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Abstract
Knowledge graphs (KGs) offer powerful visualization capabilities
that can transform how complex biomedical concepts are analyzed
and potentially taught. This paper explores the educational poten-
tial of our biomedical KG methodology – originally developed for
drug research – as a tool for biomedical education. By integrating
data from DailyMed and FDA databases through Named Entity
Recognition, we create intuitive visualizations of drug-disease re-
lationships, approval timelines, and administration patterns that
reveal pharmaceutical knowledge in ways traditional formats can-
not. Our KG framework encompasses 561 drugs and 176 diseases
connected through more than 1,000 relationships, providing rich
visual contexts to understanding complex biomedical interactions.
We discuss how the intuitive representation of pharmaceutical re-
lationships aligns with how people naturally process information,
suggesting promising applications for enhancing understanding
of biomedical concepts in educational settings. This work high-
lights how computer science innovations can potentially catal-
yse educational change in health sciences, making complex do-
main knowledge more accessible through visual, interactive ex-
periences. The relevant datasets and code are available at https:
//github.com/matpato/MedJsonify.git.

CCS Concepts
• Information systems→ Hierarchical data models; XPath;
Ontologies; Extraction, transformation and loading; Data
cleaning; • Applied computing→ Bioinformatics.
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1 Introduction
Medical and pharmacy education faces challenges in helping stu-
dents comprehend complex interconnections between drugs, dis-
eases, and biological mechanisms. Traditional textbook approaches
often struggle to convey multidimensional pharmaceutical knowl-
edge, leading to fragmented understanding. Knowledge graphs
(KGs) offer a solution by visually representing relationships be-
tween entities in an intuitive and explorable format [1]. This pa-
per extends our previous work on biomedical KGs for drug re-
search [2] – originally developed for research purposes, to address
educational challenges in health sciences. We demonstrate how
graph-based visualization techniques can transform abstract phar-
maceutical knowledge into accessible visual patterns that enhance
student learning. We focus on three applications: (1) visualizing
drug-disease relationships, (2) illustrating historical drug approval
patterns, and (3) representing administration routes for practical
training.

2 Methodology
Our KG framework builds upon our established methodology for
biomedical data integration as depicted in Figure 1. We integrate
data from DailyMed, Orange and Purple Books databases, with
preprocessing to ensure data quality 1 . Named Entity Recognition
(NER) establishes unique identifiers using a hierarchical approach:
DrugBank [3], ChEBI [4], or ingredient-based IDs for drugs; Disease
Ontology [5] and Orphanet [6] for conditions. We implemented
data wrangling to standardize heterogeneous sources into JSON
format, enabling consistent processing across datasets 2 . NER was
applied to assign unique identifiers, following a hierarchical ap-
proach: DrugBank, ChEBI, and active ingredient-based IDs. Disease
entities weremapped using both DO and Orphanet to maximize cov-
erage of rare conditions 3 . The resulting KG was implemented in
Neo4j, facilitating efficient traversal and sophisticated querying of
complex biomedical relationships 4 . We developed this framework
in Neo4j, enabling interactive visualization through its browser
interface. The graph represents drugs as primary nodes connected
via semantic relationships (has_indication, has_contraindication,
has_administration, is_approved) to disease nodes, administration
routes, and approval years.

1
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Figure 1: Overview of the workflow. The knowledge graph integrates drugs, indications, and contraindications from DailyMed,
Orange and Purple Books databases. Apache Airflow orchestrates monthly updates, while NER identifies drugs via ChEBI and
DrugBank, and diseases via Disease Ontology and Orphanet.

3 Visualization and Analytical Capabilities
The resulting KG enables multiple analytical dimensions that would
be difficult to perceive through traditional tabular analysis: (1)
Drug-DiseaseRelationshipMapping: Our KG contains 737 nodes
(561 drugs and 176 diseases) connected through 1,037 relationships
(539 therapeutic indications and 498 contraindications). The visu-
alization reveals therapeutic clusters and regulatory patterns that
highlight important pharmaceutical connections. (2) Temporal
Analysis of Drug Approvals: The bipartite graph structure com-
prising 947 nodes (894 drugs and 53 approval years) connected by
1,047 relationships reveals the evolution of regulatory patterns over
time, with notable acceleration in recent years. (3) Administra-
tion Route Analysis: The graph-based representation of 329 drug
nodes and 20 administration route nodes connected by 344 rela-
tionships reveals hierarchical patterns in drug delivery methods,
highlighting both common approaches and specialized routes.

4 Potential for Educational Impact
While our current work focuses on research applications, the visual
and interactive nature of our KG system demonstrates significant
potential for transforming how pharmaceutical knowledge could
be presented in educational contexts. The intuitive representation
of complex relationships aligns with how people naturally pro-
cess information, suggesting promising applications for enhancing
understanding of biomedical concepts.

5 Conclusion and Future Works
This work demonstrates how computer science innovations – specif-
ically KG technology – can transform biomedical data exploration.
By converting abstract pharmaceutical knowledge into interactive
visual representations, we enable more intuitive analysis that better
reflects the interconnected nature of biomedical domains. Computer
science serves as a catalyst for research advancement by providing

tools that align with how researchers naturally conceptualize com-
plex information, making KGs a powerful technology for exploring
intricate biomedical relationships. We plan to extend this research
in several directions: (1) Incorporating additional biomedical data
sources including clinical trial results and pharmacovigilance data;
(2) Implementing advanced graph algorithms for identifying novel
drug interaction patterns; and (3) Developing more intuitive inter-
active visualization interfaces to support exploratory research.
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