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Abstract
Summary: Knowledge graphs are being increasingly used in biomedical research to link large amounts of heterogenous data and facilitate
reasoning across diverse knowledge sources. Wider adoption and exploration of knowledge graphs in the biomedical research community is
limited by requirements to understand the underlying graph structure in terms of entity types and relationships, represented as nodes and edges,
respectively, and learn specialized query languages for graph mining and exploration. We have developed a user-friendly interface dubbed
ExEmPLAR (Extracting, Exploring, and Embedding Pathways Leading to Actionable Research) to aid reasoning over biomedical knowledge
graphs and assist with data-driven research and hypothesis generation. We explain the key functionalities of ExEmPLAR and demonstrate
its use with a case study considering the relationship of Trypanosoma cruzi, the etiological agent of Chagas disease, to frequently associated
cardiovascular conditions.

Availability and implementation: ExEmPLAR is freely accessible at https://www.exemplar.mml.unc.edu/. For code and instructions for the
using the application, see: https://github.com/beasleyjonm/AOP-COP-Path-Extractor.

1 Introduction

Recent advances in high-throughput experimental techni-
ques have led to an explosion of biological and chemical
data, creating a critical challenge of intelligent data integra-
tion, harmonization, and efficient mining. Large-scale
efforts to integrate existing multi-scale data sources, such as
the NCATS Biomedical Data Translator program, seek to
eliminate “data silos” and interlink a collective cross-
disciplinary knowledge to enhance our understanding of hu-
man diseases and treatments (Austin et al. 2019). A critical
tool for the Translator program is the use of information
networks in the form of biomedical knowledge graphs
(KGs), such as Reasoning Over Biomedical Objects linked in
Knowledge Oriented Pathways (ROBOKOP) (Bizon et al.
2019). Biomedical KGs provide an efficient way to propose
mechanistic explanations for drug therapeutic effect and/or
chemical toxicity by representing facts involving biomedical
concepts, such as drugs, proteins, and diseases, as semantic
triples (subject, predicate, object) linked in graph databases.
Indeed, the use of KGs has led to exciting and impactful

research in recent times (Richardson et al. 2020, Bobrowski
et al. 2021, Korn et al. 2021).

Effective reasoning over knowledge graphs requires knowl-
edge of underlying graph structure, capacity to rapidly imple-
ment and tune queries, and tools to analyze numerous
answers and substantiate inferences by examining primary
knowledge sources. To address these needs, we have devel-
oped ExEmPLAR (Extracting, Exploring and Embedding
Pathways Leading to Actionable Research), a web-based in-
terface for mining knowledge graphs and embedding answer
subgraphs for machine learning predictions.

2 Description

2.1 Biomedical knowledge graph sources

We developed ExEmPLAR based on the Neo4j graph data-
base platform (https://neo4j.com/). The tool is designed to op-
erate on knowledge graphs implemented in Neo4j such that
any new Neo4j knowledge graph could be added with mini-
mal development. Biomedical KGs currently implemented in
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ExEmPLAR include: ROBOKOP KG (Bizon et al. 2019),
Hetionet (Himmelstein and Baranzini 2015), and
CompToxAI (Romano et al. 2022).

2.2 Query construction tool

The primary functionality of ExEmPLAR is a graphical user
interface (GUI) for rapidly constructing and editing queries in
the Cypher query language and executing those queries on
knowledge graphs linked to Neo4j databases. The
ExEmPLAR interface allows users to construct queries that
traverse a KG from a specified Start Node type to a specified
End Node type. Users may construct up to 10 unique paths
(P1–P10), with each individual path comprising up to 5 inter-
mediate nodes (Levels 1–5). Start, End, and Level 1–5 nodes
all include a text box for users to define specific node names
or identifiers that must be present in answers. In addition to
defining node types and entities, users may also define specific
predicates between nodes to further specify searches.

2.3 Node search function

For user convenience, ExEmPLAR includes a function to
search the selected KG for nodes names and IDs. Users can
type partial or full node names or IDs in the “Starting Points”
or “Ending Points” text boxes and search for nodes of the de-
fined type which contain the searched string. Suggestions for
node names and IDs will be displayed and can be copied into
the search box for use in queries.

2.4 Answer table and visualization

Answers appear in tabular form below the query construction
interface following retrieval from the KG. Each row in the an-
swer table represents a single, unique answer subgraph.
Columns can be hidden/unhidden by preference with the
“Toggle Columns” button. The table can be downloaded by
clicking the “Export” button. When the “Get Result
MetaData” checkbox is selected, the text of node and edge
properties can be viewed by hovering over the node or edge
name with the mouse cursor. To visualize individual answer
subgraphs, users may select the checkbox on the answer
rows. Multiple answer rows, or all answers, can be added to
build out a larger network based on a selected subset of
answers. This function helps highlight critical answers and
can aid hypothesis communication.

2.5 Save/load application state

ExEmPLAR includes a function to reproduce and share appli-
cation settings and results by producing a downloadable file
that encodes the current state of the application. The applica-
tion state can be reloaded by uploading the file.

2.6 Ranking by PubMed abstract co-mentions

Due to the highly interconnected nature of biomedical KGs,
longer query paths tend to return numerous answer sub-
graphs. ExEmPLAR can rank answers based on the number
of abstracts available on PubMed (https://pubmed.ncbi.nlm.
nih.gov/), which co-mention node names from KG answers.

When two columns are selected, only the counts between
terms in the columns are returned. When three columns are
selected, four abstract counts are returned: node(A)–node(B)
counts, node(A)–node(C) counts, node(B)–node(C) counts,
and the counts co-mention node(A), node(B), and node(C). In
addition to count values, ExEmPLAR also creates columns

hidden by default linking to the relevant PubMed co-
mentioning abstracts.

ExEmPLAR’s ranking system is highly tunable to user
needs. For instance, the user can choose to prioritize either
well-known or under-described relationships between nodes
depending on the context (e.g. prioritizing strongly supported
relationships with numerous co-mentions or under-explored
relationships with few co-mentions). Returning co-mention
counts for three columns provides the additional benefit of
allowing the user to “triangulate” support between the nodes
in the columns. For example, when co-mentions exist for
node(A)–node(B), node(A)–node(C), and node(B)–node(C)
pairs, but no co-mentions exist for the node(A)–node(B)–
node(C) triplet, one could infer that the individual facts be-
tween any two of A, B, and C are understood, but no known
mechanism or hypothesis exists that encompasses all three
nodes. (Swanson 1986). Recently, we used this method in
combination with the ROBOKOP KG to explore biological
mechanisms behind metal implant toxicity (Beasley et al.
2022). To improve specificity of the PubMed co-mention
search, ExEmPLAR includes a function to convert gene sym-
bols to the corresponding protein name according to the
HUGO Gene Nomenclature Committee (Tweedie et al.
2021).

2.7 Answer embeddings and principal component

clustering

Due to the highly interlinked nature of biomedical KGs, a
highly connected node may interfere with valid novel hypoth-
esis generation. A degree-weighted path count (DWPC) em-
bedding for Start-End node pairs can be generated from the
ExEmPLAR answer table. DWPC embeds the count of each
metapath, or specific sequence of node and edge types be-
tween start and end nodes, and down-weights the contribu-
tion of paths through highly connected nodes. The details of
the DWPC algorithm have been described previously
(Himmelstein and Baranzini 2015) and machine learning us-
ing DWPC features been applied to drug repurposing
(Himmelstein et al. 2017) and Alzheimer’s disease risk factor
gene prediction (Binder et al. 2022). Users may visualize the
proximity of Start-End pairs to one another in DWPC space
by generating 2D and 3D scatter plots along the 2D and 3D
principal components of DWPC features.

3 Case study

The protozoan parasite Trypanosoma cruzi (T.cruzi) is the
etiological agent for Chagas Disease, which kills ten thousand
people annually and affects nearly 7 million people world-
wide, primarily in low-income communities in Latin-America.
When the infection is not treated properly, the condition may
progress to a chronic disease state wherein up to 30% of
chronically infected people are prone to develop cardiac alter-
ations and 10% can experience enlargement of gastrointesti-
nal organs (PAHO/WHO 2023).

We demonstrated the utility of ExEmPLAR by examining
paths through the ROBOKOP KG that may explain the mech-
anistic relationship between T.cruzi infection and heart
conditions.

First, we constructed a query to ask which diseases are con-
nected to the T.cruzi organism. (OrganismTaxon(T.cruzi)—
Disease)
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Querying ROBOKOP for direct associations in infection
and disease returned results confirming that T.cruzi infection
is correlated with the several heart conditions: cardiomyopa-
thy, Chagas cardiomyopathy, myocarditis, dilated cardiomy-
opathy, hypertrophic cardiomyopathy.

We then constructed a query to ask which genes associated
with the above cardiomyopathies are involved in biological
processes or activities impacted by Chagas disease:
(OrganismTaxon(T.cruzi)-[causes]-Disease(Chagas disease)—
Gene-[genetically_associated_with]-Disease(Heart conditions
listed above))

At the time of this writing, querying ROBOKOP returned
59 results from this search. From these results, select answer
pathways were chosen to provide mechanistic insight into the
relationship between Chagas disease and heart conditions.

The results from these queries are summarized in Fig. 1,
which is generated in ExEmPLAR using the row-wise network
builder function. Figure 1 illustrates the causative agent
T.cruzi leading to Chagas disease, and common genetic fac-
tors shared between Chagas disease and heart disorders.

As a response to T.cruzi infection and development of
Chagas disease, a cascade of cytokines, such as IL-6, IL-b,
(Savino et al. 2007), and TNF (Pereira et al. 2014), are upre-
gulated to induce inflammation and activate lymphocyte cells
to fight against the parasite. LPL and STAT3 have also been
linked with the immune response to T.cruzi infection (Fu
2006, Chang 2019), and are related to cardiomyopathy, as
shown in Fig. 1.

In addition, the figure suggests that Chagas disease can also
be linked to cardiomyopathy through common associated

genes, such as DMD, VCL, and ADRB2. (Nigro et al. 1994,
Kamdar and Garry 2016, Deacon et al. 2019)

This case study can be readily reproduced by loading the
state of the app from the “Trypanosoma_exemplar.pickle”
file in Supplementary Information. It is important to note that
changes to underlying knowledge graphs queried by
ExEmPLAR may lead to different results if the query is re-
peated in the future.

4 Conclusions

We have developed ExEmPLAR graphical user interface
(GUI) for biomedical KGs to enable members of the biomedi-
cal research community to rapidly engage with biomedical
knowledge graphs. ExEmPLAR has been implemented as
both webtool (https://www.exemplar.mml.unc.edu/) and
standalone codebase (https://github.com/beasleyjonm/AOP-
COP-Path-Extractor). This software addresses a critical issue
standing in the way of wider adoption of knowledge graphs
for biomedical study—the requirement to learn specialized
query language skills and underlying KG structure.

With ExEmPLAR, users can (i) rapidly construct and tune
KG queries, (ii) rank answer paths by PubMed abstracts that
co-mention specific terms, (iii) pursue intriguing results by ex-
amining term co-mentioning links in the primary literature,
(iv) visualize key hypothetical paths, and (v) ultimately, gener-
ate annotations of answer path features to group node pairs
or train machine learning models in secondary workflows.
Results and findings can be easily communicated and repro-
duced with the save/load application state feature.

Figure 1. Chagas disease resulting from T.cruzi infection is associated with heart conditions including cardiomyopathy and myocarditis. ROBOKOP KG as

analyzed by ExEmPLAR reveals a mechanistic pathway whereby T.cruzi infection may contribute to heart conditions via dysregulation of common genetic

factors.
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Supplementary data

Supplementary data are available at Bioinformatics online.
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