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Abstract 

Pharmacogenomics, the study of how an individual’s genetic makeup influences their response to medications, is a rapidly evolving field with 
significant implications for personalized medicine. As researchers and healthcare professionals face challenges in exploring the intricate rela- 
tionships between genetic profiles and therapeutic outcomes, the demand for effective and user-friendly tools to access and analyze genetic 
data related to drug responses continues to grow. To address these challenges, w e ha v e de v eloped PGxDB, an interactiv e, w eb-based platf orm 

specifically designed for comprehensive pharmacogenomics research. PGxDB enables the analysis across a wide range of genetic and drug re- 
sponse dat a t ypes - inf orming cell-based v alidations and translational treatment strategies. We de v eloped a pipeline that uniquely combines the 
relationship between medications indexed with Anatomical Therapeutic Chemical (ATC) codes with molecular target profiles with their genetic 
variability and predicted variant effects. This enables scientists from diverse backgrounds - including molecular scientists and clinicians - to link 
genetic variability to curated drug response variability and investigate indication or treatment associations in a single resource. With PGxDB, we 
aim to catalyze innovations in pharmacogenomics research, empower drug discovery, support clinical decision-making, and pa v e the w a y f or 
more effective treatment regimens. PGxDB is a freely accessible database available at https:// pgx-db.org/ 
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Introduction 

Pharmacogenomics (PGx), the study of the interplay between
an individual’s genetic profile and their response to pharma-
ceutical agents, represents an emerging and rapidly advancing
field within personalized medicine. By elucidating the genetic
factors that influence drug metabolism, efficacy, and toxicity,
Received: August 16, 2024. Revised: October 25, 2024. Editorial Decision: Octob
© The Author(s) 2024. Published by Oxford University Press on behalf of Nuclei
This is an Open Access article distributed under the terms of the Creative Comm
which permits unrestricted reuse, distribution, and reproduction in any medium, 
pharmacogenomics enables the tailoring of drug therapies to 

achieve optimized therapeutic outcomes, for a more precise,
effective and safe drug therapy ( 1 ). This approach contrasts 
with the traditional ‘one-size-fits-all’ approach of prescribing 
drugs based on population averages independent of individ- 
ual genetic markers. The integration of pharmacogenomics in 
er 28, 2024. Accepted: October 28, 2024 
c Acids Research. 
ons Attribution License (https: // creativecommons.org / licenses / by / 4.0 / ), 
provided the original work is properly cited. 

https://doi.org/10.1093/nar/gkae1127
https://orcid.org/0000-0001-5514-6021
https://orcid.org/0000-0002-4299-7561
https://orcid.org/0000-0003-1098-6419
https://pgx-db.org/


Nucleic Acids Research , 2025, Vol. 53, Database issue D 1487 

c  

d  

a  

l  

d  

d  

p  

c  

o  

e  

w  

s  

o  

m  

c  

t
 

m  

a  

c  

r  

(  

v  

P  

o  

g  

T  

t  

p  

C  

i  

h  

P  

p  

d  

v  

i
 

s  

f  

t  

w  

S  

t  

c  

t  

a  

f  

y  

r  

a  

m  

f  

e  

s  

m

M

W

P  

t  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/nar/article/53/D

1/D
1486/7905303 by Institute of Biotechnology user on 17 January 2025
linical practice can lead to a significant reduction in adverse
rug reactions, which are a leading cause of hospitalizations
nd deaths ( 2 ,3 ). Prospective genotype-guided treatment se-
ection has been shown to reduce incidents of clinical adverse
rug reactions (ADRs) with feasible implementation across
iverse healthcare systems ( 4 ). This has been particularly im-
actful in areas such as oncology, where treatments can be
ustomized based on the somatic genetic profile ( 5 ). More-
ver, pharmacogenomics facilitates drug discovery by uncov-
ring novel therapeutic targets and elucidating cellular path-
ays, while also enabling the prediction of drug efficacy and

afety in different populations ( 6–8 ). By stratifying patients
r subjects into groups based on their genetic profiles, phar-
acogenomics can significantly reduce the rate of failures in

linical trials, leading to more efficient and targeted therapeu-
ic development ( 9 ). 

Pharmacogenomics databases and resources, like Phar-
GKB ( 10 ), have been instrumental in cataloging the avail-

ble literature by providing comprehensive information about
linical guidelines and drug label annotations. Other notable
esources in this field include the Human Cytochrome P450
CYP) Allele Nomenclature Database ( 11 ), which focuses on
ariations in drug-metabolizing enzymes, and the Clinical
harmacogenetics Implementation Consortium (CPIC) ( 12 ),
ffering guidelines for detailed gene / drug clinical practice
uidelines. Additionally, the Pharmacogenomics Knowledge
ranslation (PharmCAT) interprets pharmacogenomic geno-
ype data ( 13 ), and the NIH’s Genetic Testing Registry (GTR)
rovides detailed information about genetic tests ( 14 ). The
linVar database annotates reports about human variation,

nterpretations of the relationship of that variation to human
ealth, and the evidence supporting each interpretation ( 15 ).
reMedKB is a precision medicine knowledge base for inter-
reting relationships between indications, genes, variants and
rugs ( 16 ). Finally, DAN (Drug Association Networks ) pro-
ides a systems pharmacogenomic landscape of drug similar-
ties based on cellular gene expression signatures ( 17 ). 

PGxDB introduces a novel perspective to this array of re-
ources by offering a highly interactive and user-friendly plat-
orm that integrates diverse data types, including molecular
arget profiles, adverse reactions, and indications associated
ith both approved drugs and investigational compounds (see

upplementary Table S1 and the case example in Supplemen-
ary Data for a comparison with other similar resources). By
ombining drug profiles indexed at each ATC level with de-
ailed genetic data, health associations, and statistical associ-
tions, PGxDB delivers a more comprehensive analysis plat-
orm on the pharmacogenomics landscape. The network anal-
sis and visualization modules further enhance the user expe-
ience, enabling an intuitive exploration of complex genetic
nd pharmacological interactions. This new resource comple-
ents existing databases by providing a dynamic environment

or comprehensive research and hypothesis testing, thereby
nriching the pharmacogenomics toolkit and facilitating as-
ociation discovery and clinical applications in personalized
edicine. 

ethods 

orkflow overview 

GxDB provides a comprehensive overview of diverse data
ypes, serving as a centralized hub for pharmacogenomics in-
tegrative analysis. The included data encompasses approved
drugs and investigational compounds associated with indi-
cations target profiles, and adverse reactions. In addition,
we integrated normalized variant effect prediction (VEP)
scores across 41 resources, target-based drug association sum-
mary statistics, clinical guideline and drug label annotations.
The menu system categorizes information by drug, indica-
tion, target, and variant search functions, enabling retrieval
of relationships such as drug-target interactions, drug indi-
cation, adverse drug reactions, and variants affecting drug
responses. Additionally, drugs are assigned an Anatomical
Therapeutic Chemical (ATC) classification code where pos-
sible, a system maintained by the World Health Organiza-
tion (WHO) ( https:// atcddd.fhi.no/ atc _ ddd _ index ). This clas-
sification system standardizes the categorization of medica-
tions based on their therapeutic use, pharmacological proper-
ties and anatomical site of action. The ATC system is a hierar-
chical classification system, structured into five levels, which
serves as a browsing tool to explore drugs and investigational
compounds. Figure 1 shows the overall data collection work-
flow, with more details provided in the section: ‘ Data collec-
tion and curation ’. 

Data collection and curation 

Drug data 
Using DrugBank database (version 5.1.12 released on 2024-
03-14 for academic users) ( 18 ), we collected 6504 drug-
like molecules (small molecules and biologics) interacting
with one or more target proteins. Additionally, we inte-
grated physiochemical and toxicity information for these
drug-like molecules using a custom python script. Among
all drug molecules, 483 are biologics (including antibodies,
vaccines, recombinant therapeutic proteins or other biolog-
ical molecules), and 6021 are small molecules. We further
classified all drug molecules into six categories based on
their clinical development and approval status (approved, vet-
approved, nutraceutical, experimental, investigational, and il-
licit). Approved drugs are formally authorized by regulatory
agencies, such as the U.S. Food and Drug Administration
(FDA), the European Medicines Agency (EMA), or other na-
tional health authorities for treating human patients. Vet-
approved drugs are for animal treatments whereas nutraceu-
ticals have demonstrable nutritional effects. Investigational
compounds have not been approved but are currently under
investigation in clinical trials (phase I, II or III). Experimen-
tal drugs are compounds that have not yet been investigated
or approved in any clinical trials but have preclinically shown
to bind specific target proteins. Finally, illicit compounds are
banned substances in most developed nations (such as cocaine
and heroin). There are 2377 approved and 36 vet-approved
drugs, 30 nutraceuticals, 1051 investigational, 2975 experi-
mental compounds (preclinical) and 35 illicit compounds. 

Target protein and gene annotation data 
We retrieved 2969 proteins for the integrated drugs and com-
pounds in PGxDB. We classified the protein targets into 14
superfamilies, named: ion channel, kinase, enzyme (other than
kinase), transporter, GPCR, adhesion-GPCR, membrane re-
ceptor (other than GPCRs), secreted protein, structural pro-
tein, epigenetic regulator, nuclear receptor, transcription fac-
tor, surface antigen and unclassified (for proteins for which
we could not find any superfamily designation). These super-

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkad1127#supplementary-data
https://atcddd.fhi.no/atc_ddd_index
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Figure 1. Data collection and integration w orkflo w. T he data collection and integration w orkflo w combine div erse dat a t ypes, including drugs, 
indications, adverse drug reactions, drug targets, genes, genetic variants and phenotype associations obtained from high-quality curated databases. It 
encompasses variant effect prediction scores, gene-based association summary statistics, and pharmacogenomics data. Relationships among these 
entities are organized using the Anatomical Therapeutic Chemical (ATC) classification system and drug-interaction data from Drugbank. The workflow 

highlights the source databases and includes integrated data statistics to provide a comprehensive view of the data and their integrations. 
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families were originally derived from ChEMBL (version 33)
( 19 ) and were further fine-tuned manually. For instance, ‘ty-
rosine kinase’ was mapped to kinase and ‘7tm receptor’ was
mapped to GPCR. Some of the bigger families were subdivided
into smaller families, for instance, adhesion is a sub-family of
GPCRs. We also integrated additional information such as the
primary sequences from UniProt ( 20 ), and predicted 3D struc-
ture from the AlphaFold protein structure database (AFDB)
( 21 ). We opted to use protein structure data from AFDB over
the curated structures from Protein Data Bank for better map-
ping due to its consistency and more comprehensive coverage
in regions where experimental methods like X-ray crystallog-
raphy or cryo-EM have limitations such as in flexible loops,
disordered regions, or mutated residues. Finally, for each tar-
get protein, gene annotations were retrieved from the GRCh38
genome assembly (release 112, on 2024-02-20). 

Drug-indication data 
Approved and investigational drug-indication pairs are
sourced from RepurposeDrugs ( 22 ), which has its own semi-
automated pipeline to extract approved drug-indications via
the ClinicalTrial’s API ( https:// clinicaltrials.gov/ data-api/ api ).
Investigational indications (phase I–III) both for approved
drugs and investigational compounds are extracted from the
ChEMBL database (version 33) ( 19 ). Collectively, we ob-
tained ∼1 600 unique drug-indications. We then mapped these
indications to Unified Medical Language-Concept Unique
Identifiers (UML-CUIs) available at ( 23 ). Next, we aggregated
indications into 25 classes based on DisGeNET’s manually
curated indication ontology ( 23 ). To integrate investigational
drug-indications from ChEMBL, we used UniChem’s API ( 24 )
to first map DrugBank IDs into standard InChiKeys and then
standard InChiKeys to ChEMBL IDs. Investigational indica-
tions originating from ChEMBL are represented using Exper-
imental Factor Ontology (EFO) ( 25 ,26 ] and Medical Subject
Headings (Mesh) IDs ( 26 ). Consequently, we mapped all EFO
and MESH IDs to UML-CUIs so that both approved and in- 
vestigational indications are linked with UML-CUIs and as- 
signed indication classes. We employed distinct color-codings 
for each indication class and integrated filtering options for 
end-users to customize the network visualization. Users can 

then export the visualization into a high-definition figure,
which is licensed under a Creative Commons Attribution (CC 

BY) License, allowing to freely use, distribute, and build upon 

the material for scientific research and publications, provided 

that appropriate credit is given to the original authors. 

Variant data 
We began by obtaining single-variant and gene-based asso- 
ciation summary statistics from Genebass ( 27 ), a repository 
of association statistics, to identify variants in our collected 

2969 genes. Genebass provides aggregated exome-based asso- 
ciation analyses on a wide-range of phenotypes across nearly 
400 000 individuals from the UK Biobank. We selected health- 
related outcomes across 17 categories ( Supplementary Table 
S2 ). These categories fall under the subcategory ‘First occur- 
rences’ within ‘Health-related outcomes’ and ‘Medication’ un- 
der ‘V erbal interview, ’ which are part of the ‘UK Biobank As- 
sessment Center’ in the UK Biobank dataset ( https://biobank. 
ndph.ox.ac.uk/ showcase/ ). They were assigned 681 unique 
phenotype codes spanning a range of health outcomes from 

perinatal and congenital conditions to mental and behavioral 
disorders, infectious indications, and organ system-specific 
disorders. We retrieved burden association statistics includ- 
ing P -values and beta effect sizes (strength of association (and 

direction as standard deviation difference of the phenotype) 
for each gene-based and single-variant linked to these pheno- 
types. 

With the variant markers sourced from Genebass for our 
collected genes and all corresponding ∼1 300 000 unique 
variants, we acquired corresponding variant effect prediction 

(VEP) scores from over 41 different algorithms including SIFT,

https://clinicaltrials.gov/data-api/api
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkad1127#supplementary-data
https://biobank.ndph.ox.ac.uk/showcase/
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olyphen, PrimateAI and AlphaMissense, among others. To
btain those, we utilized two notable plugins from the En-
embl Variant Effect Predictor ( 28 ), dbNSFP and AlphaMis-
ense ( 29 ,30 ). Raw prediction scores have been min-max nor-
alized to the range [0,1] to facilitate comparison across VEPs

 Supplementary Table S3 shows a list of all included algo-
ithms). 

Finally, we obtained ∼5200 clinical annotations of variant-
rug interactions involving ∼420 drugs and ∼500 protein tar-
ets from PharmGKB ( 10 ). This allows users to directly com-
are molecular and clinical information on a by-variant basis
n their drug-interacting gene of interest. 

dverse drug reactions data 
e collected drug adverse reactions and their frequencies from

IDER ( 31 ) ( http:// sideeffects.embl.de/ ). The frequency refers
o the number of patients who experienced a specific adverse
eactions while taking a particular medication. This informa-
ion is extracted from drug labels and is based on data avail-
ble in the MedDRA (Medical Dictionary for Regulatory Ac-
ivities) dictionary ( 32 ). If the percentage value for a given id
ad been given as an interval (e.g. 8–10), we selected the upper
ound (10, in this case). Of note, the frequency is not necessar-
ly related to the number of studies that reported the adverse
rug reaction. Instead, it represents the proportion of patients
n a study who experienced adverse reactions. This informa-
ion is useful for understanding the prevalence of adverse re-
ctions associated with a particular medication and can help
nform clinical decisions about its use. 

echnical implementation 

 number of frameworks and tools were utilized
o build PGxDB. Specifically, we used Python-based
ackages (Pandas ( 33 ), Numpy ( 34 ), Hail ( https:
/ github.com/ hail-is/ hail/ releases/ tag/ 0.2.13 ), pyspark
 https:// spark.apache.org/ docs/ latest/ api/ python/ ), psutil
 https:// github.com/ giampaolo/ psutil ) for data collection and
rocessing. For the backend, we adopted the Django frame-
ork and for the frontend a combination of HTML, CSS and

avaScript is used. PostgreSQL database management system
DBMS) is used for storing and managing the data. It is worth
oting that when construcing the relational database, we
ried to keep unique identifiers of data points. This ensures
hat one can use the international unique identifiers of these
bjects—e.g. DrugBank IDs for drugs or UniProt accession
umbers for proteins. For data points with more than one
nternational identifiers, we believe that it is not optimal to
ttempt to convert variant identifiers across different genome
nnotation databases, such as Ensembl, UCSC, Gencode,
efSeq, and NCBI. We then used the Ensembl annotation
ethod to denote variant identifiers, as it is straightforward:
hromosome_Coordinate_Reference / Alternative allele,
.g. 20_50 581 449_C / G. This annotation method is also
sed by Genebass. For variants with different annotation
ethods, such as the RefSeq variant annotation used by
harmGKB, we kept them in their original form. For the
ata browsers, which include the variant effect prediction
cores, gene association-based summary statistics, we im-
lemented the DataTables.js module ( https://datatables.net )
long with yadcf.js ( https://yadcf-showcase.appspot.com ).
hese modules facilitate sorting and filtering functionalities.
or the network comparison and analysis, we used Networkx
( https:// networkx.org/ ), a Python library. The network visual-
izations and plots were crafted in JavaScript, with a primary
emphasis on the D3.js framework ( https://d3js.org ) to cre-
ate SVG figures and animations. We also employed 3Dmol
( https:// 3dmol.csb.pitt.edu/ ), another Javascript library to
build the 3D protein structure viewer. PGxDB adheres to
the FAIR principles (Findable, Accessible, Interoperable, and
Reusable), ensuring the data is available to a wide range of
users, regardless of their technical expertise. 

Comprehensive data access and navigation tools 

PGxDB provides an integrated suite of features designed to
enhance data retrieval and navigation for users. Key function-
alities include: 

Dedicated search pages : Each main data type—drugs, indi-
cations, target proteins and variants—has a dedicated search
page. Users can search for specific entry by entering their
names or identifiers, with auto-complete suggestions to facil-
itate quick access. The search results provide detailed infor-
mation and include hyperlinks to both internal pages and ex-
ternal resources such as DrugBank, UniProt, and Clinicaltri-
als.gov. 

Interlinked data of different types : Drugs, proteins, genes,
variant, etc., are interconnected across the website, allowing
users to seamlessly navigate between related data points (de-
tailed in Supplementary Table S4 ). 

Chromosome / contig name mapping tool : To address in-
consistencies in chromosome / contig naming conventions
across different resources, we provide a ID-mapping tool. This
tool assists users in mapping ids and names across UCSC, En-
sembl, Gencode, RefSeq, and NCBI for human genome assem-
blies GRCh37 and GRCh38, streamlining the comparison pro-
cess. 

User support and documentation : A comprehensive tutorial
page guides users on how to use specific menus, sub-menus,
and functions, ensuring efficient data retrieval. Additionally, a
detailed documentation page explains the website’s structure
and data content, aiding users in understanding and navigat-
ing the platform effectively. 

Application Programming Interface (API) : Using the
Django REST framework, our APIs allow retrieval of all un-
derlying data using simple Python code snippets. This enables
users to integrate the data into their applications and work-
flows efficiently or to continue local analysis. 

Results 

Protein variant lookup and interpretation 

This gene-specific browser offers a comprehensive tool for ex-
ploring genetic variants and their potential impacts on drug-
interacting proteins. By mapping each variant to its respec-
tive protein residue, it allows users to visually interpret variant
effects through interactive, color-coded displays, dynamic ta-
bles, and detailed annotations, supporting deeper insights into
the functional implications of genetic variability. Each target
lookup ( https:// pgx-db.org/ target _ lookup/ ) presents compre-
hensive variant information for each drug-interacting protein.
The canonical protein sequence of the selected gene is shown,
where each coding gene variant is mapped to the correspond-
ing protein residue. Selecting a specific amino acid will display
all variants that occur at the given position. Amino acids are
color-coded to reflect the predicted effect of occurring genetic

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkad1127#supplementary-data
http://sideeffects.embl.de/
https://github.com/hail-is/hail/releases/tag/0.2.13
https://spark.apache.org/docs/latest/api/python/
https://github.com/giampaolo/psutil
https://datatables.net
https://yadcf-showcase.appspot.com
https://networkx.org/
https://d3js.org
https://3dmol.csb.pitt.edu/
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkad1127#supplementary-data
https://pgx-db.org/target_lookup/
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Figure 2. Gene-specific variant browsing tool. (A) Protein amino acid sequence and variant visualization on a predicted 3D protein str uct ure (B) Variant 
annotations and linked violin plots summarizing variant effect prediction scores from 41 different algorithms (see Supplementary Table S3 for details). (C) 

Variant association summary statistics on health and medication outcome phenotypes. 
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variants. Variants can be highlighted, which are then displayed
in the 3D structure predicted by AlphaFold2 on the right. The
structural representation can be rotated, zoomed in / out, and
exported as an image (Figure 2 A). Basic variant annotations
such as gene location, primary transcript, sequence position,
strand location, wild type and mutant amino acids, minor al-
lele frequency, and consequence annotations are provided in
a dynamic table below (Figure 2 B). 
The table is further extended with commonly used and 

readably available variant effect prediction scores (for now 

41 distinct algorithms) designed to assess the potential im- 
pact of genetic variants (see Supplementary Table S3 ). The dis- 
played normalized rank scores between 0 and 1 represent the 
ratio of the rank of the score over the total number of scores 
given by that algorithm. This facilitates direct comparison be- 
tween different algorithms and relative interpretation. A rank 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkad1127#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkad1127#supplementary-data
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Figure 3. PGxDB snapshot. (A) Tree-like browser that allows for selection of ATC codes at all levels, from Anatomical group (level 1; e.g. B—blood and 
blood-forming organs) to Chemical substance group (level 5, e.g. S03BA01). Clicking on the network button next to each ATC code description opens a 
net work det ail in the right panel. (B) Net work visualization of the drug-t arget interactions and dr ug-indication associations for the dr ug Dexamethasone 
(A TC: S03BA0 1) and additional t abs that provide tools and dat a underlying the net work. W ithin each t ab, a link to the document ation page is provided 
presenting more detailed explanations of features and functions. (C) Network feature comparison for two different ATC codes (e.g. distributions of 
drug-protein interaction modes in the networks of S03BA01 and S03BA03). (D) Pharmacogenomics data browser on clinical drug label annotations 
related to all drug-target interactions within the network and (E) Table displaying adverse drug reactions of drugs within the network (both for 
Dexamethasone). (F) Variant browsing tool for a selected gene with variant effect prediction scores from 41 distinct algorithms in color gradient ranging 
from 0 to 1 alongside (G) representations of the distributed scores of all effect prediction scores for user-selected variants (H) Selected examples 
among 15 API endpoints allowing for automated data access and testing. 
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core close to 1 indicates a predicted mutation to be highly
mpactful, regardless of the original scoring scale (Figure 3 F).

e also provide the mean and standard deviation across all
EP scores for quick sorting and overview (Figure 3 ). When

hoosing ‘Hide VEP scores" (top right), a link to single-variant
ssociation statistics will replace the VEP scores. A new win-
ow will display significant associations ( P -values ≤ 0.05) of
his variant when available (described in the next section). The
able browser facilitates easy navigation, filtering, and sorting
f variant information, with options to download the under-
ying data. Additionally, the accompanying chart displays in-
eractive violin plots of effect prediction scores for all selected
ariants to allow easy comparison, which users can download
or further reference (Figure 3 G). 

ariant-based association summary statistics tool 

EP tools, which are aimed at the prediction of the
athogenicity of genetic mutations given underlying training
n disease data and evolutionary conservation, are not specif-
cally designed for the prediction of drug effects ( 35 ). There-
ore, we employed additional data from large-scale population

ohorts and associations to medication use and other health  
outcomes. This may further aid the interpretation of predicted
variant impacts through their relevance to human indications
and traits. We are providing summary association statistics
sourced from Genebass ( 27 ) underlying the UK Biobank co-
hort for each coding variant for a selected protein and provide
information on the population frequencies as well as the num-
ber of cases and controls for the specific variant-phenotype
combination. This is provided in a pop-up browser further
allowing filtering, sorting and downloading of variant-based
association data (Figure 2 C). 

Collectively, the integration of variant effect prediction
scores from multiple algorithms, along with population-
based association data, allows researchers to assess variant
pathogenicity within a clinical context, helping to identify ge-
netic markers that may correlate with patient-specific drug re-
sponses. 

Heterogeneous drug networks, grouped by 

therapeutic, pharmacological and chemical 
properties 

The platform offers a unique approach to combining the hi-
erarchical ATC classification with network-based drug inter-
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action data in a comprehensive manner. The ‘ ATC classifica-
tion hierarchy browser ’ page at https:// pgx-db.org/ atc _ lookup
simplifies the search process for ATC codes. It follows a 5-tier
structure, starting from the anatomical group and progres-
sively narrowing down through therapeutic, pharmacological,
and chemical levels to the specific 7-character chemical sub-
stance codes (Figure 3 A). The number of unique ATC codes
at each level is 14, 93, 263, 884 and 5 368, respectively. By
clicking any ATC code, users can explore a network that vi-
sualizes drug-protein interactions and / or drug-indication as-
sociations. 

It is additionally essential to describe the network of ATC
code X, focusing on the drugs it contains. This network in-
cludes all drugs associated with the chemical substance codes
at the most specific level within X’s hierarchy. For example,
the A TC code ‘ A07A’ represents a pharmacological group
that consists of two chemical subgroups: A07AA and A07AB.
A07AA contains 15 substance codes, while A07AB contains
3 substance codes. Therefore, the network of A07A includes
drugs linked to all 18 of these specific substance codes. In
addition to these drugs, the network also comprises the pro-
teins that interact with them and the diseases for which drug-
disease association studies exist. The interactive features of
these networks are further described in the following sections.

Analysis tools based on heterogeneous drug 

networks 

Network statistics 

The first element users will notice is an overview table that lists
drugs linked to the selected ATC code and its related subcodes.
This table highlights interacting protein targets color-coded
by their type of interaction (target, transporter, carrier and en-
zyme), as well as associated indications for each drug. Directly
beneath the overview table is a panel with five tabs. The first
tab, ‘Network visualization’, provides a tripartite network vi-
sualization with drugs, targets, and indication nodes (Figure
3 B; described in more detail in ‘ Interactive indication-drug-
protein interaction netw or k ’ below). In the second tab, ‘Net-
work Statistics’, overall network statistics of the selected net-
work comprising the drugs, protein targets, and indications
are presented. It also includes information on molecule types,
the included agents’ clinical developmental statuses, the type
of drug-protein interaction, phases of clinical trials for drug-
indication associations and indication classes within the net-
work. 

Network analysis and comparison tool 

The ‘Network analysis and comparison’ tool in the third tab
allows users to either analyze the network topology of the
currently selected ATC code (without requiring an additional
ATC code) or perform a side-by-side comparative analysis
by entering another ATC code. Previous studies have shown
that representing this data in a graph (network) topology can
provide valuable biological insights. For example, it has been
shown that targets of approved drugs tend to demonstrate
higher protein-protein interaction network centrality than tar-
gets of drugs at earlier approval stages, suggesting that net-
work centrality may be associated with therapeutic targetabil-
ity ( 36 ). Moreover, it has been stated that the degree (number
of connections of a node in a network), and betweenness cen-
trality (the fraction of shortest paths through a given node in
a network) are among important measurements of biological 
networks ( 37 ). We therefore provide a variety of these and ad- 
ditional network statistics to facilitate analysis and compari- 
son options (see Figure 3 C). Supplementary Table S5 provides 
detailed description about these comparison options. 

Pharmacogenomic insights 

The next tab, ‘Network Pharmacogenomics’, presents both 

‘burden data’ on gene-based and variant-specific association 

statistics and ‘Clinical PGx Data’ from annotated drug la- 
bel information on all the drug-protein interactions within 

the network. When available, the ‘Clinical PGx Data’ (Figure 
3 D) subsection provides detailed variant annotations, includ- 
ing variant identification, drug mode of action, phenotype cat- 
egories (e.g. efficacy or safety), clinical significance, direction 

of effect, associated p-values as provided in the primary stud- 
ies, and included ancestries as ‘biogeographical groups’ from 

the discovery cohort. The ‘Burden data’ subsection displays 
results from burden tests, which assess the aggregate impact 
of genetic variants on genes (proteins) in relation to the pheno- 
types (drugs) within the network. This data is further catego- 
rized into gene-based and variant-based statistics, for which 

both statistical significance (p-value) and strength of associ- 
ation (BETA effect size) are presented derived from burden 

tests. For each association pair, up to four functional anno- 
tation categories can be selected: predicted Loss-of-Function 

(pLoF), missense|LC (including low-confidence pLoF variants 
and in-frame insertions or deletions), synonymous, and the 
combination pLoF and missense|LC group. Additionally, the 
underlying number of cohort cases and controls are presented.

This allows researchers to investigate whether specific ge- 
netic variants and / or gene-based associations for specific pro- 
tein groups contribute to the likelihood of experiencing cer- 
tain ADRs and drug associations, directly linking genetic bur- 
den testing results to real-world adverse effects. This allows 
for a more comprehensive analysis of how drug–protein inter- 
actions within the network are influenced by genetic variation 

guiding more precise drug discovery and treatment strategies.

Adverse drug reaction overview 

The last tab, ‘Network adverse drug reaction’, shows adverse 
reactions, if available, for drugs within the network (Figure 
3 E). For each adverse drug reaction (or side effect), a short 
definition and the frequency found in the surveyed population 

are presented. A gradient color coding is applied to quickly 
provide an overview of more frequent ( red ) and less frequent 
( orange ) adverse effects. 

This feature highlights drugs with frequent adverse ef- 
fects, which can help researchers prioritize future pharma- 
cogenomic studies. By identifying drugs with high variability 
in ADRs, researchers can focus on those medications and their 
targets for investigation of genetic markers via the ‘target’ and 

‘variant’ tabs aimed at uncovering possible genetic predispo- 
sitions. 

Interactive indication–drug–target interaction 

network 

We developed an interactive indication–drug–target interac- 
tion network that allows researchers to visually explore and 

analyze complex relationships between indications, drugs and 

their molecular targets facilitating the identification and ratio- 
nalization of on- and off-target-based drug response variabil- 

https://pgx-db.org/atc_lookup
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkad1127#supplementary-data
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ties. The more than 6000 interactive tripartite networks offer
 dynamic view and contrastive comparison across any ATC-
evel indication-drug-target interactions (Figure 4 A). 

Each node in the network represents either a drug (pill-
haped, distinguished by molecule type and clinical status), a
rotein (round, color-coded by superfamily), or indication (tri-
ngular, color-coded by indication class). Expanding a node
eveals additional details such as protein properties, drug
olecule structure, aliases, drug indication and development

tage. 
Links represent drug-protein interactions and / or drug-

ndication associations. Solid lines indicate drug-protein in-
eractions, color-coded by interaction type: Targets (thera-
eutic binding sites), Enzymes (metabolic conversion), Car-
iers (modifying pharmacokinetics) and Transporters (facili-
ating drug movement across membranes). Dotted lines show
rug-indication relationships, color-coded by the highest clin-
cal trial phase of the underlying association studies (Fig-
re 4 A). Linked pharmacogenomic information annotated be-
ween protein variants (e.g. SNP, haplotype) and a phenotype
e.g. efficacy , toxicity , dosing) can be retrieved from the ‘Net-
ork pharmacogenomics’ tab (Figure 4 B). 
This dynamic network display enables researchers to inter-

ctively dissect the molecular underpinnings of drug response
ariability (see use case examples), particularly in the context
f on- and off-target effects. Users can conduct in-depth anal-
ses of ATC-level interactions and identify patterns of protein
ariants (e.g. SNPs, haplotypes) that may influence phenotypic
utcomes like efficacy , toxicity , or dosing thereby supporting
he rationalization of drug response variability. 

se case 1—exploring the relationship between 

olecular interaction profiles and 

harmacogenomics 

bjective: Find the connection between drug response vari-
bility, protein interaction, and genetic association for a drug
f interest (here warfarin). 
How: We first search for warfarin in ‘Drug search’ to obtain

ts ATC code (B01AA03). Next, we navigate to B01AA03 and
hoose the ‘Network pharmacogenomics’ tab. 

Result: On the same page, we see clinical PGx data, the
harmacodynamic or pharmacokinetic relationships along-
ide the primary evidence for drug-response variability. In-
erestingly, when navigating to ‘gene-based burden data’, we
an see that several proteins in the network also show a drug-
ssociated burden association for different aggregates of pop-
lation mutations (e.g, pLoFs for warfarin and ALB). Open-
ng the gene-view for ALB offers a closer look at the various
utations, providing an opportunity to generate hypotheses

or further investigation. For instance, an in vitro pharma-
ologist might select specific mutations based on the 3D pro-
ein structure and / or those with strong variant effect scores,
hich could form the basis for experimental testing to deter-
ine which mutations drive the cellular effects of warfarin-
ediated drug-response variability. 

se case 2—comparing drug adverse reaction 

rofiles of two similar ATC codes 

bjective: Compare the adverse reactions of drugs in sim-
lar ATC codes . Here, we compare adverse reactions of
rugs in ‘Non-selective monoamine reuptake inhibitors’
ATC: N06AA) with those from ‘Selective serotonin reup-
take inhibitors’ (ATC: N06AB). Both Anticholinergic agents
and Dopaminergic agents fall under ‘Antidepressants’ (ATC:
N06A). 

How: Navigate to N06AA and select ‘Compare network
adverse drug reactions’ in ‘Network comparison’ tab and add
N06AB as a comparator. 

Result: We note that N06AB contains fewer drugs with
fewer drug-protein interactions (234 versus 86 respectively),
while displaying more drug-indication associations (74 versus
133). The result table lists all available ADRs for each drug,
together with the frequency observed in the surveyed popula-
tion. Noticeably, N06AB displays more ADRs for more drugs
in the network, than N06AA, highlighting potential off-target
ADRs given the polypharmacology of these agents, that dedi-
cated drug discovery efforts might want to consider avoiding.

Use case 3—evaluate the overall impact of a variant

Objective : Find the predicted impact of a protein-coding ge-
netic variant. Given a healthcare professional identifies a vari-
ant of interest in a patient, which has not been listed on drug
labels for PGx-testing previously. 

How : Navigating to the ‘Variant search’ page, enter the
variant identifier (e.g. 9_35 057 179_T / C) in the search box.

Result : An overview page showing basic information such
as consequence, affected position in the encoded protein
alongside other VEP algorithms, and a violin plot summariz-
ing the scores are visible. A protein structural render highlights
the position of the mutation after clicking on the correspond-
ing amino acid position (in this case a start-lost mutation at
position one). It’s an ultra-rare mutation, with some VEP’s
(e.g. BayesDel) predicting a strong effect, which is not surpris-
ing given the likely faulty expression of the protein. After se-
lecting ‘Hide VEP scores’, we can navigate to ‘Show variant’s
associate statistics’, which displays some health phenotype as-
sociations for the selected variant, which the health profes-
sional might consider for cross-diagnosis and patient anam-
nesis. 

Discussion 

Despite the importance of pharmacogenomics as a major con-
tributor to drug response variability, only 120 drug-gene pairs
are listed at the US Food and Drug Administration and only 70
at the European Medicines Agency that require genetic test-
ing ( 38 ) ( https:// www.fda.gov/ drugs/ science- and- research-
drugs/table- pharmacogenomic- biomarkers- drug- labeling ). 
Most variants in drug-interacting proteins are not described
in the literature or have not systematically been linked to
adverse effects, which are estimated to be underreported
by 90–99% ( 39 ,40 ). Additionally, most variants are rare
or have minor consequences, and drug effects are con-
founded by general patient characteristics, co-medications,
lifestyle factors, and comorbidities ( 41 ,42 ). Hence, disen-
tangling the contribution of gene variability requires inte-
gration across biological domains and disciplines enabling
the generation of new hypotheses, which can be probed
and cross-validated by molecular scientists or clinicians
alike. 

To facilitate this, we have developed PGxDB ( https://pgx-
db.org/) as a user-friendly, integrative platform that helps ex-
perimental researchers, data scientists, and clinicians navigate
the complex relationships between genetic profiles, molecu-

https://www.fda.gov/drugs/science-and-research-drugs/table-pharmacogenomic-biomarkers-drug-labeling
https://pgx-db.org/
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Figure 4. Network snapshot. (A) Interactive indication-drug-protein interaction network of N05B (Anxiolytics) showing the relationships of the three 
nodes: drugs (pill-shaped), targets (round), and indications (triangular). In this case, the ‘Drug-Protein only’ network is selected. The interactive legend 
panel allows node filtering and manipulation (e.g. changing node and edge colors). The button set allows zooming, redrawing, and exporting the 
visualization in different formats. Of note, larger networks require data loading in chunks to a v oid o v erpopulation of the netw ork. T his can be retrie v ed via 
the ‘Get more data’ button in the top right and switches to ‘Maximum data reached’ if the full network is visible. (B) Pharmacogenomics profile 
underlying variant annotations reported as an association between a variant (e.g. SNP, indel, repeat, haplotype) and a phenotype category (e.g. 
metabolism / pk or toxicity) from a single publication of drugs and proteins within the N05B network. 
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ar interactions, and therapeutic responses. To this end, we
ave generated > 6,000 indication-drug-protein interaction
etworks covering all ATC levels ( Supplementary Figure S1 )
nd made these data available to the public both via custom
ownloads and programmatic interfaces (Figure 3 H). PGxDB
nables the comparison and contrast of molecular target and
dverse reaction profiles across drugs from different therapeu-
ic and chemical groups, a novel feature that sets it apart from
ther tools. 
The data analysis and visualization tools of PGxDB en-

ble researchers and healthcare professionals to easily navi-
ate complex genetic information and understand the intri-
ate relationships between genetic variability and clinical drug
esponses from different populations without consulting mul-
iple databases. We explore aspects of this resource relating to
Gx associations and genetic profiles, and we highlight some
xamples and potential use cases. This exploration raises im-
ortant questions, such as whether targets that are more fre-
uently mutated are more likely to be associated with ad-
erse drug reactions, or whether pleiotropic targets—those in-
olved in multiple biological systems—are more often linked
o ADRs. We hope this platform enables future work to fully
ssess the contribution of genetic variability and drug-target
nteractions towards the increasing burden of adverse drug re-
ctions and high clinical failure rate ( 43 ). 

PGxDB has some limitations, particularly in the consis-
ency and coverage of ID-mappings integrating ADRs from
IDER ( 31 ). SIDER uses STITCH V4 ( 44 ) identifiers to rep-
esent drugs, which correspond to PubChem IDs after re-
oving the prefixes (e.g. STITCH ID ‘CID100000085’ be-

omes PubChem ID ‘85’). Once converted to PubChem IDs,
e used the UniChem API to map these PubChem IDs to
rugBank IDs, which did not return mappings for ∼30% of
rugs. Although we considered using drug names to match
ntries between PGxDB and SIDER, we were cautious about
his approach due to the potential for errors in name-based
atching. Future versions of PGxDB might incorporate ad-
itional sources of ADRs such as the FDA Adverse Event
eporting System (FAERS) ( https:// open.fda.gov/ data/ faers/ )),
dverse drug events extracted from drug labels ( 45 ), and Poly-
enic risk scores for treatment choices ( 46 ). However, these
atasets are not linked to compound identifiers, requiring
amed entity recognitions or extensive manual curation. Ad-
itionally, there is potential to include capabilities for the
earch and retrieval of variant-specific information from rel-
vant studies directly from the primary literature ( 47 ). An-
ther area of improvement could be the integration of bioac-
ivity data ( 48 ) such as drug efficacy, potency and selectiv-
ty information, helping to better understand the molecular
echanisms behind drug responses and adverse effects. Fi-
ally, integrating drug-indications from the RepurposeDrugs
 22 ) database is limited to the non-complete mappings pro-
ided by UniChem DrugBank IDs into standard InChIKeys,
hich we hope will be addressed in future iterations of
niChem. 
Although ATC classification is widely used and serves as

 global standard overseen by the WHO ( 49 ), there are sev-
ral shortcomings. First, ATC does not always keep pace with
he rapid development of new drugs and treatments and sev-
ral drugs do not even have an ATC code. The ATC sys-
em classifies drugs based on their therapeutic use, but it
oes not provide information about dosages or formulation
trengths, which are crucial in clinical practice. For instance,
a single ATC code may cover different dosages that could
have very different clinical effects. The classification of com-
bination drugs, i.e. those with more than one active ingredi-
ent, can be inconsistent or incomplete, as the system has to
choose one main therapeutic group for the combination, even
if both active ingredients serve different purposes. However,
despite these limitations, ATC classification remains valuable
for comparing grouped drugs in a network-based approach,
as it provides a structured way to categorize drugs by their
therapeutic use, allowing for meaningful insights into drug
interactions and similarities, especially when analyzing broad
patterns across multiple drug classes. 

Looking forward, PGxDB has the potential to bridge
the gap between molecular omics integration and clinical
decision-making towards a more efficient genetically tailored
drug discovery and drug development pipeline. We hope this
tool will facilitate the discovery of new drug-gene-variant in-
teractions and we encourage the community to further modify
and extend the current implementation and potential appli-
cation areas towards a deeper understanding of pharmaco-
genetic mechanisms. Finally, PGxDB could serve as an edu-
cational tool for students and professionals new to the field,
promoting a wider understanding and adoption of pharma-
cogenomic principles. 

Data availability 

All data is available via the web and GitHub ( https:
// github.com/ Duong-NguyenT rinhT rung/pgx-db ). Doc-
umentation and tutorials are available at https://pgx-
documentation.readthedocs.io . All open-source code can be
obtained from figshare (10.6084 / m9.figshare.26538574)
or GitHub under the permissive Apache 2.0 License
( https:// www.apache.org/ licenses/ LICENSE-2.0 ). In addi-
tion, our database aggregates data from various publicly
available database sources. To ensure transparency, we pro-
vide information ( Supplementary Table S6 ) listing each source
with its corresponding license. 
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