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Abstract—Medical information extraction (IE) tasks,
including named entity recognition (NER), relation
extraction (RE), and event extraction (EE), are cru-
cial for constructing medical knowledge graphs from
unstructured text. However, existing IE datasets in
the medical domain are often limited, fragmented, and
lack uniformity. To address these issues, we present
MedIE-Instruct, a comprehensive bilingual (English
and Chinese) medical IE instruction corpus comprising
11 datasets with over 100,000 instructions. This corpus
was constructed using schema-based instruction gen-
eration to create a large-scale, diverse IE dataset to
support large language models (LLMs) in medical IE
tasks. Experimental results show that fine-tuning state-
of-the-art LLMs with MedIE-Instruct significantly en-
hances model performance, especially in zero-shot sce-
narios. We hope this dataset and research findings will
provide valuable resources and insights for understand-
ing and processing medical content.

Index Terms—Medical Information Extraction, In-
struction Generation, Zero-shot/Few-shot Learning

I. INTRODUCTION

In natural language processing (NLP), information ex-
traction (IE) is a core technology for converting un-
structured text into structured knowledge graphs. Recent
advancements in deep learning have significantly improved
various IE subtasks, including named entity recognition
(NER), relation extraction (RE), and event extraction
(EE) [1], [2]. Concurrently, large language models (LLMs),
such as GPT-4 [3] and BERT [4], [5], have revolutionized
information extraction tasks. These models, pre-trained
on vast text corpora, exhibit outstanding abilities in
understanding and generating human-like text [6]. They
excel in scenarios where traditional models falter, such as
interpreting diverse linguistic structures, comprehending
context, and identifying entities and relationships within
complex sentences [7]. By integrating large language mod-
els into the IE pipeline, the ability of LLMs to capture
nuanced linguistic patterns and semantic relationships can
be leveraged to enhance NER, RE, and EE tasks. This

*Corresponding author.

integration increases the flexibility and adaptability of
information extraction systems [8].

The success of IE models relies on high-quality instruc-
tion datasets, which are essential for improving gener-
alization and ensuring robust performance in real-world
applications [9], [10]. However, current medical IE datasets
are often limited in scale and coverage, failing to meet the
diverse and complex demands of practical scenarios [11],
[12]. While datasets like CoNLL-2003 and OntoNotes are
valuable for NER tasks across various domains [13], the
medical field urgently requires comprehensive datasets
that include NER, RE, and EE. Moreover, inconsistencies
in schema naming conventions and variations in annota-
tion quality further constrain the potential for model per-
formance improvement [14]. Additionally, these datasets
are not designed as instructions that LLMs can readily
understand and execute. The lack of such comprehensive
instruction datasets not only limits the broader applica-
tion of LLMs in medical information extraction but also
hampers their development in critical areas like clinical
text analysis and medical knowledge graph construction.

In response to these limitations, we developed MedIE-
Instruct !, a large-scale, bilingual (English and Chinese)
medical extraction instruction dataset aimed at advanc-
ing information extraction in medical NLP applications.
MedIE-Instruct consists of 11 datasets and over 100,000
instructions, created through schema-based instruction
techniques to support LLMs in various medical IE tasks. In
the generative IE setting [15]-[17], we employed the Struc-
tural Schema Instructor (SSI), as illustrated in Figure 1,
which incorporates the schema into the model input. The
entire predefined tag set of the dataset is utilized as SSI
to guide the model’s output during inference.

Fine-tuning LLMs on the MedIE-Instruct dataset led to
decent performance improvements compared to baseline
models in the medical domain, especially in zero-shot
scenarios. Even in Few-shot scenary, our analysis revealed
that the SFT models showed performance declines com-

! Available at https://github.com/HICAI-ZJU/MedIE-Instruct.
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