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Abstract 

Molecular fingerprints have been used  regularly in virtual screening and drug discovery. Molecular

fingerprints combine the results of more complex techniques, paired with the efficiency that comes

with binary data structures. However, there are different types with a huge variety within them, that

each results in a different fingerprint for the same molecule. This project aims to develop a tool to

compare 10 different  fingerprints,  and use it  to  rank  how each of  them performs according to  4

different metrics. In ordero to achieve this, we will use this tool on one of the common benchmarks

that exist in cheminformatics, the Directory of Useful Decoys. 

Key words

Molecular fingerpint, Virtual screening, Bioinformatics, Directory of Useful Decoys
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Introduction

Virtual screening

Finding new  drugs in  chemical  databases  is  an essential  step in  any  project  that  aims to

discover and develop new drugs. There are two ways for achieving this goal: experimentally

testing compound libraries to find molecules that show the desired bioactivity against specific

targets (a process known as high throughput screening; HTS); and computationally predicting

the bioactivity of interest in files containing molecular databases (known as virtual screening;

VS).  HTS uses robotic arms, liquid handling peripherics and control software that allows for

rapid testing of  chemical libraries for  biological activity.  Technological hardware like robotic

plate  handling  is  critical  for  the  procedure  and  reagents  like  antibodies  and  recombinant

proteins  can  also  make  the  whole  procedure  very  expensive  [1].  On  the  other  hand,  VS

provides a more affordable approach for the research of new bioactive compounds by using a

set of computational techniques that are able to predict new bioactive compounds in databases

of small chemical compounds  [2]. These small  molecules are predicted to complement the

binding  site  of  a  particular  target  molecule  in  terms  of  shape,  electrostatic  surface,

hydrophobicity and spatial location of hidrogen-bond donors/acceptors pairs [3]. As the result

of the formation of this complex it is expected that the bioactivity of the target becomes either

inhibited or stimulated by the bound ligand [2]. 

The specific VS technique applied depends on the amount of  information available for  the

particular target, typically a protein. If the three-dimensional structure of the target is available,

structure-based  virtual  screening  (SBVS)  techniques  (typically,  protein-ligand  docking)  are

usually  applied.  For  example,  protein-ligand  docking  algorithms  (one  of  the  most  applied

applied VS methods) aim to predict the 3D structure of a protein-ligand complex given the

individual structure of the protein and the ligand. Thus, docking methods fit the ligand into the

target  binding  site  by  combining  and  optimizing  variables  like  steric,  hydrophobic  and

electrostatic complementarity and estimate the binding free energy by means of the so-called

docking score  [4].  Usually,  protein-ligand docking algorithms have two parts (i.e.,  an initial

sampling algorithm that explores the possible conformations of the ligand at the target binding
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site; and a second part that ranks these ligand conformation by decreasing predicted affinity for

the target) [4]. 

When the 3D structure of the target is not known, then ligand-based virtual screening (LBVS)

techniques can be applied. In LBVS, a database of molecules is searched looking for those

that most closely resemble to an active molecule that is acting as a template during the search

[5]. For instance, using a set of active molecules against the same target,  it  is possible to

develop  a  pharmacophore  (i.e.,  a  spatial  arrangement  of  functional  groups  that  allow the

bioactive conformation of each ligand to interact with the binding site of a target protein) by: (1)

sampling  the  conformational  space  of  the  active  molecules;  (2) looking  for  sets  of

conformations (one conformer per active molecule [6]) that share the 3D location of different

functional groups that are expected to be used for the intermolecular interaction with the target.

Then this pharmacophore can be used to look in databases of molecular conformers for similar

spatial  arrangement  of  pharmacophoric  features  [7].  Apart  from using ensembles of  ligand

conformers to obtain  pharmacophores,  they  can also  be directly  obtained from known 3D

structures of drug/target complexes [8]. 

Other computational strategies that can be used indistinctly in SBVS or in LBVS are shape

similarity  (SS)  or  electrostatic  similarity  (ES)  methods.  In  the  case  of  SBVS,  both

methodologies use experimental conformers (the so-called experimental  poses) as the query

molecules. In SS, the conformations from a database of chemical compounds is compared

with the known (or expected) bioactive conformation of an active in order to find which of the

molecules from the database have a global molecular shape that is similar to the one from the

query [9]. ES, that is usually used together with SS to improve the VS results, compares the

electrostatic surface from the query active with the ones from the conformers at the molecular

database in order to identify those compounds with the greatest electrostatic similarity with the

known active [10].

Molecular Fingerprints

Molecular  fingerprints  represent  structural  information  of  a  molecule  as  binary  arrays  that

facilitates  the  comparison  between  molecular  pairs.  Thus,  in  two-dimensional  fingerprints,

each  molecule  is  encoded  as  a  binary  vector  characterizing  the  absence  or  presence  of
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specific  properties  of  its  2D  structure  [11].  Depending  on  the  information  that  these  bits

represent,  different  types of  molecular  fingerpints  can be differentiated.  For  instance,  key-

based substructural fingerprints are based on the occurrences of predefined chemical groups

—“keys”, and are encoded as a bit string that can be easily analyzed. The number of bits is

determined  by  the  number  of  structural  keys  [12].  On  the  other  hand,  path-based,  or

topological, fingerprints index all the fragments of the molecule following a path up to a set

number  of  bonds  and  then,  these  indexes  are  hashed  to  create  a  fingerprint.  Unlike  in

structural fingerprints, the presence or absence of a bit cannot be tracked to a single feature of

the  molecule  [13].  Finally,  circular  fingerprints  are  another  category  of  hashed  topological

fingerprints  that  use  the  environment  of  each  atom  up  to  a  set  radius  to  generate  the

corresponding fingerprint. Fingerprints can also be used in VS workflows by comparing the

ones from known actives with those from the molecules at the database that is being screened.

Measuring molecular similarity with fingerprints

The Tanimoto similarity coefficient is a statistic used to measure the similarity and diversity of

sets,  and is defined as the size of  the intersection divided by the size of the union of  the

sample sets. By design, the Tanimoto coefficient has a value between 0 and 1, both included.

The Tanimoto coefficient is represented by the following mathematical equation:

T (a ,b)=
N c

Na+N b+N c

In this equation,  N represents the number of distinct attributes in each object (a,  b). In this

case, c corresponds to the intersection set.

In  Figure 1 we can see an example  of  how a substructure fingerprint  works,  and how to

calculate  the  Tanimoto  coefficient  with  it  by  using  3  different  molecules.  To  calculate  the

Tanimoto coefficient between the molecules we need to know the number of bits set in both

(Nc), as well as the number of bits set in one but not in the other (Na and Nb). In this case:

• T(A, B) = 4 / (1 + 1 + 4) = 4 / 6 = 0.67

• T(A, C) = 2 / (3 + 0 + 2) = 2 / 5 = 0.40
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Validation of Virtual Screening

Evaluating  the  performance  of  VS  methods  is  a  necessary  practice  for  both  the  method

developers and the end-users. For the developers, it is done to parametrize and validate the

methods, while for the end-users it’s a way to select which method performs best in a given

situation. The validation of a VS is based on its capacity for discerning between known actives

and decoys (compounds that are presumably inactive against the target of the known actives).

Different evaluation metrics exist to measure the performance of a VS method. The results are

reported  as  a  single  number  that  estimates  the  ability  of  a  VS method  to  retrieve  active

compounds out  of  a mixed set  of  active compounds and decoys.  In  the case of  similarity

searching,  predicting  the  bioactivity  of  compounds  is  more  difficult  than  quantifying  other

properties, such as solubility or log P [14,15]. The subtle geometrical or functional differences
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between two very similar compounds can reduce or enhance binding affinity and bioactivity in

a meaningful manner [16]. The most frequently used metrics for evaluating the performance of

a VS are the Enrichment Factor (EF), the Area under the Curve (AUC) and the Boltzmann-

Enhanced Discrimination of ROC (BEDROC).

The Enrichment Factor (EF) denotes the quocient of true actives among a subset of predicted

actives and the overall fraction of actives. In other words, the EF is the concentration of active

molecules among the top-scoring hits compared to their concentration throughout the entire

database [17]. EF with a factor of 1 or a factor of 10 are the most commonly used to evaluate

VS  performance.  This  means  surveying  the  number  of  top-scoring  hits  caused  by  active

molecules in the top 1% and 10% of the list of molecules respectively. 

EF (X)=

actives in top−ranked X %
number of molecules in the X %

totalactives
total molecules

Receiver operating characteristic (ROC) curve is a tool for characterizing and comparing the

diagnostic accuracy of binary classifier systems. The ROC curve is generated by plotting its

true positive rate against its false positive rate at various thresholds [18]. The area under the

ROC curve analysis metric (AUC) provides a quantitative measure for the discrimination ability

of a VS method. AUC value range from 0 to 1, with 1 being a perfect classification where all the

active compounds are ranked before the decoys, and anything lower than 0.5 is treated as a

bad prediction and similar to a random classification. In Figure 2 we can see an example of

these ROC curves, and the AUC that each of them determines. The red dashed line represents

a classifier that decides the label of the molecule at random. The closer the ROC curve gets to

the top-left part of the chart, the better classifier it its. As such, the closer the AUC gets to 1 the

better  that  VS  scores.  In  the  case  of  the  Figure  2,  the  best-performing  VS  would  be

represented by the blue line.
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The  Boltzmann-Enhanced  Discrimination  of  ROC  (BEDROC)  score  [19] is  a  metric  that

assigns more weight  to  early  ranked compounds than late ranked compounds.  The active

compounds are classified depending on their position using an exponential factor, ranging from

1 for the top ranked compound to close to 0 for the lowest ranked compound. BEDROC is

recognized as a proper and robust evaluation measure for early discovery, making up for some

of the limitations that the AUC presents, like late-recognition  [20].  BEDROC values can be

interpreted as the probability that  an active molecule being ranked better  than a molecule

selected at random from an exponential probability distribution function of parameter (α). 

Hypothesis

A lot of research has been done in the subject of VS in order to identify promising compounds in drug

discovery. VS is useful since it saves time and resources that would be otherwise wasted by testing

molecules with a low chance of presenting the bioactivity desired in the target molecule. For VS to be

possible,  molecular  information must  be converted to a format  that  a computer  can interpret  and

process.  One  of  such  methods  are  molecular  fingerprints,  but  the  same  molecule  is  differently

encoded depending on the fingerprint that is being used and, in the same way that not all fingerprints

9
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have not the same performance when trying to discern between a set of active and decoys molecules

that are mixed.  Here, we hypothesize that developing a tool for calculating the best fingerprint

for one specific target and using such fingerprint during the VS can improve its performance

for that target.

Objectives

The overall objectives of this project are the following:

1. Develop a tool (so called FiBeFTa; Finding the Best Fingerprint for Target) that takes as input

a file with the structures of active molecules and another file with the structures of the decoys

for a given target and process that information to calculate which of the fingerprints analyzed

allows a better separation of both groups.

2. Use FiBeFTa to evaluate the targets in the Directory of Useful Decoys (DUD) [17].

3. Use the SARS-CoV-2 main protease (M-pro) as a relevant target to observe the functionality of

the algorithm.

The long-term objectives of he current work are the following:

1. Convert FiBeFTa into a web-service, in order to make it available and contribute to other VS

projects.
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Methodology

Targets

In this project, the performance of the tool that has been developed was analyzed with 41 targets [40

from the Directory of Useful Decoys (DUD) and the SARS-CoV-2 M-pro].

DUD contains a total of 2.950 active compounds for the 40 targets and 36 decoys per active molecule.

The decoys for each target have similar physical properties (e.g., molecular weight, calculated LogP)

but  dissimilar  molecular  topology  than  the  corresponding  actives.  The  files  with  the  sets  of

active/decoy molecules can be found in the DUD website organized by target (http://dud.docking.org/).

Table A: Number of ligands and decoys for the forty targets in DUD. When the number of actives or 
decoys analyzed in this work is lower than the total number available in DUD, the original number is 
reported between brackets.

Protein PDB code No. of ligands No. of decoys
Nuclear Hormone Receptors

AR – Androgen receptor 1xq2 79 2854
ERagonist – Estrogen receptor 1l2i 67 2570
Erantagonist – Estrogen receptor alpha 3ert 39 1448
GR – Glucocorticoid receptor 1m2z 78 2947
MR – Mineralocorticoid receptor 2aa2 15 636
PPArg – Peroxisome proliferator activated 
receptor gamma

1fm9 85 3127

PR – Progesterone receptor 1sr7 27 1041
RXRa – Retinoic X receptor alpha 1mvc 20 750

Kinases
CDK2 – Cyclin-dependent protein kinase 2 1ckp 72 2073 (2074)
EGFr – Epidermal growth factor receptor 1m17 475 15996
FGFr1 – Fibroblast growth factor receptor 1 1agw 120 4550
HSP90 – Human heat shock protein 90 1uy6 37 979
P38 MAP – p38 mitogen activated protein 1kv2 454 9141
PDGFrb – Platelet derived growth factor 
receptor kinase

model 170 5980

SRC – Tyrosine kinase SRC 2src 152 (159) 6319
TK – Thymidine kinase 1kim 22 891
VEGFr2 – Vascular enothelial growth factor 
receptor

1vr2 88 2906

Serine Proteases
Fxa – Coagulation factor Xa 1f0r 146 5743 (5745)
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Protein PDB code No. of ligands No. of decoys
Thrombin 1ba8 72 2456
Trypsin 1bju 49 1664

Metalloenzymes
ACE – Angiotensin-converting enzyme 1o86 49 1797
ADA – adenosine deaminase 1ndw 39 927
COMT – Catechol-O-methyltransferase 1h1d 11 468
PDE5 – Phosphodiesterase 5 1xp0 88 1978

Folate Enzymes
DHFR – Dihydrofolate reductase 3dfr 410 8364 (8367)
GART – Glycinamide ribonucleotide 
transformylase

1c2t 40 879

Other Enzymes
AChE – Acetylcholinesterase 1eve 107 3892
ALR2 – Aldose reductase 1ah3 26 995
AmpC – AmpC Beta-lactamase 1xgj 21 786
COX-1 – Cyclooxygenase-1 1q4g 25 911
COX-2 – Cyclooxygenase-2 1cx2 426 13289
GPB – Glycogen phosphorylase beta 1a8i 52 2134 (2140)
HIVPR – HIV protease 1hpx 62 2038
HIVRT – HIV reverse transcriptase 1rt1 43 1519
HMGA – Hydroxymethylglutaryl-CoA 
reductase

1hw8 35 1480

InhA – Enoyl ACP reductase 1p44 79 (86) 3266
NA – Neuraminidase 1a4g 49 1873 (1874)
PARP – Poly (ADP-ribose) polymerase 1efy 35 1351
PNP – Purine nucleoside phosphorylase 1b80 50 1036
SAHH – S-adenosyl-homocysteine 
hydrolase

1a7a 33 1344 (1346)

The forty first target analyzed in this work is the SARS-CoV-2 M-pro (see Figure 3). M-pro is a key

enzime of coronaviruses and has a pivotal role in mediating viral replication and transcription, making

it an attractive drug target for COVID-19 treatment [21]. 

The number of actives for M-pro consist on 81 active molecules obtained from the COVID Moonshot

initiative whereas the decoy file was created by using DecoyFinder  [22]. DecoyFinder is a graphical

tool able to find sets of decoy molecules for a given set of active ligands. It can do so with two different

methods:

• By finding molecules with a molecular weight similar to the actives.
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• By  finding  molecules  which  have  a  similar  number  of  rotational  bonds,  hydrogen  bond

acceptors,  hydrogen  bond  donors,  logP  value  and  molecular  weight,  but  are  chemically

different (molecular descriptor based decoys).

In this  work we use the molecular-weight based decoys method to find 2.916 decoy molecules (36

decoys per active molecule) from the ZINC database [23,24].

Fingerprint generation

Fingerprint  generation  and similarity  search was perfomed with  Chemfp  [25].  Chemfp is  a set  of

command-line tools and a Python library for fingerprint generation and high-performance search. Apart

from this high-performance, that enables for fast searches and fingerprint generation, Chemfp also

implements a standard file format (.fps) and performs high-speed Tanimoto similarity searches. 

Chemfp supports the fingerprints available for the toolkits from Open Babel1, OpenEye2 and RDKit3, of

which only Open Babel and RDKit will be discussed here,  since they both have a permanent open

source license for academic purposes. In order to use both toolkits some active/decoy molecules from

1 Open Babel: The Open Source Chemistry Toolbox - http://openbabel.org/wiki/Main_Page 
2 OpenEye Scientific - https://www.eyesopen.com/
3 RDKit: Open-Source Cheminformatics Software - https://rdkit.org/ 
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Figure 3: Crystal structure of SARS-CoV2 M-pro in a covalent complex with N3 [21].
Panel a shows the cartoon representation of one protomer of the dimeric M-pro 
whereas panel b shows the surface representation of the M-pro homodimer (with 
subunit A in blue and subunit B in salmon). The covalently bound N3 ligand is shown 
in green.
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the original DUD sets had to be removed for some of the targets because some nitrogen atoms in the

structure of these molecule had too many bonds and a valid Lewis dot structure could not be drawn. In

that case, RDKit could not interpret the structural information of these molecules without correcting the

valences of these atoms. Therefore,  considering that  this problem affects very few molecules,  we

decided to remove them from the sample (see Table 1). As we can see in Table 1, this issue affected

almost exclusively the decoys files, with the exception of 7 actives for the protein Enoyl ACP reductase

(Inha) and for the Tyrosine kinase SRC (SRC). In order to avoid differences between the RDKit and

the Open Babel results, these molecules were also removed from the set that was processed by the

later toolkit.

The 10 fingerprints used and compared in this work, together with their category are shown in Table 2.

In total, 5 substructure key, 4 topological and 1 circular fingerprints were employed.

Table B: Fingerprints used and type

Name Type
Open  Babel

FP2 Topological
FP3 Substructure key
ChemFP-Substruct Substructure key

RDKit
AtomPair Topological
Avalon Substructure key
Fingerprint Topological
MACCS166 Substructure key
Morgan Circular
Pattern Substructure key
Torsion Topological

FiBeFTa implementation details

FiBeFTa is structured as a Python 2 script. Python 2 stopped being updated on April 2020 with the

release of version 2.7, which signified the cease of development for Python 2 in favor of Python 3.

Even though development of new tools in Python 2 is discouraged, it is used in FiBeFTa for 2 reasons:

1. The free open-source version of Chemfp only supports Python 2. Free academic licenses for

Python 3 are also offered, but that would mean having to renew the license every year in order

for FiBeFTa to work.

14



Oriol Villaró Serrano Universitat Rovira i Virgili, Tarragona

2. To maintain compatibility between other projects in the Cheminformatics & Nutrition Research

Group.

All things considered, an effort has been made to develop FiBeFTa in such a way that works either in

both Python 2 and 3, to facilitate the eventual transition to the new Python update.

Results and discussion

FiBeFTa Algorithm

The FiBeFTa algorithm uses two structural files as input, one for the active molecules of the target of

interest and one for the corresponding decoys. Accepted formats for the molecules in these two input

files are SDF and SMILES. The first step is converting independently both files into lists of molecules

that are labeled as actives (i.e., Active list, see Figure 4) or decoys  (i.e., Decoy list, see Figure 4).

Once labeled,  both lists  are joined in a single file (i.e.,  Total  list,  see Figure 4).  In order for the

algorithm to be more efficient, all the fingerprints will be calculated now for the Active and the Total

lists. Using these fingerprints,  the program will  iterate over the  Total list calculating the Tanimoto

coefficient with all the molecules at the Active list in order to find which is its closest active compound

(during this process, each active in the  Total list is not paired with itself at the  Active list). When

there are no more molecules to pair, the list will be sorted by descending Tanimoto coefficient (if one

decoy and one active have the same Tanimoto value, then the decoy will rank first in order to not favor

false  metrics).  Once finished this  sorting,  the different  validation metrics  will  be  calculated and a

Molecule ranking file for the corresponding target/fingerprint pair will be generated. These are .csv

files where each molecule at the Total list is paired with its most similar active at the Active list and

where the rows are sorted by default by decreasing Tanimoto coefficent. These files are named by the

specific fingerprint they use and are useful for allowing the traceability of the FiBeFTa final output and,

therefore, for each molecule, they include the next fields:

1. Molecule ID: the name for the molecule provided in the corresponding input file (e.g., the

ZINC code).

2. Molecule SMILES: the SMILES for the molecule.

3. Tanimoto score: the Tanimoto score between the molecule and its most similar active

15
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4. It’s Active?: a binary indicator (1/0) to show whether the molecule is an active (i.e., 1) or a

decoy  (i.e.,  0).  This  data  is  used  when  calculating  the  metrics  to  see  how  well  the

corresponding fingerprint is able to distinguish between active/decoys.

5. Closest Active ID:  the name for the  most similar active molecule in the  corresponding

input file (e.g., the ChEMBL ID).

6. Closest Active SMILES: the SMILES code for the most similar active molecule.

Once all the metrics for each of the fingerprints have been calculated a new file summarizing the

results for each metric (by default EF1%, EF10%, AUC and BEDROC) is generated. These files acts

as a summary of the execution, and concludes which fingerprint performs best for the given metric and

target.

16
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Figure 4: Pipeline of the algorithm
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Analysis of DUD targets

Table 3 shows the data obtained with the 40 targets present  at (DUD) [17]. Each of the fingerprints

shows two values per  metric:  the  first  one is  the  number  of  targets  for  which the corresponding

fingerprint obtained the best score, and the second is the number of times the same fingerprint fall

above the 75th percentile results for a target. Since the results obtained for the different fingerprints are

generally high (see Tables from S1 to S4), this double evaluation of the fingerprint performance allows

for a better characterization of their robustness in VS.

Table 3 shows that the values for “Best” column (irrespective of the metrics) do not add to 40 (i.e., the

number of targets available at DUD). This is due to the fact that when two or more fingerprints shared

the highest score for a particular target all of them are counted at the corresponding cell. As it can be

seen in the results, this happens more frequently with the EF, especially with a factor of 1, since the

result are determined by the outcome of fewer molecules.

Table C: Fingerprint performance Metric value classification by fingerprint

Fingerprint
EF1% EF10% AUC BEDROC

Best
75th

PCTL Best
75th

PCTL Best
75th

PCTL Best
75th

PCTL
Open Babel

FP2 36 36 18 26 9 22 4 18
FP3 0 0 0 0 0 0 0 0
ChemFP-Substruct 34 35 8 14 2 19 2 5

RDKit
AtomPair 32 33 20 26 11 25 8 20
Avalon 36 36 9 15 4 15 5 9
Fingerprint 36 36 11 15 6 18 7 15
MACCS166 32 33 14 19 4 21 2 8
Morgan 35 35 29 32 18 29 14 28
Pattern 38 39 11 15 4 16 3 6
Torsion 35 35 20 29 8 28 7 18

314 140 66 52

In Figure 5 and 6 we can see the previous data in a graphical format and separated by fingerprint type

(Substructure fingerprints for Figure 5 and hashed fingerprints for Figure 6). Regarding the EF with a

factor of 1 (that is, how more likely it is to statistically find an active in the top 1% of the list relative to

a  random  order),  most  fingerprints  perform  fairly  well  (except  FP3),  with  almost  all  fingerprints

18
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performing  best  in,  at  least,  32  of  the  40  targets.  This  is  most  likely  due  to  the  presence  of

stereoisomers, which will get paired regardless of the fingerprint used, and will occupy some of the top

positions in the 1st top percent of the list of molecules. The best performing fingerprint by this metric is

RDKit-Pattern  (that  is  the  best  for  38  targets),  but  apart  from  this  particular  fingerprint  both

substructural  and topological  fingerprints perform similarly (see Table 3 and Figures 5 and 6).  As

mentioned,  the  only  exception  to  these  general  good  results  for  the  EF1%  is  the  fingerprint

OpenBabel-FP3. 

Looking  at  the  results  with  the  EF with  a  factor  of  10,  we  start  to  see  some differences  in  the

performance of the fingerprints. RDKit-Morgan outperforms all the rest, giving the best results in 29

out of the 40 targets (9 more than the second-best options: RDKit-Atompair and Torsion). OpenBabel-

FP2, while not scoring the best in most targets, 18 out of 40, matches AtomPair when comparing

results in the 75th percentile, still falling behind Torsion (i.e., 29). 

Analyzing results for the AUC metric, we observe again how RDKit-Morgan performs better, having the

best results in 18 of the targets, 7 more than RDKit-Atompair. This doesn’t change when taking into

account results in the 75th percentile, where these 2 fingerprints obtain results that are above than

75% of all results in over half the targets, together with FP2, MACCS166 and Torsion.

For the last metric taken into account, BEDROC, RDKit-Morgan is the best-perforiming fingerprint with

achieving the best result in 14 targets, almost doubling the second-best, RDKit-Atompair with a value

of 8. Observing the 75th percentile category we can see that only RDKit-Morgan and AtomPair score in

more than half of the targets.

As we can see in  the figures below, the hashed fingerprints  score better  according to almost  all

validation metrics, with the exception of EF1, where both perform similarly. Of the different hashed

fingerprints RDKit-Morgan is the one that excels the most. From the category of hashed fingerprints,

RDKit-Morgan is the only circular fingerprint evaluated.
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Figure 5: Number of DUD targets for which a substructure key fingerprint scores in the 
top positions

Figure 6: Number of DUD targets for which a hashed fingerprint scores in the top positions
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Analysis of M-pro

In order to see a more every-day use of this tool we will analyze the output generated for the SARS-

CoV2 M-pro. In Table 4 we can see the values of the metrics for each of the fingerprints.

Table D: Validation of VS for M-pro

Fingerprint EF1% EF10% AUC BEDROC
Open Babel

FP2 35.19 8.89 0.97 0.87
FP3 0.00 0.00 0.89 0.04
ChemFP-Substruct 35.19 8.52 0.96 0.86

RDKit
AtomPair 35.19 9.38 0.98 0.9
Avalon 35.19 8.03 0.94 0.8
Fingerprint 35.19 8.03 0.93 0.83
MACCS166 35.19 9.01 0.97 0.88
Morgan 35.19 9.75 0.99 0.97
Pattern 35.19 9.14 0.97 0.87
Torsion 35.19 9.26 0.97 0.9

As we can see in Figure 7 and Table 4, the ranges of the Enrichment Factor 10 go from 8.03 to 9.75

(excluding Open Babel FP3 that, again, performs very bad), and the fingerprint that has the best score

is Morgan.  FP3 uses SMARTS patterns for a variety of functional groups, but it completely ignores

atoms that do not form part of these patterns, for example Bromine, and assigns a Tanimoto score of 1

to molecules that are not similar because of this. Since the FiBeFTa algorithm prioritizes decoys over

active molecules for equal Tanimoto scores, OpenBabel-FP3 does not perform well in regardless of

the metric analyzed. It should be noted that OpenBabel-FP3 is not usually used, falling behind FP2,

which is considered the default fingerprint for substructure searching inside its package, OpenBabel,

which agrees with the results obtained for the OpenBabel fingerprints. 
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Figure 8 shows the values for both AUC and BEDROC scores. This Figure also confirms that for M-

pro the most appropiate fingerprint to use is the circular fingerprint Morgan, since it obtains the best

scores by both metric. In this figure we can also see an example of the “Early Recognition Problem”

[19] for FP3, in which BEDROC assigns a poor score, since it gives priority to the decoys, and this

metric gives more value to the first molecules identified and their order.

22

Figure 7: EF 10 of each fingerprint for M-pro
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Conclusion

After reviewing the data generated we are in a position to answer some of the questions we have

asked during this project. As hypothesized, using the algorithm before any actual study would help

choose the best one for the specific molecule, which in turn would help separate potentially useful

molecules in silico.

Looking at the results from Figures 5 and 6 we observe that for three out of the four metrics hashed

fingerprints outperform substructure key fingerprints, and perform similarly in the fourth one. Out of all

the hashed fingerprints,  it’s  RDKit  –  Morgan,  the  only  circular  fingerprint  evaluated that  performs

consistently well, irregardless of the metric. 

The values for all targets of the DUD were also analysed (see Annex) in order to see if there was any

target that ranked low on all fingrprints. Some targets have higher scores overall, and there are targets

that rank lower for a specific metric. For example, the target thymidine kinase (tk) is the only target to

have  a  maximum BEDROC of  less  than  0.8000  for  any  fingerprint  (0.7852),  however,  it  scores

normally  for  the  other  metrics,  showing  no  correlation  between  poor  performance  of  one  metric

affecting the rest, at first sight.
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Annex

DUD Results

Table S1: Enrichment Factor 1
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Table S2: Enrichment Factor 10
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Table S3: AUC 

29



Oriol Villaró Serrano Universitat Rovira i Virgili, Tarragona

Table S4: BEDROC
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