
Data in Brief 42 (2022) 108159 

Contents lists available at ScienceDirect 

Data in Brief 

journal homepage: www.elsevier.com/locate/dib 

Data Article 

A new ChEMBL dataset for the 

similarity-based target fishing engine 

FastTargetPred: Annotation of an exhaustive 

list of linear tetrapeptides 

Shivalika Tanwar a , Patrick Auberger b , c , Germain Gillet d , 
Mario DiPaola 

e , Katya Tsaioun 

e , f , Bruno O. Villoutreix 

a , d , ∗

a Inserm UMR 1141 NeuroDiderot, Robert-Debré Hospital, Université de Paris, Paris 75019, France 
b Université Côte d’azur, Nice, France 
c Inserm U1065, C3M, Team 2, Nice, France 
d Center de Recherche en Cancérologie de Lyon, U1052 INSERM, UMR CNRS 5286, Université de Lyon, Université

Lyon I, Center Léon Bérard, 28 rue Laennec, Lyon 69008, France 
e Akttyva Therapeutics, Inc., MA, Mansfield, USA 
f Johns Hopkins Bloomberg School of Public Health, MD, Baltimore, USA 

a r t i c l e i n f o 

Article history: 

Received 9 February 2022 

Revised 31 March 2022 

Accepted 5 April 2022 

Available online 11 April 2022 

Dataset link: A new ChEMBL dataset for 

FastTargetPred (Original data) 

Keywords: 

Peptide 

Virtual screening 

Drug discovery 

Target prediction 

a b s t r a c t 

Drug discovery often requires the identification of off-targets 

as the binding of a compound to targets other than the in- 

tended target(s) can be beneficial in some cases or detrimen- 

tal in other situations (e.g., binding to anti-targets). Such in- 

vestigations are also of importance during the early stage of 

a project, for example when the target is not known (e.g., 

phenotypic screening). Target identification can be performed 

in-vitro , but various in-silico methods have also been devel- 

oped in recent years to facilitate target identification and 

help generate ideas. FastTargetPred is one such approach, it 

is a freely available Python/C program that attempts to pre- 

dict putative macromolecular targets (i.e., target fishing) for 

a single input small molecule query or an entire compound 

collection using established chemical similarity search ap- 

proaches. Indeed, the putative macromolecular target(s) of 

a small chemical compound can be predicted by identify- 
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ing ligands that are known experimentally to bind to some 

targets and that are structurally similar to the input query 

chemical compound. Therefore, this type of target fishing ap- 

proach relies on a large collection of experimentally vali- 

dated macromolecule-chemical compound binding data. The 

small chemical compounds can be described as molecular 

fingerprints encoding their structural characteristics as a vec- 

tor. The published version of FastTargetPred used ligand- 

target binding data extracted from the release 25 (2019) 

of the ChEMBL database. Here we provide a new dataset 

for FastTargetPred extracted from the last ChEMBL release, 

namely, at the time of writing, ChEMBL29 (2021). Four fin- 

gerprints were computed (ECFP4, ECFP6, MACCS and PL) for 

the extracted compound dataset (714,780 unique ChEMBL29 

compounds while the entire ChEMBL29 database contained 

about 2.1 million compounds). However, it was not possible 

to compute fingerprints for 19 molecules because of their 

unusual chemistry (complex macrocycles). These data files 

were then prepared so as to be compatible with FastTar- 

getPred requirements. The 714,761 ChEMBL chemical com- 

pounds with computed fingerprints hit 6,477 macromolecu- 

lar targets based on the selected criteria. For these ChEMBL 

compounds a ChEMBL target ID is reported and these tar- 

get IDs were matched with the corresponding UniProt IDs. 

Thus, when available, the UniProt ID is provided, the pro- 

tein UniProt name, the gene name, the organism as well as 

annotated involvement in diseases, gene ontology data, and 

cross-references to the Reactome pathway database. As short 

peptides can be of interest for drug discovery and chemi- 

cal biology endeavours, we were interested in attempting to 

predict putative macromolecular targets for a previously re- 

ported exhaustive combination of peptides containing four 

natural amino acids (i.e., 20 × 20 × 20 × 20 = 160,0 0 0 linear 

tetrapeptides) using FastTargetPred and the presently gener- 

ated ChEMBL29 dataset. With the parameters used, putative 

targets are reported for 63,944 unique query peptides. These 

target predictions are provided in two different searchable 

files with hyperlinks to the ChEMBL, UniProt and Reactome 

databases. 

© 2022 The Authors. Published by Elsevier Inc. 

This is an open access article under the CC BY-NC-ND 

license ( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 

S

 

pecifications Table 

Subject Drug Discovery 

Specific subject area Macromolecular target predictions for input small chemical compounds, Target 

Fishing. 

Type of data Text files (CSV, TXT) 

DataWarrior files 

How the data were acquired Chemical compounds and corresponding macromolecular targets were 

extracted from the ChEMBL29 database [1] . 

ChEMBL target IDs were mapped onto the UniProt target IDs [2] so as to 

collect UniProt protein names, gene names, possible involvements in diseases, 

gene ontology data [3] and pathway identifiers present in the Reactome 

knowledgebase [4] . 

( continued on next page )
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160,0 0 0 linear tetrapeptides (SMILES strings) were downloaded from [5] and 

merged into a single file. Putative targets for these peptides were predicted 

using FastTargetPred [6] and the newly generated ChEMBL29 dataset. 

The DataWarrior software [7] was used for data-visualization. 

Chemical file curation and computations of fingerprints were performed with 

MayaChemTools [8] while file format conversions were carried out with Open 

Babel [9] . 

Data format Raw and processed data: Extracted ChEMBL compounds (canonical SMILES and 

ChEMBL compound IDs) in TXT format. 

ChEMBL compound IDs and corresponding ChEMBL target IDs in TXT format 

(name of the file = chembl29_active_all.tlt). 

Computed fingerprints in CSV format with the corresponding binary files (to 

accelerate the similarity search computations) readable by FastTargetPred (four 

bfp files are provided). 

The ChEMBL – UniProt mapping file is in CSV format. 

The predicted targets for the tetrapeptides are reported in two files that were 

generated with the open source DataWarrior software (dwar files). These files 

are searchable (e.g., using amino-acid sequence query…), they can be sorted 

by column values and hyperlinks to the ChEMBL, UniProt and Reactome 

databases were added when available. 

Description of data collection The SQLite version of the ChEMBL29 database was downloaded. SQLite 

terminal shell commands were applied to extract an initial data file (this raw 

data file is provided in the extra_data folder). Canonical SMILES strings were 

extracted for small molecules associated with a biological assay involving a 

single protein or a protein complex, and the selected assay type was “binding”. 

Only molecules with experimental potency/affinity/activity data 

(pChEMBL_value) corresponding to 20 micro-molar or less were selected. This 

initial raw file contained 1,412,822 compounds. Additional filtering involved 

selecting molecules with a ChEMBL confidence_score of 6 or above, manual 

curation of mixtures and removal of compounds with obvious errors. Salts 

were removed with MayaChemTools. The resulting filtered file containing 

714,780 unique ChEMBL29 bioactive compounds is provided (available in the 

extra_data folder). 

The downloaded tetrapeptide files were merged and used as input for 

FastTargetPred. Predictions could be performed for some query peptides; two 

different annotated files with the prediction are reported (located in the 

“tetrapeptides” folder). 

Data source location • Inserm U1141, Hospital Robert Debre, 75019 

• City: Paris 

• Country: France 

Data accessibility The data are freely available on the Zenodo open access platform and 

accessible via the following link: https://zenodo.org/record/5751499 

And here: Mendeley Data: https://data.mendeley.com/datasets/9t5zdgs3s2/1 

Related research article L. Chaput, V. Guillaume, N. Singh, B. Deprez, B.O. Villoutreix, FastTargetPred: a 

program enabling the fast prediction of putative protein targets for input 

chemical databases, Bioinformatics. 36 (2020) 4225–4226. 

10.1093/bioinformatics/btaa494 

Value of the Data 

• This dataset should be valuable to research groups interested in carrying out macromolecular

target predictions or in investigating bioactive molecules. 

• These data could be integrated into other tools and manipulated by different types of algo-

rithms. 

• These data used together with FastTargetPred or related tools could be useful for understand-

ing the polypharmacology and safety profile of existing or virtual small molecules. 

• Data generated on tetrapeptides could be useful as a starting point for drug discovery

projects or chemical biology studies. 

https://zenodo.org/record/5751499
https://data.mendeley.com/datasets/9t5zdgs3s2/1
http://10.1093/bioinformatics/btaa494
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• Users can enrich these data by performing in-vitro screening campaigns or by mining other

repositories. 

. Data Description 

To be able to carry out target prediction via ligand-based similarity search, a large collec-

ion of experimentally validated ligand-target pairs must be generated [10–12] . We extracted

uch annotated data from the last version (at the time of writing) of the ChEMBL database

release 29) [1] . A first initial file (raw data) was thus generated containing 1,412,822 com-

ounds (file located in the extra_data folder). Further filtering of the compounds was performed

o remove annotation errors, molecules that did not have a high ChEMBL confidence_score,

nd a pChEMBL value. Salts and duplicates were also removed using Unix text mining com-

ands, Open Babel [9] , and MayaChemTools [8] with visualization in DataWarrior [7] . These

teps led to the generation of a filtered file with 714,780 compounds in SMILES format with

he associated ChEMBL compound IDs (file located in the folder named “extra_data”). Four fin-

erprints were computed with MayaChemTools for each compound. These four files are in CSV

ormat and loaded in a single directory located in the “extra_data” folder. The fingerprints for

9 molecules could not be computed and as such are not present in the CSV files. A folder

pecific for FastTargetPred was generated and named “dbchembl29”. This one contains differ-

nt files (4 bfp, 1 tlt and 1 CSV files) as required by the software. For the four fingerprints

les, the corresponding binary files were generated to accelerate the similarity search com-

utations. These four files have an extension bfp. Then, a text file with extension tlt contains

he ChEMBL compound IDs in the first columns and in the following columns, the correspond-

ng ChEMBL target IDs. Finally, ChEMBL target IDs were matched with the UniProt protein IDs.

dditional information were extracted via the UniProt server such as gene name, gene ontol-

gy data, possible involvement in diseases for each target (if known) and Reactome pathway

dentifiers. This file is required and is named uniprot_database_ChEMBL.csv. For a user, upon

nstallation of FastTargetPred ( https://github.com/ludovicchaput/FastTargetPred) and MayaChem-

ools ( http://www.mayachemtools.org/) , it will be necessary to go to the main FastTargetPred

older, and then launch a basic command to search targets for a ligand in SDF format, for

nstance: python3 FastTargetPred.py rivaroxaban.sdf (the file containing the ligand rivaroxaban

s provided in the extra_data folder). This command uses the previously generated data for

astTargetPred extracted from a previous release of ChEMBL (release 25) (the ChEMBL25 files

re in the “db” folder). Now, the user can download the newly generated files extracted from

hEMBL (release 29) and put the folder “dbchembl29” at the same level than the “db” folder

nd run the following command: python3 FastTargetPred.py rivaroxaban.sdf -fp ECFP4 -tc 0.7 -

b dbchembl29/chembl29_active. This will allow the package to search for the new data present

n the “dbchembl29” folder using all the files that start with chembl29_active and the CSV file.

n this example the Tanimoto coefficient is set to 0.7 (i.e., with such a value and with this finger-

rint one is looking for molecules, and their corresponding targets, that should be very similar

o rivaroxaban as well as rivaroxaban itself as it is present in the ChEMBL29 dataset). Note that

everal fingerprints can be used and that a consensus score can be generated (please see the

astTargetPred user guide presents in the package). 

Applying ligand-based similarity search to identify targets for peptides (e.g., short peptides,

hemically modified peptides that are not easy to investigate using traditional amino acid se-

uence search, etc.) is still underexploited. We decided to apply the newly extracted data

nd FastTargetPred to 160,0 0 0 linear tetrapeptides previously released in SMILES format (avail-

ble here: https://data.mendeley.com/datasets/z8zh5rpthg/1) [5] . Putative targets were found for

3,944 query peptides using ECFP4 fingerprints and a Tanimoto coefficient of 0.6 (that we eval-

ated to be reasonable for this type of investigation with FastTargetPred [6] ). Clearly, additional

nvestigations will be needed but for now, some of these predictions can be used to generate

ovel hypotheses. All the results are reported in two DataWarrior files present in the “tetrapep-

ides” folder. In these files, the query peptide in SMILES format (and the corresponding amino

https://github.com/ludovicchaput/FastTargetPred)
http://www.mayachemtools.org/)
https://data.mendeley.com/datasets/z8zh5rpthg/1)
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acids) are reported and so are the ChEMBL compounds found to be (relatively) similar to the

queries, the Tanimoto coefficient, the putative targets, the possible links to diseases, the UniProt

IDs and the Reactome identifiers. Images of the compounds are present. These files can be

sorted by columns, and search by keywords. Hyperlinks to the ChEMBL, UniProt and Reactome

databases have been inserted. Obviously, users can apply other types of fingerprints and differ-

ent Tanimoto coefficients or use consensus scoring via the selection of several fingerprints. 

We compared the chemical space covered by the 714,780 ChEMBL29 bioactive compounds

(orange spheres), the 160,0 0 0 tetrapeptides (blue spheres) and approved drugs (magenta

spheres) extracted from DrugBank 5.0 [13] using principal component analysis (PCA) based

on six important physicochemical properties in the field of drug discovery (computed within

DataWarrior): molecular weight, hydrogen bond donors, hydrogen bond acceptors, topological

polar surface area, logP (the octanol/water partition coefficient, i.e., notion of lipophilicity) and

number of rotatable bonds ( Fig. 1 ). The bioactive ChEMBL29 molecules covers most of the prop-

erty space yet, some tetrapeptides occupy a different region and could be interesting to investi-

gate further experimentally as they could hit novel targets. As somewhat expected, the approved

drugs are essentially contained within the ChEMBL space (i.e., ChEMBL compounds can be con-

sidered as non-optimized chemical probes with some having the right profile to become a drug).

2. Experimental Design, Materials and Methods 

The SQLite version of the ChEMBL29 database was downloaded from the ChEMBL website.

SQLite standard terminal shell commands were applied to collect the molecules. The canonical

SMILES strings of the compounds were extracted for small molecules with an associated bio-

logical assay involving a single protein or a protein complex and an assay type named “bind-

ing” (assays measuring binding of compound to a molecular target, e.g. Ki, IC50). Thus small

molecules with functional assays measuring biological effects without associated targets were

not considered; only bioactivities with pChEMBL values were chosen. This term refers to all

the comparable measures of half-maximal responses (e.g., IC 50 , EC 50 , Ki, Kd…) on a negative

logarithmic scale. The considered activity value for a compound-target pair corresponds to a

value of 20 micro-molar or less. Additional filtering steps were then applied to this initial raw

data file. A confidence_score was already assigned to each assay-to-target relationships in the

ChEMBL database with ranges from 0 (uncurated data entries) to 9, with 9 representing a sin-

gle macromolecular binding target that has been assigned to a compound. We selected small

molecules with a confidence_score running from 6 (homologous protein complex subunits as-

signed) to 9. Mixtures were curated manually while salts were removed using MayaChemTools.

Duplicates were investigated by text mining over the ChEMBL compound IDs and using Open Ba-

bel. The resulting filtered file contained 714,780 unique ChEMBL29 compounds acting on 6477

different macromolecular targets. By contrast with the previous ChEMBL dataset (extracted from

ChEMBL25, it contained 524,810 unique ChEMBL25 compounds active on 4811 targets) that is

presently embarked with FastTargetPred package. Furthermore, we did not remove PAINS (pan-

assay interference compounds) molecules because of numerous debates on the topic, as not all

PAINS can be problematic, and many PAINS compounds can possess specific activity and can co-

crystallize with a target; as such they can be investigated more in depth at a later stage [14–17] .

Three types of well-established fingerprints as implemented in MayaChemTools were com-

puted: Extended-Connectivity Fingerprints (ECFP, we selected two highly used methods: ECFP4

(atom radius 2) and ECFP6 (atom radius 3) encoded on 1024 bits), Path Length (PL, enumer-

ation of linear fragments with various length encoded on 1024 bits) and Molecular ACCess

System (MACCS, for which each bit indicates the presence or absence of specific atoms and

chemical substructures, the 322 bits version was selected). Fingerprints could not be computed

for 19 compounds present in the extracted ChEMBL29 dataset because of unusual chem-

istry (compound IDs: CHEMBL1160519, CHEMBL2012126, CHEMBL2012127, CHEMBL2012128, 

CHEMBL2313980, CHEMBL2313981, CHEMBL2373427, CHEMBL2373486, CHEMBL2373969, 

CHEMBL2373970, CHEMBL269742, CHEMBL3354724, CHEMBL3354729, CHEMBL3354735, 
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Fig. 1. Chemical space . Comparison of the chemical space covered by the extracted ChEMBL bioactive compounds (or- 

ange), tetrapeptides (blue) and approved drugs (magenta) obtained after filtering DrugBank 5.0 (downloaded in Decem- 

ber 2021). 2509 approved drugs were initially collected but 287 very small compounds (molecules with less than 10 

heavy atoms) were removed (e.g., several compounds have only 1 atom). In addition, 124 other molecules (unusual 

chemistry and some mixtures) were deleted. Six physicochemical properties were computed with DataWarrior and a 

PCA plot was generated. The explained variance percentage of the first 3 principal components are PCA1: 81.79%, PCA2: 

13.27%, PCA3: 2.52%. 
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F

HEMBL384970, CHEMBL409633, CHEMBL412073, CHEMBL414976, CHEMBL440623), lead-

ng to a final number of 714,761 small molecules with associated fingerprints. The Tanimoto

oefficient was used as a metric to measure the similarity between a query compound and an

nnotated compound present in the ChEMBL database [10–12] . This coefficient ranged from 0

molecules are not similar) to 1 (molecules are identical or very similar). ChEMBL target IDs

ere matched with UniProt IDs via the UniProt website and the IDs of about 100 targets had

o be manually fixed. When available, protein UniProt names, the gene names, the organism,

he involvement in diseases of the target, gene ontology data and cross-references to the

eactome pathway database were also compiled. The CSV file containing these annotations is

rovided (file name: uniprot_database_ChEMBL.csv) as required for the proper functioning of

astTargetPred. 
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160,0 0 0 linear tetrapeptides were previously reported. These peptides are described as

SMILES strings and were converted to structure-data file (SDF) using Open Babel. ECFP4 Fin-

gerprints were computed for all these peptides with MayaChemTools. Target prediction for each

peptide was performed with FastTargetPred and the newly extracted ChEMBL29 data. A Tan-

imoto threshold of 0.6 was used to consider two molecules as similar. The target prediction

results are reported in two DataWarrior files with information about the query peptides (amino

acid composition and SMILES strings), the chemical present in ChEMBL29 predicted as simi-

lar with the associated Tanimoto coefficient, the ChEMBL compound IDs (with hyperlinks), the

SMILES strings, the target UniProt names if known (with hyperlinks), the ChEMBL target IDs

(with hyperlinks), the gene name, the organism, the potential role in disease, gene ontology data

and Reactome identifiers (with hyperlinks). Images of the query compounds and of the com-

pounds found to be similar are also present in these two files. These table files can be sorted and

searched using keywords. Many additional molecular descriptors can then be computed within

DataWarrior as needed by the users. 
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