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ABSTRACT

The exponential growth in scholarly publications necessitates ad-
vanced tools for efficient article retrieval, especially in interdis-
ciplinary fields where diverse terminologies are used to describe
similar research. Traditional keyword-based search engines often
fall short in assisting users who may not be familiar with specific
terminologies. To address this, we present a knowledge graph based
paper search engine for biomedical research to enhance the user
experience in discovering relevant queries and articles. The sys-
tem, dubbed DiscoverPath, employs Named Entity Recognition
(NER) and part-of-speech (POS) tagging to extract terminologies
and relationships from article abstracts to create a KG. To reduce
information overload, DiscoverPath presents users with a focused
subgraph containing the queried entity and its neighboring nodes
and incorporates a query recommendation system enabling users
to iteratively refine their queries. The system is equipped with
an accessible Graphical User Interface that provides an intuitive
visualization of the KG, query recommendations, and detailed arti-
cle information, enabling efficient article retrieval, thus fostering
interdisciplinary knowledge exploration. DiscoverPath is open-
sourced at https://github.com/ynchuang/DiscoverPath with
a demo video at Youtube.

CCS CONCEPTS

« Applied computing — Health care information systems; «
Information systems — Information retrieval.
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Figure 1: Left: the traditional paper search engine PubMed.
Right: we can identify the important query “ApoE4” in the
proteomics domain with a knowledge graph since ApoE4 is
connected with Alzheimer’s disease.
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1 INTRODUCTION

With an increasing number of papers being published over the years,
search engines like Google Scholar and PubMed search engine!
have become common tools for researchers and practitioners to
identify papers of interest. For example, if a genetics professional
wants to explore recent advances in Alzheimer’s disease research
outcomes, she can use relevant phrases such as “Alzheimer’s disease”
as search queries. The search engine will then match the queries
with the content of the articles and generate a ranked list of relevant
articles, as illustrated in the left-hand side of Figure 1.

However, in many cases, users may encounter difficulty in effec-
tively identifying suitable search queries, especially in interdisci-
plinary fields where researchers from different backgrounds tend to
employ diverse terminologies to describe similar research. Take, for
instance, a genetics expert exploring Alzheimer’s disease research

(A) Traditional Search System (B) DiscoverPath Search System
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within the proteomics domain. If she is not familiar with proteomics-
related terminologies, she may struggle to grasp important queries
like Apolipoprotein E4 (ApoE4)?, making it difficult to retrieve the
relevant articles. This knowledge gap often leads to users spending
significant amounts of time filtering out irrelevant information,
thereby impeding the advancement of interdisciplinary research.

Unlike traditional search engines, a knowledge graph (KG) [13]
offers a more concise and effective way to grasp the interconnected-
ness of key terminologies. A KG consists of nodes, which represent
entities, and edges, which comprehensively represent relationships
between those entities from real-world assertions [9, 12]. By utiliz-
ing a KG to represent the intricate relationships between terminolo-
gies, users can easily discover novel queries or relevant information
when retrieving articles of interest [4, 11]. For example, a user
can readily identify the ApoE4 protein as a relevant query if it
is connected to Alzheimer’s disease in the KG, as shown in the
screenshot of our system on the right of Figure 1. Several recent
advancements [20, 24] have shown the effectiveness of KG-based
search engines, but none of them focus on interdisciplinary explo-
ration. Motivated by the concepts above, we ask: Can we build a
KG-based paper search engine with a user-friendly interface
for exploring and discovering relevant queries and articles,
especially in interdisciplinary fields?

However, it is non-trivial to build such a system due to several
challenges. (i) How to construct a KG encompassing various termi-
nologies in research articles? Detecting the specific terminologies
and their corresponding relationships can be challenging, present-
ing a significant obstacle in constructing a KG. (ii) How to enable
users to identify and retrieve relevant articles efficiently? The con-
structed KG may include an overwhelming number of entities and
relations, making it challenging for users to identify the relevant
information efficiently. (iii) How to design the Graphical User Inter-
face (GUI)? The system’s intended users may lack a background in
KG or computer science, making it challenging to design a GUI that
is accessible and user-friendly for individuals in other disciplines.

To address the challenges and promote interdisciplinary knowl-
edge exploration, we demonstrate DiscoverPath, a KG-based re-
trieval system designed for biomedical research. This system aims to
assist biomedical researchers in dynamically refining their queries
and effectively retrieving articles. DiscoverPath is featured for:

o A KG specifically for biomedical research. We extract essential ter-
minologies and relationships from the article abstracts to convert
textual data into a KG. Additionally, each article is treated as an
entity to aid in identifying the relevant articles.

e A query recommendation system. To mitigate information over-

load, we present users with a focused subgraph that only includes

the queried entity and its neighboring nodes rather than display-
ing the entire KG. Moreover, we develop a query recommendation
system, which allows users to iteratively modify their queries
and observe the resulting subgraphs, facilitating a progressive

“path” toward discovering the most relevant articles.

A user-friendly GUIL We offer visualization of knowledge graphs,

query recommendations, and detailed information display for

each discovered article. An online demo is readily available.

2ApoE4 is a protein that plays a significant role in mammalian fat metabolism and is
closely associated with Alzheimer’s disease research within the proteomics domain.
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2 DISCOVERPATH SYSTEM

Figure 2 presents an overview of DiscoverPath. The system con-
sists of three modules: (i) a KG construction module responsible
for extracting terminologies and relations from articles and con-
structing the KG, (ii) a query recommendation system module that
offers relevant query suggestions to refine user queries, and (iii) an
interdisciplinarity visualization module that provides a GUL

2.1 Knowledge Graph Construction

We aim to construct a KG with “entities” and “relations” to illus-
trate the knowledge extracted from the abstract of the articles struc-
turally. Typically, a KG comprises several triplets extracted from the
sentences in the format of head entity, relation, and tail entities. Mo-
tivated by [23, 29], we construct the KG in two steps: (1) recognizing
biomedical-related terminologies as entities and (2) extracting verbs
and prepositions as relations between each biomedical-related term.
Specifically, we adopt name entity recognition (NER) methods from
BERN [15] to extract the potential biomedical-related entities in the
abstracts, where BERN is a neural biomedical entity recognition
tool trained on articles from PubMed. Then, we extract the rela-
tion from the raw abstract utilizing the pre-trained part-of-speech
tagging model from NeuralCoref [22].

We have presented the constructed KG to biomedical scientists
to validate the correctness of the generated knowledge graphs. The
feedback from the scientists indicates that the constructed KG is
consistent with the relationships of the articles.

2.2 Query Recommendation System

The query recommendation system aims to suggest queries for
refinement, where the recommended queries can be either an arti-
cle or a terminology. We train a recommendation model to learn
implicit relationships among the article-to-terminology networks
to generate the queries effectively.

The model is trained based on a collection of articles (A, w, w’) €
D #, where w and w’ denote the relevant and irrelevant terminol-
ogy of article A, respectively. Instantiated by [26, 27, 35], the objec-
tive is to learn the relationship between an article A and a positive
article A* that shares the same terminology as A, and a negative
article A~ that contains the irrelevant terminology w’ of A. In
the article-to-terminology network, the relations of each article
are generally composed of its relevant terminologies and its paper
relationship. The optimization criterion is to find an embedding
matrix © that maximizes the joint likelihood as follows:

Objective :==Inp(O] > #) o« In l—[p(w >q w'|@)p(0)
Da

= > n0((On (Ouas —Owa)) - AlOI2, (1)
Da

where w > # w’ denotes that article A related to terminology w
over terminology w” and A is a regularization parameter. For every
article A, in Equation 1, ©,,# represents the combination of an
article A and relevant terminology w; and ©,, 4 = © # + ©,,.

2.3 Interdisciplinarity Visualization

The GUI of DiscoverPath, as depicted in Figure 3, encompasses
three interfaces: (i) a graph visualization section that presents a
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Figure 2: An overview of DiscoverPath for interdisciplinarity knowledge discovery. The KG construction module extracts key
terminologies from research articles and converts them into a KG. Starting from an initial query, users progressively refine
and query based on suggested related queries from the query recommendation while examining subgraphs generated by the
interdisciplinarity visualization. Throughout this process, users can access detailed information on each article of interest.

visualization of the KG, (ii) a query recommendation field equipped
with a search bar for suggesting queries, and (iii) a detailed infor-
mation board for displaying information of selected entities.

2.3.1 Graph Visualization Section & detailed information board.
The KG constructed for biomedical research is extensive and com-
plex, making it challenging for users to easily explore entity infor-
mation at first glance when presented as a static image [1, 3]. To
tackle this obstacle, we present the KG through interactive visual-
ization. Users can effortlessly zoom in on a particular KG element
and drag entities to access further insights via pop-up windows.
Additionally, double-clicking an entity unveils relevant details on
the right-hand side information board. By incorporating these in-
teractive features, DiscoverPath offers a more user-friendly and
intuitive way to explore interdisciplinary knowledge.

2.3.2  Query Recommendation Field. During interdisciplinary ex-
ploration, initial queries provided by users may not always be
precise, resulting in retrieval results that do not fully meet their
expectations. We use query recommendations in DiscoverPath to
address this issue. The query recommendations are displayed in two
folders to interact with users, helping them refine their queries and
obtain personalized and informative KG in the graph visualization
section. The query recommendations can enhance the efficiency
and effectiveness of interdisciplinary exploration.

2.4 Interface Implementation Details

DiscoverPath is implemented based on a client-server architecture
consisting of a frontend interaction, a backend platform, and a graph
database. More details are shown as follows:

e Frontend (client). The frontend interface is built upon React [18]
framework, handling the communication with the backend via
HTTP API endpoints.

e Backend (API server). The backend framework Flask [21] offers
a flexible structure for API development and database connection
configuration. The backend processes retrieve data and provide
query recommendation algorithms for better search results.

e Graph database. Neo4j [19] graph database is used to store
and manage the data. The graph database can efficiently manage
complex and highly correlated data like KG.

Note that our system is not restricted to the biomedical domain
and can be easily implemented in other research areas. We can also
use other LLM-based KG construction methods [31, 36] and recom-
mendation algorithms [6, 16, 25, 25, 28] in the implementation.

3 USER PIPELINE AND CASE STUDY

In this section, we present the user’s perspective workflow of
DiscoverPath with a case study focused on Alzheimer’s disease.

3.1 Interdisciplinarity Discovery Pipeline

The user pipeline of DiscoverPath for interdisciplinarity discovery
is illustrated as follows:

o Step 1: Input an initial query. Users are required to provide
their queries in the search bar. After clicking the search bottom,
DiscoverPath can retrieve the related subgraph for personalized
exploration based on their initial queries.

o Step 2: Observe retrieved KG. After receiving the knowledge
graphs provided by DiscoverPath, users can deeply explore the
relevant information for interdisciplinary discovery with a GUI
and visualization. Recommended relevant papers are also listed
in DiscoverPath for wider exploration.

o Step 3: Explore additional knowledge: If users need more
information, DiscoverPath provides query recommendations
to help the users amend their initial queries to retrieve better
match-specific requirements. Users can go back to Step 1 with
refined queries and move to Step 2 for advanced exploration.
Step 3 is highly encouraged for whom are not familiar with the
appropriate search queries in specific disciplines.

3.2 Case Study of DiscoverPath

Given Alzheimer’s prominence as the fifth leading cause of death
in adults over 65, we employ the query “Alzheimer” to showcase
our system. In the visualized KG, yellow nodes denote articles’
PubMed IDs, blue nodes signify query-related terms, and edges
indicate node relationships. Paths link articles and terminology,
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Don't forget about tau: the effects of ApoE4 genotype on
Alzheimer's disease cerebrospinal fluid biomarkers in subjects
with mild cognitive impairment-data from the Dementia
Competence Network.
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PMID: 35061102
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Keyword: Alzheimer’s disease, Amyloid betad2, Apolipoprotein E, CSF biomarkers, Mild
cognitive impairment, Phopho-tau protein, Total tau protein
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APOE4, the strongest genetic risk factor for Alzheimer's disease (AD), has been shown to
be associated with both beta-amyloid (AB) and tau pathology, with the strongest evidence
\_for effects on AB, while the association between ApoE4 and tau pathology remains )

Figure 3: The GUI of DiscoverPath system.
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Figure 4: Case study on Alzheimer’s disease. Users input the
query "Alzheimer" in the search bar to retrieve the results.

while terminology-article-terminology paths uncover potential in-
terdisciplinary connections. Readers are encouraged to search with
other AD-related queries, including MCI, amyloid, cognitive, and
brain. In Figure 4, the following insights can be discerned:

e Terminologies Related with Alzheimer. The neighbor termi-
nology nodes of Alzheimer are: rTMS®, Apo-E 4, Af clearance®,
etc. The edges connected to these nodes indicate the relation-
ships of the terminologies with Alzheimer’s disease. For instance,
ApoE4 is the factor for Alzheimer’s disease (AD) and Alzheimer’s
disease is a neurodegenerative disorder. The visualized relation-
ships between these terminologies and Alzheimer’s disease align
with findings and discussions in previous works [2, 17].
Articles Related with Alzheimer. The neighbor article nodes
of Alzheimer’s disease are the papers with PMID 28474569 [17],
33737172 [30], and 33115936 [7]. The edges linking these paper
nodes reveal that Alzheimer’s disease is a prevalent terminology
within these papers.

3 Transcranial magnetic stimulation: A noninvasive form of brain stimulation.
4 Apolipoprotein-E: A protein involved in the metabolism of fats of mammals.
5A complex process mediated by various systems and cell types.

e Query Recommendation. The recommended queries are shown
beneath the KG visualization section, including “tau biomarkers”,
“group of lysosome enhancing compounds”, and “amyloid beta”,
etc. These recommended queries provide more specific informa-
tion than Alzheimer for deeper and more accurate exploration.

4 LIVE AND INTERACTIVE PART

In the demo session, we will present a live demo and video to explore
a AD topic using our system, focusing on the queries of “Alzheimer”.
Comprehensive instructions on how to utilize our system will be
provided, along with a selection of suggested queries to explore,
such as “CSF biomarkers” and “MCI".

5 CONCLUSION AND FUTURE WORK

In this work, we build DiscoverPath, a KG-based retrieval system
of biomedical data and articles, aiming to assist scientists in ex-
ploring interdisciplinary knowledge in biomedical research. The
goal of DiscoverPath is to promote interdisciplinary exploration
and improve the understanding of diseases, ultimately benefiting
patients. DiscoverPath is a full-stack system with effective KG-
based retrieval, query recommendations, and friendly graphic user
interaction. In the future, we will keep updating this system, in-
cluding extending the biomedical databases, exploring more ef-
fective ways of knowledge graph construction, developing more
efficient approaches for query recommendation [8], explainable
and fairness demonstrations [5, 9, 10, 14, 32], and data-centric Al
methods [33, 34].
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