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Supplementary Tables of Useful Databases and Resources

Supplementary Table 1: Main sources of bioactivity data, their size/coverage and any additional comments

Source Size/Coverage
As of July 2020

Comments

ChEMBL1 2M compounds
1.2M assays
13K targets

Extraction of compound, assay and bioactivity information from journal 
articles is performed manually by curators

PubChem2 103M compounds
253M substances
1.1M assays
95K proteins

Data provided by more than 350 contributors including university labs, 
government agencies, and pharma companies. Data include siRNAs, 
miRNAs, carbohydrates, lipids, peptides, and other substances 

DrugBank3 13.5K drugs
5K proteins

Contains data about FDA-approved drugs as well as experimental drugs 
going through the FDA approval process 

ExCAPE4 ~1M compounds
1,667 targets

Over 70 million SAR data points extracted from PubChem and ChEMBL 
and merged in one database across 3 species (human, rat and mouse).

BindingDB5 312,146 compounds
1,858 targets
5,928 assays

Database for binding measurements, focusing on the interactions of 
protein considered to be drug-targets with small, drug-like molecules.

Supplementary Table 2: Main sources of gene expression data, their size/coverage and any additional comments

Source Size/Coverage
As of July 2020

Comments

CMap6 More than 7,000 expression profiles 
representing 1,309 compounds in two 
different cell lines

The original database to accompany the “Connectivity 
Map” approach, no longer updated

LINCS7 1.3M profiles, 476,251 signatures, 27,927 
perturbagens (19,811 small molecule and 
7,494 genetic), 9 core cell lines and 77 
other cell lines

Scale-up of CMap with data measured on the high-
throughput L1000 platform, mainly chemical-induced 
signatures, also but includes genetic perturbations e.g. 
shRNA knockdown

GEO8 3,735,866 distinct samples (including 
technical replicates), 61,069 microarray 
experiment series, 38,696 RNA-Seq 
experiment series

Researcher-uploaded compilation of gene expression 
experiments from a variety of platforms (RNA-Seq, 
microarray), biological systems, and including all types 
of perturbants e.g. disease

ArrayExpress9 73,612 experiments
2,493,509 assays

Repository for reproducible and well-documented 
microarray and RNA-Seq data deposition(ref), covering 
both chemical and disease perturbants

DrugMatrix10 Over 600 compounds measured at 
different doses in vivo in rat liver, kidney, 
thigh muscle, heart, bone marrow, spleen, 
intestine and brain, and in vitro (primary 
rat hepatocytes)

Contains gene expression data from highly controlled 
and standardized toxicological experiments with 
therapeutic, industrial, and environmental chemicals at 
both non-toxic and toxic doses (ref) using the 
Affymetrix microarray and CodeLink technologies (now 
archived)
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Open TG-
GATEs11

170 compounds both in vivo (rat kidney 
and liver) and in vitro (rat and human 
primary cultured hepatocytes) at various 
single and repeat doses

Gene expression data from primary cultured 
hepatocytes of rats and humans following exposure to 
170 compounds (pharmaceutical products, etc.), no 
longer updated (ref)

Supplementary Table 3: Main sources of cell image data and any additional comments

Database/Source Datasets Coverage 

Broad Bioimage Benchmark Collection 
(BBBC)12 

Cell Painting 1,600 compounds

GigaScience DB13 Cell Painting 30,000 scale up of the Cell Painting dataset in 
BBBC

To Be Released Cell Painting 140,000+ small molecules and genetic 
perturbations

IDR14 Pharmacogenetic 
Phenome Compendium 

(PGPC)

Gene–drug interactions for more than 1,200 
pharmacologically active compounds by high-

throughput imaging
(300,000 drug–gene–phenotype interactions in 

total) 

IDR14 Idr0088
(To be released by 

Janssen)

1,008 approved drugs manually annotated to 218 
unique MoAs 

Each compound profled at four concentrations
in live-cell, high-content imaging screens against a 

panel of 15 reporter cell lines

Recursion15 RxRx19a 1,672 small molecules at 6+ concentrations
Three viral conditions (active virus, irradiated, 

mock) 

Recursion15 RxRx19b 1,856 small molecules at 4-6 concentrations in 
three COVID-19-associated cytokine storm 

conditions

Supplementary Table 4: Main sources of proteomics, metabolomics and phosphoproteomics data, their size/coverage and 
any additional comments

Type Source Size Coverage Comments

PRIDE (Project 
PXD009775)16

56 drugs in 3 cell lines Proteome signature library of anticancer 
molecules

PRIDE (Project 
identifiers 
PXD018569, 
PXD018570, 
PXD018571, 
PXD018572, 
PXD018573, 
PXD018574)16

53 drugs in 5 cell lines 280 compound-cell line pairs and more than 
1,000 proteomes across 5 cell lines

Proteomics

ProTargetMiner 
(GSK)17

287 A549 adenocarcinoma 
proteomes affected by 56 
compounds

ProTargetMiner serves as a chemical 
proteomics resource for the cancer research 
community, and can become a valuable tool in 
drug discovery.



MetaboLights18 715 studies, 212 of which 
are in homo sapiens

Contains a wide range of metabolomics 
datasets in different model systems, as well as 
supplementary data for spectral annotation, 
not focused specifically on compound 
mechanism of action

EcoPresMet19 1,279 compounds in E. Coli E. Coli only

Metabolomics

Fuhrer et al20 > 3,800 gene deletions in 
E. Coli

E. Coli only

Phosphoproteomics P100 
(Broad 
Institute)21

90 drugs in 6 cell lines Extends Connectivity Map concept to 
proteomics and enables recognition of cell type 
specific activities and therapeutic opportunities

Supplementary Table 5: Main freely available sources of network data, their size/coverage and any additional comments

Source Size/Coverage
As of July 2020

Comments

Omnipath22 Human signed and directed protein-protein 
interaction network:

7,294 proteins
72,190 edges

Includes manually curated, high-confidence data 
from different sources and as well as protein-
protein interactions incorporates transcriptional 
regulation, ligand-receptor interactions, pathways, 
and more

STRING23 24.6 mil proteins (19,257 human proteins)

5090 organisms

>2000 mil interactions

Interactions are given a confidence score based on 
the evidence; includes computational predictions 
and homology interactions

BioGRID24 700,000+ human physical interactions

25,000+ unique human proteins

Human data compiled from 32,000+ 
publications

Biomedical interaction repository with data 
compiled through comprehensive curation efforts , 
including chemical interactions and post-
translational modifications

BioPlex25 120,000 human protein-protein 
interactions

15,000 proteins

All interactions derived experimentally from AP-MS 
measurements in human cells, with proteins 
annotated with their subcellular localization, 
biological function and disease association

ConsensusPathDB26 660,318 human interactions

Of which 448,725 are protein-protein 
interactions and 165,866 are drug-target 
interactions

170,000+ unique entities (genes, proteins, 
chemicals)

Integrates interaction networks including binary 
and complex protein-protein, genetic, metabolic, 
signalling, gene regulatory and drug-target 
interactions, as well as biochemical pathways. Data 
originate from currently 32 public resources for 
interactions, and curated literature interactions

GIANT27 1540 genome-scale datasets, 
encompassing ~61,000 conditions from 
~25,000 publications 

Leverages a tissue-specific gold standard to 
automatically up-weight datasets relevant to a 
tissue from a large data compendium of diverse 
tissues and cell-types. The resulting functional 
networks accurately capture tissue-specific 
functional interactions



HPRD (Human 
Protein Reference 
Database)28

30,047 proteins

41,327 protein-protein interactions

93,710 post-translational modifications

Integrates information pertaining to domain 
architecture, post-translational modifications, 
interaction networks and disease association for 
each protein in the human proteome. All the 
information in HPRD has been manually extracted 
from the literature by expert biologists who read, 
interpret and analyse the published data

IntAct29 118,345 interactors and 721,618 
interactions (molecular interactions 
including e.g. drug-gene)

71,071 experiments and 21,836
publications

Includes interactions between genes, proteins, 
RNA and chemicals. Interactions are derived from 
literature curation or direct user submissions and 
are freely available

BioSnap30 Physical PPI:
21,557 nodes
342,353 edges

Drug-target network:
3,932 nodes (284 drugs and 3,648 proteins)
18,690 edges

Contains multiple types of networks encompassing 
different entities and relationships, as well as 
tissue-specific networks

Supplementary Table 6: Main freely available sources of pathway data, their size/coverage and any additional comments

Source Size/Coverage
As of July 2020

Comments

Reactome31 2,423 human pathways
13,248 reactions
10,923 proteins
1,869 small molecules

Reactome is manually curated and peer-reviewed, 
pathways are arranged in hierarchy under 27 high-level 
headings such as “Cell Cycle” and “Metabolism” 

KEGG32 537 human pathways
11,274 drugs

Mainly metabolic pathways, but also contains signal 
transduction and disease pathways

WikiPathways33 1,185 human pathways Open and collaborative platform for curation of pathways 
by the biology community

GO34 28,923 Biological Processes (BP)
11,136 Molecular Functions (MF) 
4,185 Cellular Processes (CC), across 
4,643 species

Not strictly pathways but processes, follows ontology

NCBI 
BioSystems35

3,077 human pathways Contains records from several source databases (Kegg, 
BioCyc, Reactome, NCI’s Pathway Interaction Database, 
Wikipathways and GO), allowing for easy integration with 
other NCBI databases

HumanCyc36 (Last updated 2017)
314 pathways
2887 reactions
20,830 genes
1,929 compounds

Subset of BioCyc for Homo Sapiens - metabolic pathways 
curated from publications and integrated with other 
databases such as gene essentiality, regulatory networks, 
protein features, and GO annotations. Subscription 
required to access most of HumanCyc and BioCyc in 
general beyond a limited period of free use

Pathway 
Commons37

5,772 pathways Collects pathway and interaction data (22 different 
databases) and represents them in the BioPAX standard 
that aims to enable integration, exchange, visualization 
and analysis of biological pathway data



Supplementary Table 7: Open-source software packages which implement methodologies discussed in this review
Name Type of method or 

algorithm
Types of data 

supported
Source

Connectivity 
Mapping6

Enrichment Transcriptomics https://clue.io/cmap

Connectivity Map38

gCMAP39

Enrichment Transcriptomics R packages

GOATOOLS40 Pathway enrichment GO terms Python package
GoSemSim41 Pathway enrichment GO terms R package
REVIGO42 GO term interpretation GO terms http://revigo.irb.hr/
CausalR43 Causal Reasoning Transcriptomics R package
CARNIVAL44 Causal Reasoning Transcriptomics R package
DeMAND45 Causal Reasoning Transcriptomics R package
PROTINA46 Causal Reasoning Transcriptomics R package
scikit-learn47 Tools for predictive 

data analysis
Any Python package

MOFA48 and 
MOFA+49

Multi omics data 
integration

Multi omics

MOFA+ supports 
single cell -omics

R and python package

TensorFlow50 Deep learning library Any Python package
PyTorch51 Deep learning library Any Python package
BMF with ‘macau’52 
and ‘smurff’53

Bayesian Matrix 
Factorisation 

Any Python packages

PIDGIN54 Target prediction tool Chemical structure in 
the form of SMILES

https://github.com/BenderGroup/PIDGINv4
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