA to the remaining linear layers.

5.3 Evaluation Metrics

We evaluated the performance of the models at
(a) the span level, where only applicability con-
dition spans are counted, and (b) span and type,
where both of the condition span and condition
type matter. We employ Hard and Soft matching
for evaluating condition spans.

The final evaluation score is the average of F1
scores computed per sample. When an instance has
no ground-truth applicability condition, the F1 is
defined as 1.0 if the model correctly predicts zero
conditions, and 0.0 otherwise.

Hard Matching Under the hard matching crite-
rion, a predicted span is considered correct only if
it exactly matches the gold reference.

Soft Matching We adopt the soft matching al-
gorithm proposed by Han et al. (2024) to allow
flexibility in evaluation. Soft matching relaxes the
strict boundary requirement by considering both
span containment and textual similarity between
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a predicted span and its gold reference. Specifi-
cally, a predicted span is regarded as a soft match
if there exists a containment relation between the
predicted and the gold reference span and their tex-
tual similarity exceeds a predefined threshold. In
our experiments, the threshold is set to 0.5.

6 Results and Analysis

6.1 Main Results

We report the average F1 scores with standard de-
viation across three random seeds for SpanMarker
and LoRA fine-tuning, and five seeds for 2-shot
prompting. Table 2 reports the main results under
both Hard and Soft matching at the span-only and
span and condition type predictions across different
methods and base LLMs.

The proposed method achieved the best soft and
hard F1 scores on Qwen3-4B and Gemma3-4B,
respectively. Table 3 presents the statistical signif-
icance analysis of RCLoRA across five different
LLM backbones. Notably, the proposed method
significantly outperforms the standard LoRA fine-
tuning (p < 0.05) consistently across all primary
metrics.

SpanMarker. Among SpanMarker baselines,
models initialized with domain-specific pretraining
generally achieve stronger performance. In particu-
lar, BiomedBERT-base performs strongly despite
its smaller model size for both span-only and span
and type predicions. This confirms the effective-
ness of BiomedBERT’s extensive pretraining on
abstracts from PubMed.4

LLMs with LoRA fine-tuning. Different from
SpanMarker models, MedGemma-4B was inferior
to its general-domain counterpart, Gemma3-4B.
This suggests that domain adaptation alone is not
always sufficient for LLMs.

Few-shot prompting. Despite significantly
larger model sizes, 2-shot prompting exhibits
substantially lower performance compared with
fine-tuned models, demonstrating the difficulty of
the task and the necessity of supervised adaptation.
These results further indicate that prompt-based
inference alone is insufficient to conduct complex
reasoning required by applicability condition
extraction.

4Note that the PubMed abstracts used in Drug-ACE are
newer than those for BiomedBERT, thus there should be no
data leakage.
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Figure 4: Performance comparison between standard
LoRA and our method across different condition types

6.2 Performance per Condition Types

Figure 4 illustrates the performance comparison
between standard LoRA and our method across dif-
ferent condition types on Gemma2-9B. Our method
outperforms the standard LoRA on all entity types:
Age, Body Type, Comorbidity, Gender, and Gene,
except Dosage. While the standard LoRA per-
forms well on the most common type, i.e., Dosage,
it struggles to identify other types. In particular,
it yielded near-zero performance on Comorbidity-
related conditions, whereas our method is able to
capture meaningful signals for this type. We conjec-
ture that condition types such as Gene and Comor-
bidity are challenging not only for their sparsity but
also the highly specialized natures. Improvements
on such types constitutes our future work.

6.3 Ablation Study

The previous section demonstrated the effective-
ness of encoding relation roles into LoRA. To fur-
ther understand the effectiveness of our design, we
compare to the following methods.

Marker: For each drug-disease pair, we mark
all occurrences of the corresponding entities in the
input text using special tokens: [Drug] entity
[/Drug] and [Disease] entity [/Disease].
We couple this marked input with a standard LoRA
setup, keeping the model architecture untouched to
isolate the effect of input-level markers.

Role-Specific Vectors: We directly add role-
specific vectors at each layer instead of using low-
rank matrices:

W0x+BAx+ ey. (4)

Single-B Matrix: We replace the two-matrix for-
mulation of Eq. (3) with a single matrix, sharing
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Model Trainable
Params

Span Span and Type
Hard Soft Hard Soft

SpanMarker
RoBERTa-base 124.67M 34.86± 2.12 48.00± 1.14 34.81± 2.19 47.45± 1.45
RoBERTa-large 355.39M 37.81± 2.11 52.16± 1.50 37.81± 2.11 51.90± 1.51
BERT-base-cased 108.33M 30.73± 2.19 45.39± 3.15 30.69± 2.23 44.93± 3.19
BERT-base-uncased 109.51M 33.07± 0.52 45.20± 1.64 32.96± 0.32 44.80± 1.70
BiomedBERT-base 108.26M 39.35± 1.06 53.23± 1.68 39.35± 1.06 52.91± 1.82
BioBERT-base-cased 108.33M 33.57± 1.25 45.49± 0.78 33.38± 1.56 45.08± 0.61
Bio_ClinicalBERT 108.33M 32.96± 2.97 46.40± 1.90 32.94± 3.01 46.03± 2.01

LLMs with LoRA Fine-tuning
Gemma2-9BLoRA 27.01M 48.03± 2.77 59.09± 2.38 47.60± 2.68 58.30± 1.99
Gemma2-9BRCLoRA 28.39M 49.89± 3.39 59.57± 3.01 49.57± 3.46 58.83± 3.02
Qwen2.5-7BLoRA 20.19M 46.53± 2.43 56.12± 1.75 46.42± 2.47 55.51± 1.69
Qwen2.5-7BRCLoRA 20.42M 46.82± 1.53 56.99± 0.65 46.52± 1.61 56.23± 0.56
Qwen3-4BLoRA 16.52M 49.37± 2.99 59.84± 3.12 49.19± 3.11 59.18± 3.30
Qwen3-4BRCLoRA 17.11M 51.18± 0.46 60.62± 0.61 50.91± 0.45 59.78± 0.56
Gemma3-4BLoRA 14.90M 49.17± 1.75 56.53± 0.99 49.01± 1.89 56.10± 1.19
Gemma3-4BRCLoRA 15.46M 51.43± 4.23 59.74± 3.74 51.20± 4.17 59.11± 3.59
MedGemma-4BLoRA 14.90M 46.62± 1.12 55.35± 1.02 46.39± 1.22 54.51± 0.90
MedGemma-4BRCLoRA 15.46M 48.63± 3.01 57.40± 2.60 48.40± 3.11 56.56± 2.63

LLMs with 2-Shot Prompting
DeepSeek-R1-70B - 13.91± 1.83 35.31± 2.42 13.73± 1.80 35.00± 2.46
Llama3.3-70B - 23.75± 2.70 32.37± 0.73 23.71± 2.75 32.12± 0.77
Qwen2.5-72B - 23.04± 1.44 31.35± 0.61 22.82± 1.37 30.92± 0.63

Table 2: Performance comparison under Hard and Soft matching of span-only and span and type prediction: the best
scores are indicated by bold fonts, and the underlines indicate that the proposed method (RCLoRA) outperforms
corresponding standard LoRA counterparts.

Method Span Span & Type
Hard Soft Hard Soft

LoRA (Avg.) 47.94 57.39 47.72 56.72
RCLoRA (Avg.) 49.59 58.86 49.32 58.10
∆ +1.65 +1.47 +1.60 +1.38
p-value 0.013 0.018 0.015 0.022

Table 3: Statistical significance test results of RCLoRA
across 5 backbones on LLMs with LoRA fine-tuning
(3 seeds x 5 models = 30 independent runs). Note: p-
values are calculated using a paired t-test across all 15
experimental pairs.

the same B matrix with LoRA:

W0x+BAx+Bey. (5)

This setting removes the separation between the
transformation applied to the input vector and that
applied to the relation role embedding.

Random Roles: We input random ids of 0, 1,
and 2 to the relation embeddings, to distinguish
the effect of using roles from simple increase in
parameter sizes.

Results We employed Qwen3-4B as the back-
bone LLM for the ablation study for computational
efficiency. For each setting, scores were averaged
over three runs with different random seeds. Ta-
ble 4 presents the results. Compared with the stan-
dard LoRA, all variants lead to noticeable perfor-

Method Span Span & Type
Hard Soft Hard Soft

Standard LoRA 49.37 59.84 49.19 59.18
Marker 49.26 58.37 48.99 57.53
Role-Specific Vectors 43.93 52.13 43.72 51.58
Single B-Matrix 49.10 58.57 48.59 57.64
Random Role 47.43 56.85 47.16 56.27
RCLoRA (Proposed) 51.18 60.62 50.91 59.78

Table 4: Ablation study results on Qwen3-4B

mance drops. In particular, the lower performance
of the Marker setting suggests that explicitly high-
lighting drug and disease entities might inevitably
cause the LLM to over-focus on the marked entities.
This potentially leads the model to overlook critical
contextual expressions in the biomedical context,
which are significant for identifying the applica-
bility conditions. Furthermore, marking every oc-
currence of these entities throughout the text may
introduce redundant signals that confuse LLMs’
reasoning. These results indicate that relation role
requires distinctive LoRA matrix, and relation roles
are crucial for the performance gain of the proposed
method.

6.4 Effects of LoRA Ranks

Figure 5 shows the effects of LoRA ranks when
using Gemma2-9B as the backbone LLM. For each
rank, Soft F1 scores of span and condition type pre-
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Figure 5: Effects of LoRA ranks on the Gemma2-9B

diction were averaged over three runs with different
random seeds. Across different rank settings, our
method consistently outperforms standard LoRA.
Furthermore, the performance of our method en-
hance with larger rank, which aligns with the find-
ings of Zhang et al. (2023).

Table 5 reports the corresponding number of
trainable parameters under different rank settings
for both standard LoRA and our method. While our
method slightly increases the number of trainable
parameters at the same rank, the gaps are modest
and scale consistently with the rank.

6.5 Effects of Soft Matching Threshold

To investigate the impact of the similarity threshold
used in soft matching, we conducted a sensitivity
analysis comparing our primary model, Gemma3-
4B-RCLoRA, against the standard Gemma3-4B-
LoRA baseline on soft F1 scores of span and condi-
tion type. As shown in Table 6, while performance
predictably decreases as the matching criterion be-
comes more stringent, RCLoRA consistently out-
performs standard LoRA across all thresholds.5 We
selected 0.5 because hard matching (1.0) is overly
restrictive for complex clinical spans. For example,
if the target is "titrated to 50 mg once daily" and the
model predicts "50 mg once daily" , exact match-
ing would treat this as a complete failure. This
would unfairly discard the model’s success in cap-
turing the core dosage information. A threshold of
0.5 provides a reasonable trade-off that recognizes
such clinically useful partial extractions.

5Increasing the similarity threshold makes the matching
criterion more stringent, which reduces the number of True
Positives. Given that the total counts of predictions and
ground-truth are fixed, both Precision and Recall decrease
monotonically.

Method Trainable Parameters
r=4 r=8 r=16 r=32

Standard LoRA 13.5M 27.0M 54.0M 108.0M
Ours 14.2M 28.4M 56.8M 113.5M

Table 5: Comparison of trainable parameters under dif-
ferent LoRA ranks on Gemma-9B

Method Similarity Threshold
0.1 0.3 0.5 0.7 0.9

LoRA 64.27 61.67 57.45 55.07 51.39
RCLoRA 68.88 67.26 63.16 60.49 56.26

Table 6: Performance comparison between LoRA and
RCLoRA across different similarity thresholds

7 Conclusion

In this study, we introduced a novel task of
drug–disease applicability condition extraction.
We created the annotation dataset, named Drug-
ACE, and proposed a method for applicability con-
dition extraction that enhances LoRA by explicitly
encoding relation roles between drugs and diseases.
Our benchmarking results of conventional biomedi-
cal relation extraction methods on Drug-ACE high-
light the challenges posed by applicability condi-
tion extraction and demonstrate the effectiveness
of our method.

Our future work includes expanding the scale
of the dataset, which may further improve model
robustness. Improvement on challenging condition
types, such as Gene and Comorbidity is also crucial.
In addition, while this study focuses on therapeu-
tic drug–disease relations, it should be worthy to
extend to cover other biomedical relations, such as
gene–disease interactions.

Limitations

Despite the contributions of this study, several lim-
itations remain. First, the overall size of the pro-
posed dataset is modest. Although the dataset is
carefully annotated, scaling up the data size could
further improve model robustness and enable more
comprehensive empirical analysis.

In addition, this study focuses exclusively on
therapeutic drug–disease relations. While this
scope allows for a focused investigation of appli-
cability conditions, other biologically meaningful
relations, such as gene–disease interactions, also
exhibit conditional applicability and warrant fur-
ther exploration. Extending the task and dataset to
cover a broader range of biomedical relations is an
important direction for future research.
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Potential Risks Our Drug-ACE dataset is in-
tended for research purposes only. The annotated
conditions reflect text-level reporting in biomedical
research, which may include exploratory or experi-
mental findings. Therefore, Drug-ACE should be
viewed as an auxiliary tool for literature synthesis
rather than a source of clinically validated medical
truth. Inappropriate use without expert validation
may lead to misconduct in clinical environments.

AI Assistant Use We used AI assistants for im-
proving writing; they were used exclusively for en-
hancing readability and correcting grammar. They
did not contribute to the scientific content of the
manuscript.
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A Annotation Guideline

A.1 Introduction

This task is an applicability condition extraction
for therapeutic drug-disease relations. The goal of
the task is to extract applicability conditions (i.e.,
under what conditions a certain drug can treat a
certain disease) for the mentioned drug from the
given biomedical research literature.

A.2 Task Definition

Given a biomedical research literature (including a
title and abstract) and a therapeutic drug–disease
relation, annotators are required to identify the ap-
plicability condition(s) mentioned in the text that
are relevant to the given drug–disease pair and as-
sign a predefined label. Each annotation instance
contains only one drug–disease pair. However, a
single biomedical document may include multiple
therapeutic drug–disease relations. In such cases,
please perform the annotation separately for each
specific drug–disease pair provided.

A.3 Inclusion and Exclusion Criteria

The corpus may contain biomedical literature re-
lated to cell or animal experiments rather than hu-
man clinical studies. Annotators are required to
verify whether the given biomedical literature per-
tains to a human clinical study. If the given litera-
ture is not about a human clinical study, the entire
literature must be skipped. Additionally, the pro-
vided drug–disease relation may not be therapeutic.
If the relation is determined to be non-therapeutic,
the specific annotation instance should be skipped.

A.4 Condition Types

We assign condition type labels to each extracted
drug-disease condition. The condition types are as
follows:

• Dosage, indicates the dosage or amount of the
drug administered, including specific dosage
values, ranges that are required for effective
or safe treatment.

• Age, specifies the patient age or age group, in-
cluding explicit ages or age-related categories.

• Gene, specifies genetic characteristics of pa-
tients, such as the presence of particular genes,
that influence drug response or treatment suit-
ability.

• Gender, indicates the biological sex or gender
of the target patient population, such as male
or female, when treatment applicability differs
across genders.

• Comorbidity, refers to the presence of one or
more additional pre-existing diseases, disor-
ders, or risk factors other than the index dis-
ease under investigation, which may affect the
drug’s applicability or therapeutic effect.

• Body Type describes general body characteris-
tics or physical conditions of patients, includ-
ing pregnancy, obesity, underweight status, or
other body composition–related factors that
may influence treatment outcomes.

A.5 Annotation Scope
• An applicable condition is defined as any con-

textual factor (e.g., patient attribute) that is ex-
plicitly stated or strongly implied to influence
the effectiveness or safety of the drug–disease
relation.

(e.g., "...... Long-term oral warfarin is recom-
mended in pediatric Kawasaki disease pa-

tients with large coronary artery aneurysms .
...... Drug–Disease Pair: warfarin-Kawasaki
disease" Annotated Conditions: (1) “pe-
diatric” → Age (2) “large coronary artery
aneurysms” → Comorbidity).

• Not every given biomedical research literature
contains applicability conditions for the given
therapeutic drug – disease relation.

(e.g., "...... Moreover, lisinopril and nifedipine
appear to be capable of reducing bcl-2 concen-
trations, with potentially beneficial effects on
vascular modifications in patients with hyper-
tension. ...... Drug–Disease Pair: nifedipine
- hypertension" Annotated Conditions: No
applicability condition.

• When the applicability conditions present, an-
notators are instructed to extract them even if
they are mentioned as general factors without
specific values.

(e.g., "...... Patient height is the main factor
determining warfarin dosage, while genotype
effects on warfarin dosage vary among studies.
...... Drug–Disease Pair: warfarin-Kawasaki
disease" Annotated Conditions: “height” →
Body Type).
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• Applicability conditions described quantita-
tively, such as demographic characteristics
presented with percentages, are also consid-
ered within the scope of valid extractions.

(e.g., "...... PATIENTS: These pa-
tients were mostly men (57%)
older than 30 years (56%) with pulmonary

obstruction, ...... Drug–Disease Pair:
zafirlukast - asthma" Annotated Conditions:
(1) “men (57%)” → Gender (2) “older than
30 years (56%)” → Age).

B Prompt for 2-shot Prompting

The example B.1 shows the prompt template we
use for extracting applicability conditions in 2-shot
prompting.

Example B.1 You are a skilled biomedical text an-
notator. Given the title, abstract, and a therapeutic
drug–disease relation, extract all applicability con-
dition spans mentioned in the text that mention
under what conditions the drug is used to treat the
disease.

Applicability conditions include:
- Dosage: indicates the dosage or amount of

the drug administered, including specific dosage
values, ranges that are required for effective or safe
treatment.

- Age: specifies the patient age or age group,
including explicit ages or age-related categories.

- Gender: indicates the biological sex or gender
of the target patient population,

- Comorbidity: refers to the presence of one or
more additional pre-existing diseases, disorders,
or risk factors other than the index disease under
investigation, which may affect the drug’s applica-
bility or therapeutic effect.

- Body type: describes general body character-
istics or physical conditions of patients, including
pregnancy, obesity, underweight status, or other
body composition–related factors that may influ-
ence treatment outcomes.

- Gene: specifies genetic characteristics of pa-
tients, such as the presence of particular genes, that
influence drug response or treatment suitability.

For each identified span, you need to specify
the corresponding label, please return it in the
format: "[’Span: <span> | Label: <type>’, ’Span:
<span> | Label: <type>’, ...]"

Please strictly follow the format I gave you. Only
include spans that are explicitly mentioned in the

context. Do not infer conditions beyond what is
supported by the text.

If no applicability condition is mentioned, return
an empty list: []

An example:
TITLE: {Example 1 title}
ABSTRACT: {Example 1 abstract}
DRUG - DISEASE RELATION: {Example 1

drug} – {Example 1 disease}
APPLICABILITY CONDITIONS:
{List of span – type pairs}
Another example:
TITLE: {Example 2 title}
ABSTRACT: {Example 2 abstract}
DRUG - DISEASE RELATION: {Example 2

drug} – {Example 2 disease}
APPLICABILITY CONDITIONS:
{List of span – type pairs}
Now, your turn:
TITLE: {Input title}
ABSTRACT: {Input abstract}
DRUG - DISEASE RELATION: {Input drug} –

{Input disease}
APPLICABILITY CONDITIONS:
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