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Abstract

Biomedical document-level relation extraction
poses significant challenges beyond sentence-
level tasks, as it necessitates the integration
of evidence from entire documents and the
ability for coherent cross-sentence reasoning.
While pretrained language models (PLMs)
demonstrate efficiency in handling local con-
texts, they often struggle with global de-
pendency modeling. Conversely, large lan-
guage models (LLMs) exhibit strong reason-
ing capabilities but tend to generate hallucina-
tions in knowledge-intensive biomedical tasks.
This paper introduces CoRE, a novel cascade
framework that leverages the complementary
strengths of PLMs and LLMs through a detect-
then-rethink paradigm. The PLM serves as an
efficient detector for high-confidence relations,
while challenging cases are forwarded to an
LLM enhanced with semantic retrieval and it-
erative reasoning mechanisms. Experimental
results on the BioRED and CDR datasets show
that CoRE achieves substantial improvements
over state-of-the-art baselines, validating the ef-
fectiveness of the proposed cascade paradigm
for complex biomedical relation extraction.

1 Introduction

Biomedical document-level relation extraction
(BioDocRE) is a critical task that identifies seman-
tic relations between entities across entire scientific
documents, forming the foundation for deriving
structured knowledge from large-scale unstructured
literature. This task poses substantially greater chal-
lenges than sentence-level extraction, owing to its
inherent complexity. Specifically, it demands the
integration of long-range semantic dependencies
scattered across documents, robustness to noise
from domain-specific terminology variations, and
the ability to process dense specialized knowledge
beyond the reach of general-purpose language mod-
els. The accurate extraction of such relations is
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Document:

Two distinct mutations at a single BamHI site in phenylketonuria[D010661].

Classical phenylketonuria[D010661] is an autosomal recessive disease[D030342] 

caused by a deficiency of hepatic phenylalanine hydroxylase[OMIM:261600] 

(PAH[5053]). The abolition of an invariant BamHI site located in the coding 

sequence of the PAH[5053] gene (exon 7) led to the recognition of two new 

point mutations at codon 272 and 273 (272gly----stop[rs62514952] and

273ser----phe[rs62514953], respectively). Both mutations were detected in 

north eastern France or Belgium and occurred on the background of RFLP 

haplotype 7 alleles. The present study supports the view that the clinical 

heterogeneity in PKU[D010661] is accounted for by the large variety of 

mutant genotypes associated with PAH deficiencies[OMIM:261600]. 
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Figure 1: An illustrative example of BioDocRE, in which
entities sharing the same ID but varying synonyms are in color.
The colored boxes and lines denote different entity types and
relation types, respectively.

crucial for advancing biomedical research, as it
directly supports knowledge discovery and acceler-
ates progress in areas including drug development,
disease mechanism interpretation, and precision
medicine (Luo et al., 2022).

Pre-trained language models (PLMs) have
emerged as the leading paradigm in BioDocRE, sur-
passing earlier sequence models with self-attention
and domain-specific pre-training. These advance-
ments primarily follow three directions: graph-
based structural dependency modeling (Li et al.,
2025), attention-based entity-pair contextualiza-
tion (Xu et al., 2021), and novel task reformulation
(Wang et al., 2024). Nonetheless, PLMs remain
constrained by heavy reliance on fine-tuning and
limited reasoning capacity, particularly for implicit
relations or low-resource settings. In parallel, large
language models (LLMs) offer a new paradigm
with strong in-context learning (ICL) (Brown et al.,
2020) and reasoning abilities, reducing the need for
task-specific annotations (Xu et al., 2024). How-
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ever, in the precise biomedical domain, LLMs are
prone to hallucination, often generating unsubstan-
tiated relations that inflate recall at the expense of
precision (Huang et al., 2025). Their performance
still lags behind fully-supervised PLMs (Rehana
et al., 2024), and their high computational cost fur-
ther hinders large-scale deployment.

Consider the example in Figure 1, where deter-
mining the relation between the entities D010661
and rs62514952 requires cross-sentence reason-
ing, as the entities are linked indirectly through a
bridge entity 5053. Specifically, the second sen-
tence states that the disease D010661 is caused by
a deficiency of the gene 5053, while the third sen-
tence notes that the variant rs62514952 is located
on the 5053 gene sequence. Moreover, the disease
entity D010661 appears with multiple synonyms,
such as phenylketonuria and PKU, which neces-
sitates both entity disambiguation and evidence
integration.

To simultaneously overcome the reasoning limi-
tations of PLMs on low-confidence instances and
curb the hallucination bias of LLMs, we propose
an innovative cascade method named CoRE. It
synergizes the strengths of domain-specific PLMs
and LLMs, and improves accuracy while optimiz-
ing computational efficiency in BioDocRE through
confidence-based sample routing. Given the doc-
ument and entity pairs, a domain-specific PLM
first generates initial relation predictions and cor-
responding confidence scores. Instances yielding
high-confidence predictions are deemed reliably
resolved and accepted, whereas ambiguous, low-
confidence samples are selectively routed to an
LLM for refined prediction. For the LLM stage,
we employ a semantic retriever to select relevant
training demonstrations and construct a few-shot
prompt, and further introduce a tailored iterative
chain-of-thought (ItCoT) mechanism to encourage
more grounded, multi-step reasoning. Finally, pre-
dictions from both routes are aggregated to form
the final output, allowing the PLM to handle the
majority of high-confidence cases while reserving
the LLM’s advanced reasoning only for intricate or
long-tail cases.

The main contributions of this work are summa-
rized as follows: (1) We propose CoRE, a novel cas-
cade framework for BioDocRE that leverages the
complementary strengths of PLMs and LLMs via
a detect-then-rethink paradigm to achieve efficient
state-of-the-art (SOTA) performance; (2) We de-
sign a robust LLM reasoning mechanism enhanced

with semantic retrieval and iterative reasoning, sig-
nificantly reducing hallucinations for more reliable
extraction; (3) Experiments on BioRED and CDR
show that CoRE substantially outperforms PLM-
only and LLM-only baselines with practical com-
putational costs.

2 Related Work

2.1 Document-level Relation Extraction

Document-level relation extraction (DocRE) aims
to identify semantic relations between entities
across an entire document, presenting unique chal-
lenges beyond sentence-level extraction (Yao et al.,
2019). Recent PLM-based approaches have ad-
vanced along multiple directions. FILR (Li et al.,
2022) performs multi-granularity inference at both
mention-pair and entity-pair levels with bridge
nodes. KG-DGAN (Li et al., 2025) explicitly
incorporates external knowledge by constructing
a knowledge-enhanced graph and employs a dy-
namic generative adversarial network to refine node
representations. Regarding attention optimization,
BERT-GT (Lai and Lu, 2021) employs graph Trans-
formers (Yun et al., 2019) with neighbor attention
to reduce irrelevant noise, and ATLOP (Zhou et al.,
2021) utilizes adaptive thresholding and localized
pooling for discriminative representations. SSAN
(Xu et al., 2021) integrates co-occurrence and co-
reference dependencies via learnable bias terms.
From a paradigm perspective, DocuNet (Zhang
et al., 2021) treats the relation matrix as an image
input and applies U-Net (Ronneberger et al., 2015)
to capture global dependencies, while Bio-RFX
(Wang et al., 2024) decomposes DocRE into pre-
dicting potential relation types followed by entity
pair extraction via a Question-Answering frame-
work. To improve the generalization of RE models,
BioREx (Lai et al., 2023) proposes a data-centric
framework that aggregates and standardizes mul-
tiple heterogeneous, domain-specific datasets into
a unified training corpus. To effectively lever-
age local entity associations within a document,
SRF (Zhang et al., 2024) performs secondary rela-
tion mining after completing its initial prediction
pipeline, aggregating both global and local features
of Noun Fragments to target adjacent entities that
lack initial relational predictions.

Despite these innovations, existing PLM-based
methods heavily rely on statistical co-occurrence
patterns and shallow semantic matching rather than
genuine multi-step reasoning. Consequently, their
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performance degrades in low-resource scenarios or
when processing samples with implicitly expressed
relationships.

2.2 LLM-enhanced Reasoning

LLMs have demonstrated promising performance
on Information Extraction (IE) tasks through ICL
(Dong et al., 2024). To further augment adaptability
and reliability, researchers widely adopt retrieval-
augmented generation (Lewis et al., 2020) to mit-
igate hallucinations by retrieving external knowl-
edge, alongside chain-of-thought prompting (Wei
et al., 2022), which induces intermediate reason-
ing steps. Specific to relation extraction, GPT-RE
(Wan et al., 2023) combines task-aware retrieval
with gold-label-induced reasoning, and CoT-ER
(Ma et al., 2023a) prompts LLMs to generate ev-
idence using task-specific conceptual knowledge
and then explicitly integrates this evidence into a
CoT prompt.

Despite these advances, their performance on
biomedical RE tasks still lags behind fully super-
vised PLMs (Rehana et al., 2024), especially in
BioDocRE, where long-range dependencies, im-
plicit relations, and specialized knowledge pose
compounded challenges. Existing retrieval mecha-
nisms fail to adequately aggregate evidence span-
ning multiple sentences, and standard CoT meth-
ods generate reasoning paths in a single forward
pass without error detection or correction mech-
anisms. Additionally, applying LLMs directly to
all samples is often infeasible due to prohibitive
computational costs and low processing efficiency.
While the cascade strategy (Ma et al., 2023b)
has shown promise in sentence-level IE tasks, it
has not yet been adapted to the complexity of
document-level reasoning. To bridge these gaps,
we propose CoRE, a cascade framework that syn-
ergizes domain-specific PLMs with LLMs through
confidence-based routing. Our approach incorpo-
rates a document-level semantic retriever optimized
for cross-sentence evidence aggregation, and an it-
erative reasoning mechanism utilizing a dynamic
error experience library, enabling reflection and
correction during inference.

3 Method

3.1 Task Definition

The BioDocRE task can be formalized as fol-
lows: given a biomedical document D, contain-
ing a set of entities E = {e1, e2, . . . , eN}, each

entity e corresponds to a set of synonyms Me =
{m1,m2, . . . ,mk}. For a target pair of entities
(es, eo), where es, eo ∈ E , the objective is to in-
fer the corresponding semantic relation r ∈ R,
where R denotes a predefined set of biomedical re-
lation types. The final output forms a set of triples
{(es, r, eo)} derived from the semantic information
within D.

3.2 Preliminary Study
The proposed method is motivated by an empiri-
cal observation regarding the correlation between
model confidence and reliability. We define the
confidence score as the maximum probability as-
signed by the model across all possible relation
types:

C(es, eo) = max
r∈R

P (r | D, es, eo) (1)

As illustrated in Figure 2, the performance of
the PLM DocuNet on the CDR development set
demonstrates a strong correlation between confi-
dence and reliability. Higher-confidence predic-
tions yield significantly greater accuracy and F1-
scores, while lower-confidence ones are notably
less reliable. In contrast, LLMs show stable per-
formance across the same confidence intervals, but
their performance declines in high-confidence re-
gions due to the prevalence of “no-relation” sam-
ples. The LLMs have a bias toward predicting the
existence of a relation, which leads to a higher rate
of false positives and poorer performance on these
specific samples.

3.3 Model Architecture
The overall architecture is illustrated in Figure 3.
To synergize the exceptional performance of PLMs
on high-confidence predictions with the superior
generalization capabilities of LLMs, the proposed
CoRE adopts a two-stage prediction paradigm to
address the BioDocRE task. The system leverages
the PLM for efficient handling of reliable and high-
confidence samples, whereas low-confidence or
intricate instances are routed to the LLM for deeper
analysis. The following subsections describe each
stage in detail.

3.4 Initial Prediction by PLM
The first stage employs a biomedical PLM to effi-
ciently process documents and assign confidence
scores for subsequent routing. For each target en-
tity pair (es, eo) within the document D, the PLM
predicts the relation type ros and the confidence
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Figure 2: Performance comparison across confidence score intervals on the CDR development set. The top panel illustrates the
F1 scores of DocuNet (solid line) and various LLMs (dashed lines) across different confidence score intervals, revealing the
correlation between performance and confidence. The bottom panel displays the distribution of positive and negative samples
within each confidence interval for DocuNet, highlighting the data class imbalance and its impact on model performance.

score cos. To decide which predictions should
be trusted, we introduce a confidence threshold
τ , which is empirically optimized on the develop-
ment set via grid search to maximize the overall
system performance. For high-confidence samples
with a confidence score cos satisfying cos ≥ τ , the
fully supervised PLM’s predictions are generally
reliable, indicating that the model has successfully
captured the relevant relational patterns from the
training data. Thus, these predictions can be ac-
cepted directly. Conversely, instances with scores
below τ are considered challenging for the PLM
and are routed to the second stage for enhanced
reasoning.

3.5 Mention-Aggregation-based Semantic
Retrieval

To mitigate the inherent over-prediction bias of
LLMs, we introduce a novel context-aware seman-
tic retriever that augments the LLM with contextu-
ally relevant demonstrations from the training set.
In BioDocRE, a significant challenge arises from
the dispersed nature of entity mentions, where a
single entity often appears multiple times in dif-
ferent sentences, each providing partial evidence.
Relying on isolated mention contexts fails to cap-
ture the global relational semantics. To address this,
we propose a Mention-Aggregation-based strategy
that encodes all occurrences of the two target en-

tities and aggregates them into a unified relation
vector, thereby naturally integrating cross-sentence
evidence for retrieval.

Given a document D and a target entity pair
(es, eo), we first construct a document-level seman-
tic representation for each entity. We segment D
into sentences, and let Me = {m1,m2, . . . ,mk}
denote the set of mentions for entity e within these
sentences. For each mention mi, we extract its
local context as si. Subsequently, we employ a
pre-trained Sentence-Transformer (Reimers and
Gurevych, 2019) model all-mpnet-base-v21 to en-
code the local context sentence of each mention.
This generates a context-aware mention vector:

hi = Encoder(si), ∀mi ∈ Me (2)

where hi ∈ Rd encapsulates the local semantic
features of the i-th mention. While a target entity
may appear multiple times within a document, de-
cisive relational evidence is often sparse. Standard
average pooling dilutes these specific signals. To
address this, we adopt a LogSumExp (LSE) pool-
ing strategy to synthesize the mention vectors into a
unified entity representation ve ∈ Rd. LSE serves
as a smooth approximation of the max operator,
enabling the model to selectively emphasize the
most salient contextual features while maintaining

1https://huggingface.co/sentence-transformers/
all-mpnet-base-v2
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Figure 3: The overall architecture of CoRE.

numerical stability:

ve = LSE({h1, . . . ,hk}) = log

(
k∑

i=1

exp(hi)

)
(3)

For document D and target entities es and eo, we
concatenate the aggregated vectors vs and vo, then
apply L2 normalization to form the final relation
representation, which removes magnitude differ-
ences and ensures a consistent basis for similarity
measurement:

vos =
[vs ⊕ vo]∥∥[vs ⊕ vo]

∥∥
2

(4)

During the inference phase, vos is used to query the
pre-computed index of the training set. We retrieve
the Top-K instances based on cosine similarity,
which serve as grounded demonstrations to guide
the LLM’s subsequent reasoning.

3.6 Iterative Chain-of-Thought Reasoning
Although the semantic retriever identifies contex-
tually relevant demonstrations from the training
set, standard ICL and naive CoT prompting tend
to treat these demonstrations merely as formatting
templates rather than logical guides. This super-
ficial utilization not only fails to exploit the full
instructional value of the demonstrations but also
renders the reasoning process fragile in complex
contexts, where a single logical deviation can easily
lead to error propagation.

To explicitly guide the LLM in leveraging the
demonstrations while robustly mitigating halluci-
nation in BioDocRE, we propose an iterative ItCoT

mechanism. This approach introduces an iterative
refinement loop that empowers the LLM to engage
in self-reflection and actively rectify its initial con-
clusions. The core idea is to construct a reasoning
system capable of dynamically learning from er-
ror experiences, consisting of two collaborating
components: a Dynamic Error Experience Library
(DEEL) and an Experience-Driven Iterative Self-
Reflection (EDISon) process.

3.6.1 Dynamic Error Experience Library
A distinctive feature of the ItCoT mechanism is
its capacity for self-improvement. Concretely, be-
fore predicting on query instances, we first prompt
the LLM to perform a probing inference on the
retrieved exemplars and compare its predictions
with the gold labels. Upon detecting a deviation
from the gold label, we provide the LLM with
the document context, its erroneous reasoning pro-
cess, and the gold label. Then it is tasked with
re-reasoning and summarizing the failure by identi-
fying the “Error Type” and formulating a concise
“Explanation & Avoidance Strategy”. These dis-
tilled insights are then structured into a knowledge
entry and added to the global Error Experience
Library, transforming individual errors into gener-
alizable principles that can guide future reasoning,
endowing the system with a capacity for continu-
ous learning in BioDocRE.

To prevent library redundancy, control unwieldy
growth, and mitigate noise, we introduce an LLM-
based experience compression mechanism. It is
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triggered when the number of entries exceeds a
predefined threshold, invoking the LLM to cluster,
deduplicate, and summarize existing experiences.
This process yields a compact set of error experi-
ences with improved coverage and reduced noise.

3.6.2 Experience-driven Iterative
Self-reflection

Building upon the constructed Error Experience
Library, we further instantiate these experiences
as inference constraints via an experience-driven
iterative self-reflection procedure. Unlike standard
CoT prompting, which is strictly feed-forward, our
approach induces an iterative “Generate-Reflect-
Revise” loop within a single model instance.

Specifically, after obtaining the initial reasoning
and prediction, the LLM is prompted to review its
reasoning trace against the entries in the error li-
brary, checking for logical errors that match known
error patterns. This process compels the LLM to
perform a secondary validation of its own thought
process and make one of two decisions based on
its self-reflection:

• Confirm: If the model determines that its reason-
ing is sound and free of any known error patterns,
it outputs a “Confirm” signal. The reasoning pro-
cess then terminates, and the current prediction
is adopted as the final result.

• Revise: If the model diagnoses a flaw matching
an entry in the library, it is prompted to generate
a new, corrected reasoning trace and provide an
updated prediction.

This “Generate-Reflect-Revise” loop can be iter-
ated multiple times until the model outputs a “Con-
firm” signal or a maximum number of iterations
is reached. This iterative refinement improves the
reliability of the LLM’s prediction by ensuring that
only thoroughly validated reasoning is ultimately
adopted.

4 Experiments

4.1 Datasets

We evaluate CoRE on two publicly available and
widely recognized BioDocRE benchmarks: CDR
(Li et al., 2016) and BioRED (Luo et al., 2022).
The detailed statistics of these datasets are summa-
rized in Table 1. CDR consists of 1,500 PubMed
abstracts and serves as a benchmark for identifying
relations between chemicals and diseases. BioRED
is a more recent dataset comprising 600 PubMed

documents. Unlike prior datasets restricted to a
single entity pair or relation type, BioRED features
a comprehensive schema with six entity categories
and multiple relation types.

Table 1: Statistics of the CDR and BioRED datasets. We
report the numbers of documents and relation instances in the
training, development, and test sets, together with the numbers
of entity types and relation types.

Dataset Types Documents Relation Instances

Ent. Rel. Train Dev Test Train Dev Test

CDR 2 2 500 500 500 1,038 1,012 1,066
BioRED 6 8 400 100 100 4,178 1,162 1,163

4.2 Experimental Settings
We benchmark CoRE against a diverse set of state-
of-the-art methods listed in Table 2 and Table 3,
and adopt DocuNet and e2eBioMedRE (Sarol et al.,
2024) as base PLMs. Their predictions and cor-
responding confidence scores serve as the basis
for the subsequent routing process. For LLMs,
we employ Llama3.1-8B (Dubey et al., 2024) and
Qwen2.5-7B (Yang et al., 2024), along with larger-
scale models including Deepseek-v3.2 (Liu et al.,
2024), GPT-4o (Achiam et al., 2023), GPT-4.1
(OpenAI, 2025a), and GPT-5 (OpenAI, 2025b). All
LLMs are deployed using default parameters to en-
sure reproducibility. The optimal routing threshold
τ is determined via grid search on the development
set to maximize the hybrid F1-score and is fixed for
the test set. We utilize all-mpnet-base-v2 to encode
relation instances into vector representations.

4.3 Main Results
Table 2 and Table 3 present the comparative per-
formance of baseline PLMs, standalone zero-shot
LLMs, and our CoRE method.

Performance of Zero-shot LLMs. All LLMs
exhibit high recall but significantly lower preci-
sion compared to supervised PLMs. This con-
firms the observation in Section 3.2: LLMs have
a strong bias towards predicting the existence of
a relation, leading to massive false positives, es-
pecially on prevalent “no_relation” samples. Con-
sequently, their F1-scores lag far behind domain-
specific SOTA PLMs.

Effectiveness of CoRE. Compared to the origi-
nal predictions, CoRE consistently boosts the per-
formance of each LLM. Specifically, on the CDR
dataset, CoRE achieves an F1 score of 88.20%,
surpassing DocuNet by 1.88%. On the BioRED
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dataset, our method reaches 66.35% F1 score, ex-
ceeding e2eBioMedRE by 1.91%. Crucially, these
improvements are observed across the full spec-
trum of LLMs, from the 7B-parameter open-source
model to the most advanced proprietary model
GPT-5. This underscores that the coordination
paradigm is a powerful and model-agnostic strat-
egy, rather than an artifact dependent only on a
specific LLM’s capability. Notably, even smaller
LLMs like Llama3.1-8B, when integrated into
CoRE, can outperform the original results of much
larger standalone models, highlighting the frame-
work’s effectiveness.

Table 2: Performance comparison on the CDR subsets. “*”
denotes results produced using officially released code. “∆”
denotes the improvement over the second-best method. CoRE
is implemented with DocuNet as the PLM backbone.

Method CDR

Dev Test
Precision Recall F1 Precision Recall F1 ∆

Base Group
BioGPT – – – – – 46.17 –
Bio-RFX – – – – – 74.49 –
SSAN (SciBert) – – 68.40 – – 68.70 –
KG-DGAN – – – 78.00 74.00 76.00 –
FILR – – – – – 85.70 –
ATLOP (SciBert)* – – – – – 68.99 –
BioREx* – – – 73.45 68.68 71.03 –
BERT-GT – – – 64.49 71.79 65.99 –
PubMedBERT – – – 57.84 53.57 55.63 –
DocuNet (SciBert)* 86.38 85.87 86.12 89.03 83.77 86.32 –
e2eBioMedRE* 68.11 75.13 71.45 69.97 71.79 70.87 –

Zero-shot LLMs
Llama3.1-8B 26.16 91.01 40.64 27.34 89.21 41.84 –
Qwen2.5-7B 31.05 89.43 46.09 28.98 92.21 44.10 –
Deepseek-v3.2 37.66 93.67 53.72 39.81 92.02 55.58 –
GPT-4o 45.07 80.53 57.80 48.01 78.14 59.47 –
GPT-4.1 31.64 95.95 47.59 39.75 93.34 55.76 –
GPT-5 56.32 62.55 59.27 62.11 61.82 61.97 –

CoRE Group (Ours)
Llama3.1-8B + CoRE 88.40 87.35 87.87 88.89 85.55 87.19 +0.87
Qwen2.5-7B + CoRE 88.42 87.55 87.98 90.09 85.27 87.61 +1.29
Deepseek-v3.2 + CoRE 88.09 89.92 89.00 88.75 87.34 88.04 +1.72
GPT-4o + CoRE 90.36 84.29 87.22 89.64 86.02 87.79 +1.47
GPT-4.1 + CoRE 88.87 87.55 88.20 89.39 86.12 87.72 +1.40
GPT-5 + CoRE 88.54 89.33 88.93 89.09 87.34 88.20 +1.88

4.4 Stage-wise Performance Analysis

To understand how each stage contributes to the
observed improvements, we conduct a granular
analysis of the confidence routing mechanism. Un-
der the confidence-based routing mechanism, the
PLM handles the majority of straightforward cases
efficiently. On CDR, 4,425 out of 5,286 instances
(83.71%) are resolved by the PLM with high con-
fidence, while 861 instances (16.29%) are routed
to the LLM. On BioRED, the corresponding ratio
is 87.37% (high confidence) versus 12.63% (low
confidence). Table 4 demonstrates the performance
across these groups. By routing this specific subset
to the LLM, CoRE achieves substantial improve-
ments over the baseline PLMs, yielding F1 score in-
creases of 15.95% on CDR and 8.07% on BioRED

Table 3: Performance comparison on the BioRED subsets. “*”
denotes results produced using officially released code. “∆”
denotes the improvement over the second-best method. CoRE
is implemented with e2eBioMedRE as the PLM backbone.

Method BioRED

Dev Test
Precision Recall F1 Precision Recall F1 ∆

Base Group
BERT-GT – – – – – 56.50 –
PubMedBERT – – – – – 58.90 –
BioREx* – – – 65.99 60.66 63.21 –
DocuNet (SciBert)* 59.19 43.84 50.37 64.29 48.93 55.57 –
e2eBioMedRE* 64.59 59.02 61.68 67.81 61.39 64.44 –

Zero-shot LLMs
Llama3.1-8B 11.40 46.42 18.30 12.13 53.57 19.77 –
Qwen2.5-7B 17.52 53.75 26.43 17.25 59.76 26.77 –
Deepseek-v3.2 18.17 48.40 26.42 21.44 49.96 30.00 –
GPT-4o 19.29 52.11 28.16 20.98 52.88 30.04 –
GPT-4.1 19.22 56.51 28.68 21.03 58.21 30.90 –
GPT-5 27.14 63.68 38.06 28.19 62.42 38.84 –

CoRE Group (Ours)
Llama3.1-8B + CoRE 65.75 60.14 62.82 68.68 61.65 64.98 +0.54
Qwen2.5-7B + CoRE 67.94 59.62 63.51 70.82 61.56 65.87 +1.43
Deepseek-v3.2 + CoRE 64.98 65.49 65.23 67.65 65.09 66.35 +1.91
GPT-4o + CoRE 64.89 66.01 65.44 67.98 63.71 65.78 +1.34
GPT-4.1 + CoRE 64.42 65.92 65.16 66.03 65.35 65.69 +1.25
GPT-5 + CoRE 67.10 67.04 67.07 67.81 64.66 66.20 +1.76

Table 4: Performance based on confidence routing. High-
confidence instances are directly resolved by the PLM in the
CoRE framework.

Dataset (Ratio) Model Precision Recall F1

High-Confidence Subset

CDR (83.71%) DocuNet 96.29 94.42 95.34
GPT-5 60.91 64.55 62.67

BioRED (87.37%) e2eBioMedRE 77.43 67.53 72.14
Deepseek-v3.2 19.37 62.46 29.57

Low-Confidence Subset

CDR (16.29%)
DocuNet 56.94 56.08 56.51
GPT-5 66.12 54.73 59.89
CoRE (Ours) 63.45 84.46 72.46

BioRED (12.63%)
e2eBioMedRE 47.97 47.14 47.55
Deepseek-v3.2 46.17 58.57 51.64
CoRE (Ours) 51.19 60.90 55.62

for these intricate cases. These results demonstrate
that the overall improvement of CoRE is concen-
trated precisely on the instances where existing
models fail.

4.5 Ablation Study

To analyze the contribution of each component in
our method, we visualize the granular performance
across seven entity pairs as detailed in Figure 4(c).
The results indicate that naïve CoT with a standard
“think step-by-step” instruction does not always im-
prove LLM performance on the BioDocRE task.
For instance, on ⟨Gene-Chemical⟩ pairs, F1 drops
from 40.78% to 31.52%. Lacking task-specific
guidance, an extended reasoning context can occa-
sionally introduce noise, leading to performance
degradation. LoRA fine-tuning markedly improves
LLM outputs (e.g., Llama3.1-8B F1 rises from
41.84% to 68.47% on CDR), but incurs high com-
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(b) e2eBioMedRE vs CoRE-enhanced LLMs
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(c) Deepseek-v3.2 Ablation Study

+ CoRE
+ PLM
+ Naïve CoT & PLM

Zero-shot
+ Naïve CoT

Figure 4: Radar plots comparing F1 scores across seven entity pairs on the BioRED test set. Radial axes correspond to:
Gene–Disease (G-D), Gene–Gene (G-G), Gene–Chemical (G-C), Disease–Variant (D-V), Chemical–Disease (C-D), Chemi-
cal–Variant (C-V), and Chemical–Chemical (C-C), with sample sizes (n) indicated in parentheses. (a) e2eBioMedRE versus six
zero-shot LLMs. (b) e2eBioMedRE versus CoRE-enhanced LLMs. (c) Ablation study of CoRE components on Deepseek-v3.2.
Shaded regions indicate coverage area for each method; the radial scale ranges from 10% to 80%.

putational cost and remains inferior to domain-
specific PLMs. This validates our premise that
direct adaptation of LLMs is not the most efficient
path for this task.

In contrast, leveraging PLMs in combination
with LLMs, with or without CoT, yields substantial
gains, surpassing both individual PLM and LLM
baselines. Since neither model undergoes further
fine-tuning, this underscores the effectiveness of
the routing-based coordination method. Compared
to the full CoRE method, variants lacking semantic
mention aggregation and iterative reasoning show
an average drop of 6.66% F1 score, confirming the
necessity of these tailored components.

4.6 Analysis on Long-tail Relations

To further probe the model’s capability on long-
tail distributions, we additionally report the perfor-
mance of models across seven major entity type
pairs of BioRED in Figure 4 (detailed in Table 7),
enabling a more granular evaluation under complex
scenarios involving multiple entity and relation
types. As shown in Figure 4(a), the state-of-the-
art PLM e2eBioMedRE demonstrates a significant
performance imbalance. While e2eBioMedRE per-
forms well on common pairs like ⟨Gene, Disease⟩,
its performance drops precipitously on rare ones
such as ⟨Chemical, Variant⟩ (17.39% F1) due to the
lack of sufficient training data. In contrast, CoRE
(with Deepseek-v3.2) shows substantial improve-
ments in these rare categories (e.g., +35.57% F1
on ⟨Chemical, Variant⟩), often doubling the perfor-
mance, as shown in Figure 4(b). This demonstrates

that the LLM stage, augmented with semantic re-
trieval and iterative reasoning, is particularly effec-
tive for cases requiring nuanced inference, while
the PLM suffers from data scarcity.

4.7 Comparison with Sentence-level RAG

We focus our evaluation on a low-confidence sub-
set, comprising the most challenging instances typ-
ically routed to the LLM stage. We benchmark
CoRE against (1) LLMs without CoT (Base); (2)
LLMs with naïve CoT; and (3) GPT-RE (2-shot), a
representative method employing sentence-level
retrieval. Figure 5 shows that GPT-RE gener-
ally improves over the Base setting, +2.06% and
+1.21% F1 on average for CDR and BioRED,
respectively, suggesting that RAG+CoT can be
beneficial for BioDocRE. CoRE further yields
consistent gains over GPT-RE across all settings,
+5.39% and +5.30% average F1 on CDR and
BioRED. We attribute this improvement to two fac-
tors: first, CoRE retrieves demonstrations that cap-
ture document-wide relational semantics, whereas
GPT-RE’s sentence-level retrieval may miss critical
cross-sentence evidence; second, the iterative self-
reflection process encourages the LLM to actively
validate its inference and learn from transferable
reasoning patterns.

To verify that CoRE is not a trivial concatenation
of cascade and retrieval paradigms, we expand the
evaluation to the overall system level in Table 5.
While integrating GPT-RE into a cascade improves
upon standalone inference, it remains inferior to
CoRE, particularly on the complex BioRED dataset.
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Figure 5: Performance comparison (F1 score) on the low-
confidence subsets of CDR (top) and BioRED (bottom). The
grouped bars display the performance of four distinct meth-
ods: Base, Naïve CoT, GPT-RE (sentence-level retrieval with
guided reasoning), and the proposed CoRE method with
document-level retrieval and iterative reasoning.

This confirms that the tailored architectural design
in CoRE is essential for BioDocRE.

Table 5: Overall performance comparison demonstrating the
necessity of task-specific designs within the cascade frame-
work.

Dataset Methods Precision Recall F1

CDR
GPT-RE 60.66 73.99 66.67
Cascade + GPT-RE 87.40 84.70 86.03
CoRE (Ours) 89.09 87.34 88.20

BioRED
GPT-RE 39.80 52.86 45.34
Cascade + GPT-RE 62.47 63.11 62.79
CoRE (Ours) 67.65 65.09 66.35

4.8 Quantitative Analysis of Hallucination
Mitigation

To quantify the mitigation of hallucinations, we
analyze the False Positive Rate (FPR) and False
Discovery Rate (FDR) alongside standard metrics
on the challenging low-confidence subset of the
CDR dataset. To ensure the findings are robust,
evaluations are conducted using two distinct model
families, Deepseek-v3.2 and GPT-4o. The empiri-
cal results in Table 6 reveal that applying standard
chain-of-thought prompting increases the false pos-
itive rate compared to the zero-shot baseline. This
indicates that unguided language models frequently
generate plausible but flawed rationales to justify
non-existent relations. By grounding the inference
process with the structured error experience library
and iterative reflection, CoRE substantially reduces
false positive rates. For Deepseek, FPR drops
from 41.42% to 26.19% and FDR from 48.45%

to 37.28%. For GPT-4o, FPR drops from 25.84%
to 22.83% and FDR from 42.07% to 36.96%. On
no-relation instances, where hallucination is most
directly manifested, CoRE improves F1 scores pri-
marily through enhanced recall, confirming that the
task-specific mechanisms in CoRE are essential for
suppressing false positive predictions.

Table 6: Quantitative hallucination analysis on the CDR low-
confidence test subset. Lower False Positive Rate (FPR) and
False Discovery Rate (FDR) indicate reduced hallucination.

Methods Split Precision Recall F1 FPR ↓ FDR ↓
Deepseek-v3.2

Base
Total 51.55 84.12 63.93

41.42% 48.45%
No-rel. 87.57 58.58 70.20

Naïve CoT
Total 50.49 86.82 63.85

44.60% 49.51%
No-rel. 88.92 55.40 68.27

CoRE (Ours) Total 62.72 84.12 71.86 26.19% 37.28%
No-rel. 89.87 73.81 81.05

GPT-4o

Base
Total 57.93 67.91 62.52

25.84% 42.07%
No-rel. 81.52 74.16 77.66

Naïve CoT
Total 53.32 67.91 59.73

31.15% 46.68%
No-rel. 80.37 68.85 74.17

CoRE (Ours) Total 63.04 74.32 68.22 22.83% 36.96%
No-rel. 85.16 77.17 80.97

4.9 Cost and Efficiency Analysis

Applying LLMs to entire document collections in-
curs high computational costs. The confidence-
based routing mechanism addresses this limitation
by selectively invoking the LLM only for challeng-
ing instances. Compared to full-dataset inference
on the CDR test set, the selective routing approach
yields a 45.55% reduction in total API cost and
a 46.89% decrease in latency. Specifically, the
cost drops from $54.7 to $29.8, and the latency de-
creases from 1,220 minutes to 648 minutes, under-
scoring its substantial efficiency gains for deploy-
ment. The complete statistics are in Appendix E.

5 Conclusion

This paper introduces CoRE, a cascade framework
that synergizes PLMs with LLMs via confidence-
aware routing. By integrating mention-aggregation
semantic retrieval and iterative reasoning, CoRE
effectively addresses PLM limitations on hard and
long-tail cases while mitigating LLM hallucina-
tions. Experiments on CDR and BioRED con-
firm that CoRE substantially outperforms SOTA
baselines, validating the efficacy of the detect-then-
rethink paradigm.
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Limitations

Despite the empirical success of CoRE, several
limitations remain. First, the effectiveness of our
retrieval-augmented prompting relies on the avail-
ability of relevant examples in the training set. Sec-
ond, the confidence-based routing strategy requires
the calibration of an initial threshold. While em-
pirical analysis indicates that the optimal threshold
region is relatively wide and stable across data dis-
tributions, the framework still depends on manual
selection via a validation set. Future work will
explore adaptive thresholding mechanisms to alle-
viate this dependency. Third, while CoRE reduces
computational overhead compared to LLM-only
approaches, the cascade architecture introduces ad-
ditional latency for low-confidence samples, poten-
tially limiting its applicability in real-time settings.
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A Detailed Performance Results

Table 7: Overall performance on CDR and BioRED datasets. Methods marked with an asterisk (*) indicate our reproduction
of the original models. Yellow background indicates the best baseline performance (SOTA). Green background indicates
the best performance achieved by our CoRE method. The ∆ columns show the improvement over the respective best baselines
(DocuNet F1 score=86.32 for CDR, e2eBioMedRE F1 score=64.44 for BioRED). Teal indicates positive improvement; Red
indicates negative difference. Abbreviations: G=Gene, D=Disease, C=Chemical, V=Variant.

Method Variant
CDR Test Set BioRED Test Set BioRED Test Set (Detailed F1)

Precision Recall F1 ∆ Precision Recall F1 ∆ G-D G-G G-C D-V C-D C-V C-C

Base Group
BioGPT – – – 46.17 – – – – – – – – – – – –
Bio-RFX – – – 74.49 – – – – – – – – – – – –
SSAN – – 68.70 – – – – – – – – – – – –
KG-DGAN – 78.00 74.00 76.00 – – – – – – – – – – – –
FILR – – – 85.70 – – – – – – – – – – – –
ATLOP * – – 68.99 – – – – – – – – – – – –
DocuNet * 89.03 83.77 86.32 – 64.29 48.93 55.57 – – – – – – – –
e2eBioMedRE * 69.97 71.79 70.87 – 67.81 61.39 64.44 – 68.46 70.19 65.47 49.84 71.70 17.39 56.70

BERT-GT – 64.49 71.79 65.99 – – – 56.50 – 54.80 63.50 60.20 42.50 67.00 11.80 52.90

PubMedBERT – 57.84 53.57 55.63 – – – 58.90 – 56.60 66.40 59.90 50.80 65.80 25.80 54.40

Zero-shot LLMs
Llama3.1-8B Zero-shot 27.34 89.21 41.84 – 12.13 53.57 19.77 – 22.39 24.01 28.40 15.75 21.97 30.39 13.75

Qwen2.5-7B Zero-shot 28.98 92.21 44.10 – 17.25 59.76 26.77 – 38.91 34.36 40.08 12.00 26.48 34.31 23.21

Deepseek-v3.2 Zero-shot 39.81 92.02 55.58 – 21.44 49.96 30.00 – 36.30 43.41 40.78 36.67 17.19 28.03 35.70

GPT-4o Zero-shot 48.01 78.14 59.47 – 20.98 52.88 30.04 – 32.22 40.06 38.18 25.00 18.60 36.65 32.84

GPT-4.1 Zero-shot 39.75 93.34 55.76 – 21.03 58.21 30.90 – 32.53 43.07 35.43 31.33 20.96 38.34 32.19

GPT-5 Zero-shot 62.11 61.82 61.97 – 28.19 62.42 38.84 – 41.61 48.21 50.83 28.13 27.60 38.06 50.85

CoRE Group (Ours)
Llama3.1-8B + CoRE 88.89 85.55 87.19 +0.87 68.68 61.65 64.98 +0.54 57.87 72.78 67.63 28.57 68.57 50.49 68.83

Qwen2.5-7B + CoRE 90.09 85.27 87.61 +1.29 70.82 61.56 65.87 +1.43 58.33 73.91 67.41 36.36 66.67 53.16 72.61

Deepseek-v3.2 + CoRE 88.75 87.34 88.04 +1.72 67.65 65.09 66.35 +1.91 57.97 74.09 68.10 40.00 68.87 52.96 72.15

GPT-4o + CoRE 89.64 86.02 87.79 +1.47 67.98 63.71 65.78 +1.34 58.25 73.63 69.53 24.00 67.25 49.52 73.87

GPT-4.1 + CoRE 89.39 86.12 87.72 +1.40 66.03 65.35 65.69 +1.25 55.24 74.62 68.77 41.67 68.49 52.60 69.89

GPT-5 + CoRE 89.09 87.34 88.20 +1.88 67.81 64.66 66.20 +1.76 58.33 72.63 69.53 40.00 68.63 58.93 69.36

Ablation Study
Llama3.1-8B + Naïve CoT 27.28 94.37 42.32 – 16.79 60.88 26.32 – 30.77 33.49 35.40 20.56 25.21 34.23 21.40

+ LoRA 56.58 86.68 68.47 – – – – – – – – – – – –
+ SLM 86.64 86.96 86.80 +0.48 66.29 60.71 63.38 −1.06 56.28 70.59 64.98 26.09 68.34 49.84 66.26

+ Naïve CoT&SLM 86.84 86.68 86.76 +0.44 66.12 62.25 64.13 −0.31 56.28 72.49 65.73 34.78 66.19 49.52 70.29

Qwen2.5-7B + Naïve CoT 28.99 81.89 42.83 – 16.15 55.03 24.97 – 37.99 28.66 40.16 16.39 21.77 33.49 20.29

+ LoRA 62.32 79.27 69.78 – – – – – – – – – – – –
+ SLM 87.41 86.59 86.99 +0.67 64.29 62.85 63.57 −0.87 58.29 71.98 68.55 25.00 65.64 45.88 69.94

+ Naïve CoT&SLM 87.81 85.18 86.48 +0.16 62.92 62.17 62.54 −1.90 56.16 68.04 68.53 25.00 64.96 51.05 66.25

Deepseek-v3.2 + Naïve CoT 38.57 91.74 54.31 – 19.52 57.70 29.16 – 35.82 38.41 31.52 21.98 19.86 36.89 30.51

+ SLM 87.34 87.34 87.34 +1.02 66.12 62.42 64.22 −0.22 56.16 72.11 66.43 41.67 65.04 46.30 73.89

+ Naïve CoT&SLM 87.08 87.24 87.16 +0.84 62.93 63.63 63.27 −1.17 57.55 70.53 61.22 24.00 65.19 49.07 72.13

GPT-4o + Naïve CoT 44.44 76.54 56.23 – 24.11 55.55 33.63 – 38.89 38.85 43.52 32.84 22.90 38.20 39.94

+ SLM 89.36 85.08 87.17 +0.85 63.73 61.65 62.67 −1.77 52.43 70.47 66.43 16.67 62.85 52.44 69.66

+ Naïve CoT&SLM 88.17 85.27 86.70 +0.38 65.94 62.77 64.32 −0.12 55.17 71.54 66.20 25.00 64.22 51.71 73.98

GPT-4.1 + Naïve CoT 38.08 90.24 53.55 – 24.49 55.80 34.04 – 37.80 45.57 39.19 29.85 23.93 38.62 37.71

+ SLM 88.16 86.59 87.36 +1.04 64.09 63.37 63.73 −0.71 54.55 71.25 66.67 40.00 65.64 51.71 68.75

+ Naïve CoT&SLM 88.96 86.21 87.57 +1.25 65.38 62.68 64.00 −0.44 56.31 73.85 65.96 32.00 66.20 49.52 68.66

GPT-5 + Naïve CoT 55.71 81.43 66.16 – 28.35 59.85 38.47 – 41.08 51.22 48.18 34.38 26.44 40.38 46.76

+ SLM 90.39 84.71 87.46 +1.14 64.63 64.57 64.60 +0.16 59.62 73.50 69.18 50.00 65.75 49.08 68.62

+ Naïve CoT&SLM 89.09 85.83 87.43 +1.11 65.91 64.66 65.28 +0.84 57.00 75.00 71.08 32.00 65.40 50.62 71.04
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B Additional Ablation Studies

To investigate the effectiveness of the task-specific
designs in the proposed framework, individual mod-
ules are evaluated on the low-confidence subsets of
the test data.

Retrieval Strategy Analysis. Table 8 com-
pares the proposed semantic retrieval against key-
word matching and sentence-level embeddings.
Keyword matching frequently retrieves negative
instances due to vocabulary overlap, whereas
sentence-level embeddings struggle to capture
long-range relational evidence. The mention-
aggregation strategy effectively addresses both is-
sues by contextualizing global mention informa-
tion.

Table 8: F1 scores on the low-confidence subset utilizing
different retrieval strategies.

Dataset Model BM25 PURE MASR (Ours)

CDR
Deepseek 66.87 68.22 71.86
GPT-5 66.42 69.47 72.46

BioRED
Deepseek 50.72 53.60 55.62
GPT-5 56.24 53.65 56.39

Pooling Strategy in Semantic Retrieval. Ta-
ble 9 shows that the LogSumExp pooling function
yields superior performance compared to max and
average pooling. Max pooling tends to discard di-
verse context information, while average pooling
dilutes critical relational signals.

Table 9: Impact of different mention aggregation pooling
methods on extraction performance.

Dataset Model Max Average LSE (Ours)

CDR
Deepseek 71.03 68.98 71.86
GPT-5 70.44 69.33 72.46

BioRED
Deepseek 53.82 52.71 55.62
GPT-5 54.13 53.58 56.39

Structured Error versus Raw Exemplars. Dur-
ing the iterative reflection stage, providing the lan-
guage model with raw erroneous exemplars intro-
duces redundant context noise. By extracting con-
cise and structured avoidance strategies, the pro-
posed mechanism achieves improved accuracy over
the raw exemplar baseline, as detailed in Table 10.

C Threshold Stability and Generalization

To evaluate the stability of the confidence routing
threshold τ , Table 11 details the F1 score variations

Table 10: Performance comparison of different error experi-
ence formats.

Dataset Model Raw Erroneous Exemplars DEEL (Ours)

CDR
Deepseek 64.78 71.86
GPT-5 67.61 72.46

BioRED
Deepseek 49.24 55.62
GPT-5 48.70 56.39

on the CDR development set. The results indicate
a stable performance range. Within the interval of
0.21 to 0.31, the maximum performance fluctuation
remains below 0.2 F1 score. This stability suggests
that the optimal threshold derived from the devel-
opment set can generalize reliably to unseen test
distributions without severe overfitting.

Table 11: F1 scores across different routing thresholds on the
CDR development set.

τ 0.21 0.22 0.23 0.24 0.25 0.26 0.27 0.28 0.29 0.30 0.31

F1 88.75 88.78 88.85 88.92 88.91 88.93 88.90 88.87 88.84 88.90 88.79

D Baseline Evaluation Details

The evaluation of BioREx (Lai et al., 2023) was
conducted utilizing the official code repository and
provided weights. The original evaluation protocol
of BioREx employs a simplified multi-class setting
for the BioRED dataset, where variant and gene
entities are merged into a single concept. To ensure
a rigorous comparison, we aligned the evaluation
of the proposed framework with this specific entity-
merging protocol. As illustrated in Table 12, CoRE
maintains higher performance across the majority
of specific relation pairs under identical evaluation
constraints.

Table 12: Detailed performance breakdown on BioRED
aligned with the BioREx evaluation setting.

Model Overall C-C C-D C-G D-G G-G

e2eBioMedRE 64.44 56.70 71.70 61.79 61.88 68.17
BioREx 63.21 53.48 68.68 65.26 69.78 52.85
CoRE (Ours) 66.35 57.97 74.09 65.79 63.17 69.94
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E Efficiency Analysis

Table 13 reports token usage, monetary cost, and latency on the CDR test set (GPT-5, 2-shot). CoRE
routes only 16.29% of instances to the LLM, reducing total cost and latency by 45.55% and 46.89%,
respectively, relative to Standard CoT, while achieving higher F1 scores.

Table 13: Efficiency comparison on the CDR test set (GPT-5, 2-shot). Metrics may fluctuate slightly due to network conditions
and API retry mechanisms. Abbreviations: #Total (count of total instances), #LLM (count of instances processed by LLM),
InTok (input tokens), OutTok (output tokens), Avg (average per instance), and Lat (latency).

Method #Total #LLM InTok OutTok Avg. InTok Avg. OutTok Cost ($) Avg. Cost ($) Lat (min) Avg. Lat (min)

PLM (DocuNet) 5,286 – – – – – – – 1 0.0002
Standard CoT (2-shot) 5,286 5,286 23,675,935 2,507,412 4,479 474.3 54.7 0.0103 1,220 0.2308
CoRE (2-shot) 5,286 861 13,168,836 1,331,667 2,491 251.9 29.8 0.0056 648 0.1226

F LLM Prompts for Relation Extraction

The following prompts illustrate the primary inference (few-shot) and iterative reasoning.

F.1 Primary Inference Prompt
This prompt concatenates the generated demonstrations with the target task.

Listing 1: Few-Shot Prompt for Main Inference

1 [SYSTEM]
2 ### Task: Given the following biomedical text and two entities , determine the

relationship between them.
3

4 [USER]
5 Entity 1: E359 K
6 Entity 2: ventricular septal defect|VSD
7 Text: <... Demonstration Text 1 (GATA4)...>
8 ... <Relationship definitions and Options omitted for brevity > ...
9 Output format: MUST begin with 'Let 's think step by step:', end with 'Final answer

:'.
10

11 [ASSISTANT]
12 Let 's think step by step: The text discusses ... <...Model Reasoning ...> ...

Therefore , the best fit among the provided options is 'Association '.
13 Final answer: Association
14

15 [USER]
16 Entity 1: S429 T
17 Entity 2: ventricular septal defect|VSD
18 Text: <... Demonstration Text 1 (GATA4)...>
19 ... <Relationship definitions and Options omitted for brevity > ...
20 Output format: MUST begin with 'Let 's think step by step:', end with 'Final answer

:'.
21

22 [ASSISTANT]
23 Let 's think step by step:
24 1. The text describes a genetic study ... <...Model Reasoning ...>
25 Final answer: Association
26

27 [USER]
28 Entity 1: tachycardia
29 Entity 2: V1763M
30 Text: A novel SCN5A mutation manifests as a malignant form of long QT syndrome ...

<... Target Text...> ...
31 ### Relationship definitions:
32 Positive_Correlation: The variant causally increases disease risk ...
33 Negative_Correlation: The variant is protective ...
34 Association: A general or unclear connection ...
35 no_relation: The sentence mentions both ...
36

37 ### Output format
38 Answer MUST begin with 'Let 's think step by step: ', end with 'Final choice: '.
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F.2 Iterative Reasoning Prompt
This prompt asks the model to review its own reasoning from the previous step.

Listing 2: Prompt for iterative reasoning

1 [USER]
2 ### Task: Review the prediction for biomedical relation extraction. Your goal is to

critically identify if the prediction is correct or if it contains any errors.
3

4 ### Context:
5 - Entity 1: tachycardia
6 - Entity 2: V1763M
7 - Text: <... Target Text Content ...>
8

9 ### Relationship definitions:
10 <Same Definitions as above >
11

12 ### Current Prediction:
13 Positive_Correlation
14

15 ### Reasoning:
16 Let 's think step by step: The text describes a newborn with ventricular tachycardia

... <... Generated CoT from Previous Step...> ... Final choice:
Positive_Correlation

17

18 ### Instructions
19 1. Analyze the prediction 's reasoning objectively.
20 2. Compare it against the list of common errors.
21 < Error types , Explanations and strategies >
22 3. Provide your response in one of the following two formats ONLY:
23

24 'Let 's check the reasoning: ...... Final answer: Confirmed.'
25

26 or 'Let 's check the reasoning: ...... Revised: <new reasoning and prediction.>'
27

28 Response:
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