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Abstract

The advancements in Knowledge Graphs (KGs) and Large
Language Models (LLMs) are driving transformative changes
across various research fields, including metabolomics. These
tools present exceptional opportunities to elucidate complex
metabolic pathways and identify biomarkers essential to bi-
ological systems. My research focuses on harnessing the
potential of KGs and LLMs within metabolomics, specifi-
cally making interactions between them and with biologi-
cal researches. KGs, with their structured representation of
metabolic entities and relationships, provide a robust founda-
tion for managing extensive multimodal metabolomic knowl-
edge. Recently, I developed a metabolite-centric knowledge
graph and explored innovative methodologies to leverage
KGs and LLMs for enhancing predictive modeling in clini-
cal settings. My future research aims to fully exploit the ca-
pabilities of KGs and LLMs in metabolomics, advancing our
understanding and applications in this field.

Introduction
Metabolomics is the comprehensive study of small
molecules known as metabolites within the human body,
stands at the forefront of systems biology (Clish 2015). This
field has rapidly evolved, with advancements in analytical
techniques and bioinformatics. However, there remains a
significant gap in tools capable of integrating, analyzing,
and inferring diverse metabolomics knowledge. Knowledge
Graphs (KGs) and Large Language Models (LLMs) present
promising solutions to address these challenges.

Over the past decade, KGs have emerged as transforma-
tive tools for managing and analyzing complex datasets.
In the context of metabolomics, KGs can encapsulate het-
erogeneous data, including metabolic pathways, enzymes,
metabolite-disease associations, and clinical observations,
thereby providing a holistic view of metabolic interactions
and functions.

Additionally, KGs have proven the ability to enhance the
generation of LLMs by using Retrieval-Augmented Gener-
ation (RAG) techniques (Hu and Lu 2024). This approach
enables the models to not only access a broad repository
of structured information stored within KGs but also to
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enhance their responses with up-to-date and relevant data
fetched in real-time.

I am currently a third-year PhD student in a joint program
among Peking University, Georgia Institute of Technology
and Emory University. My past research primarily focused
on constructing a metabolite-centric knowledge graph and
investigating the interactions between KGs and LLMs. Mov-
ing forward, I aim to address the gaps in the application of
LLMs within metabolomics and explore innovative research
and clinical applications in this field.

Current Works and Contributions
My current research focuses on multimodal integration
methods, metabolomic knowledge graph, and the interaction
between KGs and LLMs.

1. Multimodal Clinical Data Integration. Medical data
is inherently multimodal, and integrating these data types
in a rational and efficient manner is crucial. One research
project I was involved in predicts a patient’s biological age
by integrating images of the face, tongue coating, and fun-
dus. The difference between biological age and actual age,
termed AgeDiff, serves as a biomarker for predicting various
diseases (Wang et al. 2024). Additionally, my past research
explored multimodal integration at the genomics level. I uti-
lized DNA methylation, mRNA expression, and miRNA ex-
pression data from cancer patients to predict corresponding
cancer types and subtypes. In these two studies, I introduced
methods that leverage dynamic learning and guided cross-
attention to integrate multimodal data (Lu et al. 2023b,c).
The results demonstrated that my approach achieved an av-
erage AUC of 87.41% across 12 cancer subtype prediction
tasks, significantly surpassing the previous state of the art
(SOTA) of 84.85%.

2. Metabolite-centric Knowledge Graph. I have con-
structed a metabolite-centric knowledge graph (MetaKG,
1) (Lu et al. 2024) using all the metabolomics informa-
tion from the most commonly used databases like HMDB
(Wishart et al. 2022). Through knowledge graph represen-
tation learning and multimodal metabolite representation
integration with a triple contrastive learning module, my
method demonstrates the capability to reduce batch effects
in metabolomics data and achieves state-of-the-art results in
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12 metabolite attribute prediction tasks, as well as in a real-
world Non-Alcoholic Fatty Liver Disease (NAFLD) clinical
diagnosis task. To the best of my knowledge, MetaKG is the
first metabolomics knowledge graph to date, and this work
has been accepted by IJCAI 2024.

3. KG-enhanced LLM Application. Leveraging exter-
nal knowledge to enhance the generation or prediction re-
sults of large language models (LLMs) has always been
a focus of my interest. In real-world applications, exter-
nal knowledge often exists in various heterogeneous forms.
Therefore, I proposed a method that enhances large lan-
guage models by utilizing a variety of heterogeneous knowl-
edge, both explicitly and implicitly (Lu et al. 2023a; Lu,
Zhao, and Wang 2023). Specifically, I convert data from
various sources (such as knowledge graphs, databases, and
search engine results) into a unified natural language for-
mat and process this external knowledge using prompt learn-
ing techniques to design templates or employ LLM agents.
This approach guides the model to make better predictions
and generate more accurate outputs. I tested my method on
an electronic health record (EHR) diagnostic classification
dataset, achieving the best results in both disease diagnosis
and cross-departmental transfer tasks.

Future Directions
In the rest time of my PhD study, I plan to focus on enhanc-
ing the integration of Knowledge Graphs (KGs) and Large
Language Models (LLMs) within metabolomics, which in-
cludes:

1. Continuous refinement of MetaKG. My primary ob-
jective is to enhance the current MetaKG by integrating
additional metabolomic databases and leveraging the lat-
est advancements in knowledge graph algorithms. This will
involve systematic updates and expansions of the datasets
within MetaKG to ensure its comprehensiveness and rel-
evance. I will investigate the application of cutting-edge
technologies, such as graph neural networks and contrastive
learning, to improve MetaKG’s data analysis and pattern
recognition capabilities.

2. Expansion of MetaKG applications. MetaKG can be
utilized to facilitate a series of metabolomics research. This
includes utilizing MetaKG embeddings for metabolite prop-
erty classification and correcting inaccuracies in existing
database records. Additionally, MetaKG can be employed to
generate high-quality scientific hypotheses, which will guide
subsequent experimental designs and research directions.

3. Development of a domain LLM for metabolomics.
Given the extensive textual content available in existing
metabolic databases and PubMed, there is a significant op-
portunity to train a domain-specific language model tai-
lored for metabolomics. This specialized LLM would be
proficient in understanding and generating text relevant to
metabolites, thereby assisting researchers in efficiently nav-
igating and analyzing vast amounts of scientific literature,
ultimately enhancing research productivity.

4. Exploration of synergies between MetaKG and
LLMs. Metabolomics is a knowledge-intensive discipline.
By leveraging prompt learning and Retrieval-Augmented

Generation (RAG) techniques, I can optimize the utiliza-
tion of knowledge from MetaKG to enhance the accuracy
and relevance of generated text (Lu, Zhao, and Wang 2024).
This approach aims to improve the applicability of the gener-
ated content, significantly advancing the role of LLMs in the
field by automating the development of experimental proto-
cols and predicting outcomes, thereby providing innovative
methodologies and insights in metabolic research.
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