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Abstract

Structured information extraction (IE) from sci-
entific abstracts is increasingly leveraging large
language models (LLMs). A crucial step in IE
is relation extraction (RE), which becomes chal-
lenging when entity relations span sentences.
Traditional path-based methods, such as short-
est dependency paths, are often unable to han-
dle cross-sentential relations effectively. Al-
though LLMs have been utilized as zero-shot
learners for IE tasks, they continue to struggle
with capturing long-range dependencies and
multi-hop reasoning. In this work, we pro-
pose using GPT as a zero-shot entity-guided
summarizer to encapsulate cross-sentential con-
text into a single-sentence summary for rela-
tion extraction. We perform intrinsic evalua-
tions, comparing our approach against direct
zero-shot prompting on biomedical scientific
abstracts. On the Chemical-Disease Relation
(CDR) dataset, our method achieves a 7-point
improvement in overall F-score and 6 points
for cross-sentential relations. On the Gene-
Disease Association (GDA) dataset, we ob-
serve an 8-point gain for inter-sentential rela-
tions. These results demonstrate that entity-
guided summarization with GPT can enhance
zero-shot biomedical RE, supporting more ef-
fective structured information extraction from
scientific texts.'.

1 Introduction

In structured information extraction from scientific
literature, identifying and extracting entity rela-
tions is a key intermediate step, for example, in
building knowledge graphs. A typical IE pipeline
includes named entity recognition (NER), entity
linking/normalization, relation extraction (RE), op-
tional event/fact extraction, and knowledge base
population (KBP) (Dagdelen et al., 2024; Jaradeh
et al., 2023). With advances in generative language
models, zero-shot (ZSL) and few-shot learning

"Experimental codes will be made available
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(FSL) have become increasingly popular for IE
and other NLP tasks (Dagdelen et al., 2024; Hou
et al., 2024; Savelka, 2023; Shu et al., 2022; Wu
et al., 2025). Parallel research has explored the lim-
itations of zero-shot learning (ZSL) across various
domains (Manikandan et al., 2023; Lauscher et al.,
2020; Kanjirangat et al., 2024; Al Nazi et al., 2025).
GPT-based models (Radford et al., 2019; Liu et al.,
2023; Achiam et al., 2023) and open-source models
such as Falcon (Almazrouei et al., 2023), Bloom
(Le Scao et al., 2023), LLaMA (Touvron et al.,
2023), and Mistral (Jahan et al., 2023) have demon-
strated strong capabilities in knowledge-intensive
tasks, including question answering and summa-
rization. However, their performance in classifica-
tion tasks can be limited by factors such as domain
specificity. For example, they excel in sentiment
analysis or intent classification (Wei et al., 2021)
but often struggle with clinical or biomedical clas-
sification. These limitations are especially pro-
nounced in complex tasks like relation identifica-
tion and causality detection(Armengol-Estapé et al.,
2021; Khondaker et al., 2023; Lai et al., 2023; Yang
etal., 2023; Bi et al., 2025; Chen et al., 2025). Con-
sidering the above points, this work focuses on the
relation extraction task under two key constraints:
(i) addressing complex cross-sentential relations
and (ii) focusing the task within the biomedical do-
main. Concerning relation extractions, efforts have
been made to leverage LLMs, specifically focus-
ing on improving prompting approaches (Li et al.,
2023; Wadhwa et al., 2023; Laskar et al., 2025),
which have demonstrated performance upgrades.
The potentials and limitations of GPT models in
biomedical information extraction have been re-
ported in multiple studies. It has been shown that
even though GPT-4 had achieved near state-of-the-
art results in few-shot knowledge transfer in open-
domain NLP tasks, it underperformed the domain-
specific models such as BioBERT (Lee et al., 2020)
or SciBERT (Beltagy et al., 2019), which are or-
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ders of magnitude smaller than them (Chen et al.,
2024; Moradi et al., 2021; Ateia and Kruschwitz,
2023; Nori et al., 2023; Waisberg et al., 2023). The
limitations and capacity of zero-shot LLMs are less
explored (Jahan et al., 2023; Shang et al., 2025) in
addressing complex cross-sentential relations, even
though such relations are plentiful in scientific lit-
erature.

Limited work explores generative RE, for instance,
El Khettari et al. (2025) used this concept with
instruction-tuned LLMs in the microbiome domain.
In contrast, Zhang et al. (2025) utilizes entity-pair
relation summarizations for triplet fact judgments,
whereas the proposed approach focuses primar-
ily on extracting inter-sentential relations and inte-
grating cross-sentential spans of information in an
entity-guided summary.

Our core idea is to strategically leverage these gen-
erative abilities to enhance zero-shot RE perfor-
mance, as it remains a valuable strategy for query-
ing LLMs, particularly for non-expert users. In this
paper, we formulate two main research questions:
(i) What are the zero-shot relation extraction capa-
bilities of LLMs (GPT) for cross-sentential RE in
the biomedical domain? (ii) How can we simplify
and tackle the problem of cross-sentential RE with
LLMs’ generative capability?

For the current experiment, we used open-sourced
GPT-4-0-mini primarily due to its computational
efficiency and accessibility, which allowed for ex-
tensive experimentation under limited resource con-
straints, while having core instruction-tuning and
generative reasoning capabilities. RQ1 explores
the limitations and potentials of GPT with simple
zero-shot prompting in the context of biomedical
RE. In RQ2, we use LLMs in RE, but not directly
as a relation classifier; instead, we explore the gen-
eration capability of LLMs, serving as a summa-
rizer. In this way, we propose to use GPT’s zero-
shot capacity to generate an entity-guided summary
that converts cross-sentential relations to intra-
sentential relations. This can also help alleviate the
problem of capturing long-range dependencies and
complex multi-hop navigation. The current focus
is not on maximizing absolute task performance,
but instead on better understanding the relative be-
havior, strengths, and limitations of the approaches
under controlled settings.
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2 Dataset

We used the BioCreative V Chemical Disease Re-
lation (CDR)(Li et al., 2016)? and Gene-Disease
Association (GDA) (Wu et al., 2019) datasets for
our experiments. They include abstracts from the
scientific biomedical literature. In CDR, we need
to identify the binary relations between chemical-
induced diseases (CID). The dataset can be con-
sidered a good representative of cross-sentential
relations, attributed to its complexity and diversity
of entity spans, which makes the task challeng-
ing. Among the test samples, we extracted 1,800
(negative) and 266 (positive) cross-sentential sam-
ples and 748 (positive) and 1,716 (negative) intra-
sentential samples. To assess generalizability, we
applied the approach to a subset of the GDA dataset
(Wu et al., 2019). Since our approach primarily
evaluates cross-sentential RE, we specifically se-
lected 1,491 cross-sentential samples (i.e., entity
pairs with cross-sentential relations in the given
abstract). As cross-sentence and intra-sentence
entity pairs can sometimes overlap, following ex-
isting works (Christopoulou et al., 2019; Verga
et al., 2018; Zhao et al., 2020), we consider cross-
sentence subsets to be approximate, rather than
strictly disjoint from intra-sentence ones. The de-
tails are given in Appendix A.

3 Methods

In this section, we describe the proposed and the
baseline approaches used in our controlled experi-
mentation setup.

3.1 Direct Zero-shot Learning

As a baseline, we employ a vanilla zero-shot
prompting approach to evaluate GPT’s capabili-
ties in biomedical RE. We use a simple prompt
template that asks GPT to predict whether the en-
tity pair has a relation, given the input text as the
context. In this case, the inputs are the abstracts
and the corresponding entity pairs, whose relation
needs to be classified. For instance, in the CDR
dataset, it asks: ”Does the Given chemical entity
induce the given disease or not”.

3.2 Proposed Approach

In the proposed work, we aim to use GPT’s zero-
shot generative power as an intermediate step to
enhance the relation classification pipeline. The

2https: //biocreative.bioinformatics.udel.edu/
tasks/biocreative-v/track-3-cdr/
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Long term hormone therapy
BACKGROUND: Hormone therapy (HT) s w\dely used for contrling menopausal symploms. Ithas also bean used for the management and
prevention of disease, fia in older women but the evidence supporting its use for these indications is
largely observationl,

OBJECTIVES: To assess the effect of long-term HT on mortality, heart disease, venous thromboembolism, stroke, transient ischaemic attacks,
breast cancer, colorectal cancer, ovarian cancer, endometrial cancer, gallbladder disease, cognitive function, dementia, fractures and quality of
life.

SEARCH STRATEGY: We searched the following databases up to November 2004: the Cochrane Menstrual Disorders and Subfertiity Group
Trials Register, Cochrane Central Register of Controlled Trials (CENTRAL), MEDLINE, EMBASE, Biological Abstracts. Relevant non-indexed
journals and conference abstracts were also searched.

SELECTION CRITERIA: Randomised double-blind trials of HT (oestrogens with or without progestogens) versus placebo, taken for at least one
year by perimenopausal or postmenopausal women.

DATA COLLECTION AND ANALYSIS: Fifteen RCTs were included. Trials were assessed for quality and two review authors extracted data
independently. They calculated risk ratios for dichotomous outcomes and weighted mean differences for continuous outcomes. Clinical
heterogeneity precluded meta-analysis for most outcomes. MAIN RESULTS: Al the statistically significant results were derived from the two
biggest trals. In relatively healthy women, combined continuous HT significantly increased the risk of venous thromboembolism or coronary event
(after one year's use), stroke (after 3 years), breast cancer (after 5 years) disease. Long-term ly HT also significantly
increased the risk of stroke and gallbladder disease. Overall, the only statistically significant benefis of HT were a decreased incidence of
fractures and colon cancer with long-term use. Among relatively healthy women over 65 years taking continuous combined HT, there was a
statistically significant increase in the incidence of dementia. Among women with cardiovascular disease, long-term use of combined continuous
HT significantly increased the risk of venous ism. No trials f fically on younger women. However, one trial analysed

sized placebo groups. The only significantly increased risk reported was for venous thromboembolism in women taking combined continuous HT;
their absolute risk remained very low.

AAUTHORS' CONCLUSIONS: HT is not indicated for the routine. /e need d
menopausal symptom control, though short-term use appears to be relatively safe for healthy yaunger women.

the safety of HT for

subgroups of 2833 relatively healthy 50 to 59 year-old women taking combined continuous HT and 1637 taking oestrogen-only HT, versus similar-

('progestogens', 'stroke’) The use of progestogens was associated with a
significant increase in the risk of stroke in

women taking hormone therapy.

('progestogens', 'dementia’) Among relatively healthy women over 65
years, the long-term use of combined
continuous hormone therapy with
progestogens significantly increased the risk of

dementia.

( (‘oestrogen or oestrogens', 'breast cancer’) long-term use of oestrogen or oestrogens was
linked to a significant increase in the risk of

breast cancer in women

(‘oestrogen or oestrogens', 'colon cancer') long-term use of oestrogen or oestrogens was
associated with a decreased incidence of

colon cancer in women

Figure 1: A CDR abstract with the chemical entities highlighted in yellow and disease entities in blue. The right side
shows the (chemical, disease) entity pairs and the corresponding summaries produced by the zero-shot entity-guided

summarizer (GPT).

existing models struggle to capture cross-sentential
relations for various reasons: The relations that
define the entities are not contained within a sin-
gle sentence. In this case, multi-hop reasoning
approaches are needed, which the model may not
inherently possess. Secondly, the semantic encod-
ings may not capture sufficient context for identify-
ing such relations due to the presence of long-range
dependencies. Thirdly, some sentences or contexts
can even act as noise to the model due to the span of
entities in multiple sentences. Further, the general
path-based approaches used in relation extractions,
such as shortest dependency path (SDP) methods,
only directly apply to intra-sentential relations.

In the proposed approach, we deviate from the
general approach of path-based or multi-hop rea-
soning (combined with or without encoder/decoder
variants) by enabling LL.Ms’ generative capabil-
ities to adapt cross-sentential sentences to intra-
sentential ways. Specifically, we want to con-
vert cross-sentential sentences to a single-sentence
entity-guided summary. Given the impressive re-
sults of GPT in generation tasks®, we used GPT as
a zero-shot entity-guided single-sentence summa-
rizer. For instance, consider the abstract from the

Dataset Direct ZSL.  Proposed ZSL
CDR (Cross) 0.35 0.41 (+0.07) 1
GDA (Cross) 0.49 0.57 (+0.08) 1

Table 1: Performance comparison of Direct ZSL and
Proposed ZSL on cross-sentential biomedical RE (F-
scores).

CDR dataset in Figure 1 (enlarged figures are in
Appendix B) with the entity pairs under considera-

3https://github.com/openai
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tion marked. Here estrogens and progestogens are
the chemical entities, and {dementia, breast can-
cer, colon cancer, stroke} are the disease entities
4. Tt can be observed that the relations are cross-
sentential, and entities can span across multiple
sentences. The entity pairs and the corresponding
zero-shot summary generated by GPT-4 are shown
in Figure 1.

Considering the entity pair (progestogens,
stroke), the relation is not apparent, and proper rea-
soning is required to classify the relation. Firstly,
the model should consider the sentence - "double-
blind trials of HT (oestrogens with or without pro-
gestogens)", which is the only mention of progesto-
gens in the abstract, and should deduce (entity nor-
malization) that HT refers to "Hormone Therapy".
Further, it should be related to the sentence - "In rel-
atively healthy women, combined continuous HT
significantly increased the risk of venous throm-
boembolism or coronary event (after one year’s
use), stroke (after 3 years), breast cancer (after 5
years) and gallbladder disease."” for capturing the
actual relation.

The proposed approach initially uses a prompt
to generate a zero-shot entity-guided summary for
each cross-sentential entity pair (Figure 3). For
instance, for the previous example, we generated a
summary that directly conveys the cross-sentential
relationship ("The use of progestogens was associ-
ated with a significant increase in the risk of stroke
in women taking hormone therapy.”). Similarly,
a negative relation is indicated for the entity pair
(’estrogen or estrogens,’” 'colon cancer’). These
generated summaries were used as inputs for the
second step, where the actual relation classifica-

*Only the entities required for illustration are highlighted.
There are more entity relations in this abstract.
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ZSL Type F-score Recall Precision
Overall 0.49 0.83 0.34
Direct ZSL Intra 0.55 091 0.40
Inter/cross  0.35 0.66 0.24
Overall 0.56 0.80 043
Proposed ZSL  Intra 0.65 0.81 0.54
Inter/cross 0.41 0.75 0.28

Table 2: Comparing proposed ZSL with direct ZSL in CDR dataset

Model Type F-score Recall Precision
Overall 0.57 0.56 0.58
BioBERT_Proposed Intra 0.64 0.62 0.65
Inter/cross 0.41 0.40 041
Overall 0.25 0.17 0.44
BioBERT Baseline Intra 0.36 0.29 0.48
Inter/cross 0.24 0.21 0.28

Table 3: Fine-tuned Encoder-only Model Performance on CDR dataset

tion is performed (Figure 4). Note that the intra-
sentences were directly extracted from the abstract
by considering sentences that mention both entities.

4 Results & Comparisons

In Table 1, we report the zero-shot results on the
cross-sentential RE in the CDR and GDA datasets
obtained with the baseline GPT model (Direct ZSL)
and compare them with those of the proposed ap-
proach (Proposed ZSL). In the baseline approach,
the input is the abstract directly, while, for the pro-
posed approach, it is the entity-guided summary
generated by GPT for cross-sentential relations.
For intra-sentences, we use the sentences where
both entity mentions are present. A 7-point F-score
improvement can be observed in the CDR dataset,
while in GDA, an 8-point increase is reported.

To analyze the overall improvements, we con-
ducted similar experiments using intra-sentential
samples from the CDR dataset. From Table 2, it
can be observed that the proposed ZSL approach
presents a 7-point improvement compared to base-
line or direct ZSL, in terms of overall F-scores. In
terms of recall and precision, it can be observed
that GPT generally prioritizes recall, which is un-
derstandable given its general-purpose nature. In
terms of intra-sentential RE, a 10-point improve-
ment is noted. These improvements indicate the
scope of utilizing the inherent generative capacity
of these LLMs for the downstream tasks, specifi-
cally for zero-shot.

Furthermore, we also compare the performance
of the proposed entity-guided summaries when

used as inputs to fine-tuned encoder-only models.
In this case, we fine-tune a BioBERT model us-
ing the generated summaries (BioBERT_Proposed)
and compare it with the one fine-tuned directly
on the abstracts (BioBERT_Baseline). This is the
same as the input to the Direct ZSL and Proposed
ZSL approaches, which are reported in Table 2. We
fine-tune BioBERT with sentence pair classifica-
tion - where the <text,entity_pair> is the input. As
discussed, for the baseline, this text is the abstract,
and for the proposed, it will be the entity-guided
summary. From Table 3, it can be observed that the
model appears to capture more accurate informa-
tion when using the proposed summaries as input.
With the cross-sentential RE, BioBERT_Proposed
presents significantly better results, with an im-
provement of almost 17 points over the baseline
counterpart. Based on the experimental results re-
ported in Table 3, it is evident that the proposed
entity-guided summaries already improve the per-
formance of the simple BioBERT models. More
details of experimental settings are in Appendix
D. These intrinsic evaluations under controlled set-
tings show that the proposed approach helps the
model capture relations more accurately, guiding
the LLLM to make better predictions. Our analy-
sis suggests that summarizing cross-sentential in-
formation into a single sentence enables simpler,
more effective representations, which in turn sup-
port more accurate scientific information extrac-
tion.
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5 Conclusions

In the proposed work, we aim to evaluate the zero-
shot capabilities of GPT in biomedical relation ex-
traction, with a focus on cross-sentential relations.
We utilized the chemical-induced disease and gene-
disease association datasets, which comprise com-
plex inter-sentential spans of entity relations, as
a representative dataset. We observed that GPT,
in its zero-shot capacity, has considerable scope
for improvement in capturing these relations. A
novel approach is proposed to utilize the generative
capabilities of GPT as an intermediate step in the re-
lation extraction pipeline by using it as a zero-shot
entity-guided summarizer. This is used to encapsu-
late information on cross-sentential relations and
convert these relations into intra-sentential ones.
We observed a good performance improvement
compared to baseline zero-shot performances. We
believe that the proposed direction has considerable
potential for exploration, where, instead of using
GPT directly as a downstream classifier, it would
be more reasonable to exploit its inherent genera-
tive ability by mapping it to intermediate steps in a
logical manner.

6 Related Works

In the field of structured IE from scientific liter-
ature, recently LLMs are used widely (Dagdelen
et al., 2024; Li et al., 2024; Garcia et al., 2024).
The approaches range from simple feature-based
extractions to transformer-based to current Large
Language Model (LLM) based approaches. A uni-
fied schema representation was proposed in Li et al.
(2023) to encourage LLM:s to follow schemas, learn
easily, and extract structured knowledge accurately.

In the existing literature, a wide range of ap-
proaches and studies consider the problem of
biomedical information extractions (Sciannameo
et al., 2024; Fornasiere et al., 2024; Reichenpfader
et al., 2024). In the task of relation extractions,
Zhang et al. (2018) proposed a hybrid model that
uses Recurrent Neural Networks (RNN) and Con-
volutional Neural Networks (CNN) with Shortest
Dependency Features (SDP). An SDP-based fea-
ture extraction for candidate cross-sentential sam-
ple extractions, coupled with BioBERT models,
was presented by Kanjirangat and Rinaldi (2021).
The use of biomedical ontologies to enhance neu-
ral network knowledge is another direction (Sousa
et al., 2020; Sianger and Leser, 2025; Liu et al.,
2025). Another promising direction was to ex-
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plore graph-based models, graph LSTMs (Peng
et al., 2017), graph kernels (Panyam et al., 2018),
graph CNN with multi-head attentions (Zhao et al.,
2021), and multi-view GNNs (Al-Sabri et al.,
2022). BERT and its variants have been widely
used for biomedical RE tasks (Thillaisundaram
and Togia, 2019; Bhasuran, 2022; Su and Vijay-
Shanker, 2020, 2022). However, the complex task
of cross-sentential RE necessitated more sophisti-
cated approaches. For instance, Wei and Li (2022)
proposed a sequence-aware graph model with adap-
tive margin loss, while Zhu et al. (2024) leveraged
dependency and constituency information using
Tree-LSTM, GNN, and BERT models.

Generative models are now being explored in
biomedical RE, where their performance has been
reported to vary based on the complexity of the
dataset and task at hand Zhang et al. (2024);
Asada and Fukuda (2024). Some of the find-
ings reported good performances, but were limited
to intra-sentential relations. A few studies (e.g.,
(El Khettari et al., 2025)) have explored genera-
tive approaches to relation extraction (RE) using
instruction-tuned large language models (LLMs).
In contrast, (Zhang et al., 2025) focuses on lever-
aging entity-pair relation summarization for triplet
fact evaluation. In our proposed approach, we pri-
marily address inter-sentential relation extraction,
emphasizing the integration of cross-sentential con-
textual spans within an entity-guided summariza-
tion framework.

In the proposed work, we focus on exploring the
zero-shot capability of GPT in cross-sentential RE.
Moving a step further, we propose an approach to
possibly utilize the generative capability of GPT in
the RE pipeline, which is the inherent potential of
generative models. This deviates from the general
trend of using these generative models directly for
classifications, a use case that does not fully align
with their intrinsic generative nature.

7 Limitations

The proposed approach could propagate errors
from the summarization module, as we introduce
it as an intermediate path in the relation extraction
pipeline. An explicit evaluation of the zero-shot
summarization component is challenging, which
limits the understanding of the summarizer’s per-
formance. Currently, the experiments are done only
on the CDR and GDA biomedical datasets. These
could be considered as representative datasets for



complex cross-sentential relations; however, a
proper generalization of the proposed approach has
to be verified by extending the experiments to other
datasets with cross-sentential relations, Chemical
Reaction (CHR) dataset (Peng et al., 2017), or
general-purpose datasets, such as DocRed (Yao
et al., 2019), Codred (Yao et al., 2021), CrossRE
(Bassignana and Plank, 2022), etc. Furthermore,
GPT responses can be limited by multiple fac-
tors, including sensitivity to prompts, context, post-
processing, controversies, ambiguities, efficiency,
and costs (Koconi et al., 2023). In general, the
low performance of GPT models can be attributed
to several factors, including the lack of domain-
specific training, entity disambiguation issues in
biomedical data, and the need for multi-hop rea-
soning to address inter-sentential relations. While
refining prompts can mitigate some issues, prompt
sensitivity remains a challenge. Soft prompting
techniques offer a potential solution to improve ro-
bustness, though naive zero-shot prompting still
holds value for user-centric applications across var-
ious domains. We also have the scope of experi-
menting with different LLMs (open-sourced). Fi-
nally, considering the state-of-the-art approaches,
we still have considerable scope for improvement,
even though our approach focuses on zero-shot
capability.
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A Dataset Details

The CDR dataset annotation identifies entities that
hold a relation (class 1/positive), and all remaining
entity pairs fall into the negative category/class 0.
The CID relations can be either intra-sentential or
cross-sentential. There are no mention-level anno-
tations in the CDR dataset. Hence, we can use the
entire abstract as the context or deduce methodolo-
gies to extract the context that can convey possible
relations (based on the presence of entities).

The Gene—Disease Associations (GDA) dataset
is a large-scale biomedical corpus constructed from
MEDLINE abstracts using distant supervision. In
line with Christopoulou et al. (2019), we partition
the data into 23,353 documents for training and
5,839 documents for development. The task is for-
mulated as a binary classification problem, where
the goal is to determine whether a given gene and
disease entity pair is associated or not. A notable
characteristic of the dataset is that many associa-
tions span across multiple sentences, which makes
it particularly suitable for assessing methods that
aim to capture long-range dependencies and inter-
sentential relations.

B Methods

The enlarged examples for CDR abstracts and the
entity guided summaries are shown in Figures 2a
and 2b.

C Prompt Templates

The prompt templates for vanilla and the proposed
approaches are given in Figures 3 and 4.

D Experiments

We used GPT4-o-mini > for our experiments (Ap-
proximately 150 USD was spent). The experiments
were conducted on an HPC cluster with 1 GPU
(NVIDIA A100 80GB PCI). For BERT-based ex-
periments, we used BioBERT v1.1 (+ PubMed 1M),
which refers to the BioBERT model trained on
PubMed for 1M steps as the pre-trained model. The
experiments were done using PyTorch Hugging-
Face implementations © by fine-tuning the model
on the respective datasets. The model is fine-tuned
for 10 epochs, using the Adam optimizer and a
learning rate of 2e-5 on the training data.

5https://platform.openai.com/docs/models/
gpt-4-turbo-and-gpt-4
https://github.com/huggingface/transformers
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Long term hormone therapy for perimenopausal and postmenopausal women.

BACKGROUND: Hormone therapy (HT) is widely used for controlling menopausal symptoms. It has also been used for the management and
prevention of cardiovascular disease, osteoporosis and dementia in older women but the evidence supporting its use for these indications is
largely observational.

OBJECTIVES: To assess the effect of long-term HT on mortality, heart disease, venous thromboembolism, stroke, transient ischaemic attacks,
breast cancer, colorectal cancer, ovarian cancer, endometrial cancer, gallbladder disease, cognitive function, dementia, fractures and quality of
life.

SEARCH STRATEGY: We searched the following databases up to November 2004: the Cochrane Menstrual Disorders and Subfertility Group
Trials Register, Cochrane Central Register of Controlled Trials (CENTRAL), MEDLINE, EMBASE, Biological Abstracts. Relevant non-indexed
journals and conference abstracts were also searched.

SELECTION CRITERIA: Randomised double-blind trials of HT (oestrogens with or without progestogens) versus placebo, taken for at least one
year by perimenopausal or postmenopausal women.

DATA COLLECTION AND ANALYSIS: Fifteen RCTs were included. Trials were assessed for quality and two review authors extracted data
independently. They calculated risk ratios for dichotomous outcomes and weighted mean differences for continuous outcomes. Clinical
heterogeneity precluded meta-analysis for most outcomes. MAIN RESULTS: All the statistically significant results were derived from the two
biggest trials. In relatively healthy women, combined continuous HT significantly increased the risk of venous thromboembolism or coronary event
(after one year's use), stroke (after 3 years), breast cancer (after 5 years) and gallbladder disease. Long-term oestrogen-only HT also significantly
increased the risk of stroke and gallbladder disease. Overall, the only statistically significant benefits of HT were a decreased incidence of
fractures and colon cancer with long-term use. Among relatively healthy women over 65 years taking continuous combined HT, there was a
statistically significant increase in the incidence of dementia. Among women with cardiovascular disease, long-term use of combined continuous
HT significantly increased the risk of venous thromboembolism. No trials focussed specifically on younger women. However, one trial analysed
subgroups of 2839 relatively healthy 50 to 59 year-old women taking combined continuous HT and 1637 taking oestrogen-only HT, versus similar-
sized placebo groups. The only significantly increased risk reported was for venous thromboembolism in women taking combined continuous HT;
their absolute risk remained very low.

AUTHORS' CONCLUSIONS: HT is not indicated for the routine management of chronic disease. We need more evidence on the safety of HT for
menopausal symptom control, though short-term use appears to be relatively safe for healthy younger women.

(a) A CDR abstract with chemical entities highlighted in yellow and disease entities in blue.

('progestogens', 'stroke’) The use of progestogens was associated with a
significant increase in the risk of stroke in
women taking hormone therapy.

('progestogens', 'dementia’) Among relatively healthy women over 65
years, the long-term use of combined
continuous hormone therapy with
progestogens significantly increased the risk of
dementia.

( ('oestrogen or oestrogens', 'breast cancer’) long-term use of oestrogen or oestrogens was
linked to a significant increase in the risk of
breast cancer in women

('oestrogen or oestrogens', 'colon cancer') long-term use of oestrogen or oestrogens was
associated with a decreased incidence of
colon cancer in women

(b) (chemical, disease) entity pairs and the corresponding summaries produced by the proposed zero-shot entity-guided
summarizer (GPT).

Figure 2: Illustration of the proposed approach: (a) a CDR abstract with highlighted entities; (b) entity pairs and
generated summaries.
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system_msg="You are a helpful summarizer who performs an entity-guided summarization
based on given entity pairs.”

"Based on the given text and entity pair, perform an entity-guided single-sentence
summarization of the text.

Give focus on the terms or keywords that can distinguish whether

the given entities can have a relation or not?.

The output should be a single sentence with the entity mentions in it."""
instructions_msg="You are a helpful summarization assistant. You will be provided
with the text and a (chemical,disease) entity pair.

Text:<Text>{text}</Text>
Entity_pair:<Text>{ent_pair}</Text>

Provide the final summary within the tags <summary> </summary>."

Figure 3: A zero-shot prompt-template for an Entity-Guided Summarizer(The prompts will vary slightly based on
the experimental datasets. This prompt is tailored for the CDR dataset).

system_msg = "You are a helpful medical assistant who tells whether a given chemical
induce a given disease or not.”

instructions_msg= You will be provided with the text and a list of chemical and
disease entities.

Text: <Text>{text}</Text>
Chemical_list:{chem}
Disease_list:{dis}

For each pair of (chemical, disease), predict whether the chemical induce the disease
or not?.
You should predict 1 if the chemical induce the disease and @ if not.

Your response should be only based on the given text.

Provide all your final answers within the tags <Answer> </Answer> with entity pairs
expressed as a tuple with its corresponding prediction.”

Figure 4: A zero-shot prompt-template for a Relation Classification (The prompts will vary slightly based on the
experimental datasets. This prompt is tailored for the CDR dataset).
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