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Adverse Drug Reaction Relationship Extraction Based on Chain of Thought Enhancement Under
High and Low Resources

LI Hao, YANG Yumeng,ZHAO Boyang,ZHENG Puqi and LIN Hongfei

School of Computer Science and Technology,Dalian University of Technology,Dalian, Liaoning 116081, China
Abstract ADRs refer to harmful and unintended responses that occur when drugs are administered at normal doses for preven-
tion,diagnosis, treatment of diseases,or regulation of physiological functions. These reactions are unexpected and can significantly
impact patients’ health and physical condition. To identify ADR-related relational triples from social media and biomedical litera-
ture data—providing early warnings for patients and healthcare systems, as well as references for pharmaceutical research and
drug development— this paper proposes two frameworks based on generative large language models for both low-resource and
high-resource annotated data scenarios:the ADR-GPT framework, which extracts ADR relations using Chain-of-Thought promp-
ting,and the CADRE-LLM {ramework, which leverages Chain-of-Thought-enhanced fine-tuning. It evaluates the performance of
these two frameworks on the Twitter and PubMed datasets. CADRE-LLM achieves F1 score improvements of 1. 51 percentage
points and 1. 74 percentage points over previous state-of-the-art models on the respective datasets. The low-resource ADR-GPT
framework also demonstrates strong performance, outperforming fully supervised fine-tuned Qwen2. 5 on the PubMed dataset.

Ablation studies further validate the effectiveness of each module within the two proposed frameworks.

Keywords Relation extraction, Adverse drug reactions,Large language models,Chain of Thought(COT) .Low resource
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Doc gave me Metformin for high blood sugar but the gut issues are brutal
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Fig. 2

Transformer)

/.ist drug-related triples with the following relationships: [Outcome-
negative, Outcome-positive, Reason-to-use].Format requirements:Each
triple should be: relationship: (subject, object)Multiple triples separated
by ":;".For text without valid relations, output: There are no conforming

* relations in the above sentence.

% — Output Format:

1 Explination: [analysis of the text and relationships]

# So, the answer is: [relationshipl]: ([subjectl], [objectl]);[relationship2]:

([subject2],[object2])

Text: shit vyvanse is so bad number me it makes me so fucking crazy
depressed for the whole entire day after

Explination: the text mentions that Vyvanse causes the user to feel "crazy
depressed for the whole entire day after." indicating a negative outcome
associated with its use. So, the answer is: outcome-negative: (Vyvanse,
N depressed)

N Text: Got a cortisone shot in my shoulder yesterday.. let's pray this baby
& works & numbs my pain !!Zazh
? Explination: the text discusses receiving a cortisone shot and the hope

that it will numb pain. However, it does not explicitly state the outcomes
of using cortisone, nor does it outline a reason for its use in a definitive
manner. Therefore, there are no specific relationships that conform to the
requested formats.So, the answer is: There are no conforming relations in
the above sentence.

3] (other examples............. )

*T Text: "I really hate the mood swings that come with being on Prednisone.

X I be a real bitch for no reason sometimes"

Explination: the text expresses frustration about the side effects of

a Prednisone, such as "I be a real bitch for no reason sometimes"specifically
TT‘ mentioning "mood swings" as a negative outcome. This indicates an
i outcome-negative relationship. So, the answer is :Outcome negative:
H (Prednisone, mood swings)
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Fig.3 Prompt template under low-resource COT
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Question

Identify drug side effect-related triples from the given social media data
with relationship types such as Outcome positive, Outcome negative, and
Reason to use.

do you think if I take my whole bottle of Effexor it might actually do
something about my anxiety Imao

Answer

Effexor is a medication that is used to treat anxiety. In the text, the person
is asking if taking the whole bottle of Effexor would help with their
anxiety, which implies that Effexor is related to the treatment of anxiety.
So,the answer is:Reason to use:(Effexor,anxiety)

4 QA %R
Fig. 4 Question-answer(QA) pairs
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Table 1 Introduction to ADR relationship extraction dataset
BEE Outcome negative Outcome positive Reason to use % it
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Table 2 Performance report on the Twitter dataset

[€79)
AR P R F1

CasRel 44.19 42.33 43.24
TPLinker 47.33 46. 25 16.78
OneRel 48.11 46.53 47.31
GPT-40-ZeroShot 28.73 34.59 31.39
GPT-40-FewShot 32.01 39.67 35.43
Qwen2-SFT 42,11 41.08 41.59
Llama3-SFT 41.89 49. 66 45,45
ADR-GPT 37.01 39.22 38.08
CADRE-LLM 45.76 52.31 48. 82

% 3 Pubmed %048 4 9 P e 4

Table 3 Performance report on the Pubmed dataset

%)
#A P R F1

CasRel 48.21 49.33 48.76
TPLinker 52.77 48. 24 50. 40
OneRel 51.26 49. 88 50. 56
GPT-40-ZeroShot 34.01 39.67 36.62
GPT-40-FewShot 39.15 44,82 41.79
Qwen2-SFT 42.77 48.21 45.33
Llama3-SFT 48. 69 48.77 48.73
ADR-GPT 42.86 49.21 45. 82
CADRE-LLM 48.22 57.13 52.30
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Table 5 Ablation study of CADRE-LLM
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-COT 41. 89 49. 66 45.45
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2V AE IR R T R R R 0 25 ) R RN 56 R R

229

5.7 ARBHEHEX GPT K ZF FEH B 0T

A E— 4 ADR-GPT HE 42 i 2 Ml S 40 47 4%
BE L4 BRI 5,10, 15 VB RS0, %452 R b ) 25 ) A
BN G Al ORI 4R Twitter (9 Y1 25 4E #E 47 K 17 58 26 %l
4y ISR ADR-GPT M9 PERESS SR, SClgs LA 6 Fin.

400
395 e
390 el ETESRIIIIN =4
385 pmment=
380 T 4
i 375 P S
370} o
& 365 :‘/A
360
355
350
345
340
0 5 10 15
REHHE
[~ Precision #° Recall - Fl-score |
B 6 RAHEXT ADR-GPT 1 BE 195 i
Fig. 6 Influence of the number of clusters on the performance of
ADR-GPT
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