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DrugBank (>6000 approved and experimental drugs) was analyzed using molecular quantum numbers
(MQNs), which are 42 integer value descriptors of molecular structure counting atoms, bonds, polar groups
and topological features. Principal component analysis of MQN-space showed that drugs differ mostly by size
(PC1, 67% variance) and structural rigidity and polarity (PC2, 18% variance). Twenty-eight groups of target
specific drugs were recovered by proximity sorting in MQN-space as efficiently as by substructure fingerprint
(SF) similarity, but in different order allowing for lead-hopping relationships not seen in SF similarity. Clus-
tering by MQN- or SF-similarity produced very different types of clusters. Each of the 28 drug groups spread
over different clusters in both MQN- and SF-clustering, and most clusters contained drugs from different tar-
get specific groups, showing that structure-based classifications only partially overlap with bioactivity. An
MQN-browsable version of DrugBank is available at www.gdb.unibe.ch.

© 2012 Elsevier Ltd. All rights reserved.

1. Introduction

Organic molecules consist of groups of covalently bonded atoms of
carbon, hydrogen, oxygen, nitrogen, sulfur, halogens and a few addi-
tional elements. Any molecule is defined by a particular set of atoms
(elemental formula), their covalent connectivity pattern (2D-struc-
ture), and the relative positions of these atoms in physical space
(3D-structure, including stereochemistry and conformations). These
structural features define the molecule’s identity and determine its
properties including physical properties (e.g., solubility), its chemical
and biochemical reactivity (e.g., stability and degradation), and its bio-
logical activity (e.g., interactions with biomolecules). In the case of
drug molecules, one hopes to capture the key structural features deter-
mining the biological properties in theoretical models with predictive
value. Quantitative structure-activity relationship (QSAR) studies ad-
dress the detailed rationalization of the activity of focused compound
series using statistical methods.!

The advent of combinatorial chemistry and high-throughput
screening have led to the necessity to consider general models capable
of predicting compound properties in the framework of collections of
millions of molecules with highly diverse structural types.? This has
led to the concept of the chemical space as an approach to classify
these large datasets based on structural features. ‘Chemical space’ de-
scribes the ensemble of all organic molecules to be considered when
searching for new drugs, as well as the property spaces in which these
molecules are placed for the sake of predicting and understanding
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their properties. Property spaces can be constructed from various
descriptors of molecular structure,® or from binary fingerprints.* Once
placed in a chemical space, molecules can be compared with one an-
other by measuring distances using similarity measures.?

A well conceived chemical space should group compounds with
similar physico-chemical and biological properties together, such that
similarity measures might be used for ligand-based virtual screening.
Following Occam’s razor principle, one should seek to find a chemical
space with descriptors as simple as possible yet with reasonable pre-
dictive value. Recently we reported a chemical space based on 42 inte-
ger value descriptors of molecular structure called molecular quantum
numbers (MQNs)® in analogy to the atomic and principal quantum
numbers classifying the elements in the periodic system.” These
descriptors include classical topological indexes such as atom and ring
counts,® and a few additional counts such as cyclic and acyclic unsat-
urations, atoms and bonds in fused rings, and electrostatic charges pre-
dicted for neutral pH (Table 1). Since the MQNs only have integer
values, MQN-space is composed of ‘MQN-bins’ to which molecules
are assigned if they share the same MQN values. Such MQN-isomers
may be compared to isotopes sharing the same atomic and principal
quantum number in the periodic system of the elements. The 42 MQNs
can be determined from the structural formula by anyone with basic
training in organic chemistry. Although the information contained in
the MQN is much less detailed than that of binary substructure finger-
prints (SF), a commonly used method to describe molecules by the
presence or absence of defined substructures,* the possibility to deter-
mine and understand MQNs without the aid of a computer is an
important advantage. Furthermore, MQN-values are extremely rapidly
computed and can be used to classify very large databases such as
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Table 1
The 42 molecular quantum numbers (MQNs)

Atom counts (12) Bond counts (7)

c Carbon asb Acyclic single bonds
Fluorine adb Acyclic double bonds

cl Chlorine atb Acyclic triple bonds

br Bromine csb Cyclic single bonds

i lodine cdb Cyclic double bonds

s Sulfur ctb Cyclic triple bonds

p Phosphorous rbc Rotatable bond count

an Acyclic nitrogen

cn Cyclic nitrogen Topology counts® (17)

ao Acyclic oxygen asv Acyclic monovalent nodes

co Cyclic oxygen adv Acyclic divalent nodes

hac Heavy atom count atv Acyclic trivalent nodes

aqv Acyclic tetravalent nodes

Polarity counts® (6) cdv Cyclic divalent nodes
hbam H-bond acceptor sites ctv Cyclic trivalent nodes
hba H-bond acceptor atoms cqv Cyclic tetravalent nodes
hbdm H-bond donor sites r3 Three-membered rings
hbd H-bond donor atoms r4 Four-membered rings
neg Negative charges r5 Five-membered rings
pos Positive charges r6 Six-membered rings
7 Seven-membered rings
r8 Eight-membered rings
r9 Nine-membered rings
rgl0 >10 membered rings
afr Atoms shared by fused rings

bfr Bonds shared by fused rings

@ Polarity counts consider the ionization state predicted for the physiological pH
7.4. hbam counts lone pairs on H-bond acceptor atoms and hbdm counts H-atoms
on H-bond donating atoms.

b All topology counts refer to the smallest set of smallest rings. afr and bfr count
atoms respectively bonds shared by at least two rings.

PubChem,® the fragment subset of PubChem,° or the entire chemical
universe database GDB-13, which lists 977 million molecules up to 13
atoms of C, N, O, S and CL.'" The relevance of MQN-space is evidenced
by the fact that strong enrichments are observed when using MQN-
similarity to search for bioactive analogs of known drugs, a principle
which can be applied for prospective drug discovery within the entire
GDB-13 database.'?> The MQN-space of PubChem and GDB-13 are
freely searchable via the website www.gdb.unibe.ch.!®

Herein we describe the analysis of DrugBank in MQN-space. Drug-
Bank is an open access database containing data on over six thousand
experimental and approved small molecule drugs.'* By analyzing the
positions of 28 groups of 20-100 drugs with documented activity on
28 corresponding targets, we show that biosimilar drugs are relatively
well grouped in MQN-space. Thus relatively high AUC (area under the
curve) values are obtained in receiver operating characteristic (ROC)
curves for virtual screening by MQN-similarity. The enrichments are
comparable to those obtained by SF similarity. Interestingly, proximity
in MQN-space allows for lead-hopping relationships between drugs
that are not visible in the SF classification, in line with previous studies
of the PubChem database.®'° Clustering of DrugBank by MQN- or SF-
similarity shows that drugs form relatively well-defined clusters, how-
ever these clusters only partially overlap with groups of biosimilar
compounds. Overall the analysis shows that MQN-classification clus-
ters biosimilar drugs as efficiently as SF-classification, with the advan-
tage that MQNs have a more direct and transparent relationship to
molecular structure than SF.

2. Results and discussion
2.1. Dataset and fingerprint determination
The DrugBank was downloaded in sdf file format from http://

drugbank.ca/downloads, and 6404 drug were successfully read
into SMILES for further analysis with an average molecular weight

MW =335+ 161 Da. The 42 MQN values and a 1024 bit Daylight
type binary substructure fingerprint was determined for each
compound. Principal component analysis (PCA) was performed
with the MQN dataset and color-coded maps of the (PC1,PC2)-
plane were produced to provide an overview of the compounds
in DrugBank. In this MQN-map, the molecular size (heavy atom
count HAC) mostly determined PC1, and the number of H-bond
donor atoms (HBA), cycles (rings) and rotatable bonds (RBC) deter-
mined PC1 and PC2 in the MQN-map (Fig. 1).

2.2. Virtual screening

DrugBank was analyzed for groups of at least 20 drugs anno-
tated with a common target for their mode of action. By allowing
drugs for different isoforms of the same target to be in the same
group, we obtained 28 groups of 20-100 drugs each. In addition,
three randomly selected groups of 100 drugs each were taken as
controls. Virtual screening was performed by calculating ROC
curves for recovering each of the 31 groups by similarity to the
molecule that was most similar to all other molecules within each
group. The ROC curves were computed using the city-block dis-
tances CBDygn Or CBDsr and the Tanimoto similarity coefficients
Tmon and T as similarity measures (Fig. S1). As measured by the
area under the curve (AUC), significant enrichments (AUC >80%)
were obtained for 16 of the 28 drug groups, while the three control
groups gave no enrichment (Fig. 2).!° The similarity measure CBDs
gave significantly lower and often insignificant AUCs compared to
the other three similarity measures CBDygn, Tman 0T Tsg. One of the
strongest enrichments was obtained for glucocorticoid receptor li-
gands, which are all derived from the cortisone steroid skeleton.
On the other hand acetylcholine esterase (AChE) inhibitors gave
no significant enrichment, in agreement with the structurally
highly diverse compound types encountered in this family (see
Supplementary data smi files).

The occurrence of significant enrichments using both MQN
and SF based similarity showed that biosimilar drugs had com-
mon features according to both classification principles. However
the scores of single drugs obtained by MQN or SF were not corre-
lated. Thus, high scoring compounds in term of MQN-similarity
(low CBDwmgn, CBD is used preferentially for MQN data) had very
variable substructure similarity to the reference compound in
terms of SF (variable Tsg, Tanimoto similarity is used preferen-
tially for substructure fingerprints), and vice versa (Fig. 3A/B).
MQN-similar but SF-dissimilar compounds with the same bioac-
tivity are of particular interest since they feature scaffold-hopping
relationships that are typically difficult to identify,'® as shown for
here three examples (Fig. 3C).

The difference between MQN-based similarity and SF-based
similarity stems from the very different nature of the molecular
features encoded by each fingerprint. Thus, MQNs measure the
number of atoms, bonds, polar groups and topological features in
a molecule, and are primarily sensitive to molecular size, rigidity
and polarity. The highest AUCs were observed using the city-block
distance CBDyqn as similarity measure, which therefore appears as
the similarity measure of choice for MQN. On the other hand SF re-
port the presence or absence of detailed substructural elements
independent of their frequency and are not sensitive to molecular
size, but rather to the details of the structural elements present in a
molecule. The Tanimoto similarity coefficient Tsg appears well sui-
ted to quantify similarities between such binary fingerprints.

2.3. Clustering

The DrugBank compounds comprise marketed and investiga-
tional drugs as well as food additives and vitamins. Many drug ser-
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Figure 1. Principal component analysis of the MQN-space of DrugBank (6404 compds). (A) PC loadings. MQNs are ordered by decreasing PC1 loading. The color-coded maps
of the (PC1,PC2)-plane for the MQN-space of DrugBank are shown for (B) the heavy atom count, (C) the hydrogen bond acceptor atom count, (D) the number of cycles, and (E)
the rotatable bond count. The numbers next to each image indicate the average descriptor values for blue, cyan, green, yellow and red (5 values). A grey shading is added to

code for the standard deviation of the values. See Table 1 for full list of MQNs.
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Figure 2. Area under curve values (AUC, in %) for receiver operating characteristic
(ROC) curves for recovery of 28 groups of same target drugs and 3 control random
sets by sorting DrugBank according to CBDygqy (red thick line, average AUC = 77.3%),
Tmon (orange thin line, average AUC=76.7%), CBDg (blue thick line, average
AUC = 60.3%), Tsr (cyan thin line, average AUC = 76.7%), from the most average
compound in the set according to the corresponding similarity measure. Groups are
sorted by decreasing sum across the four AUCs. An AUC value of 50% corresponds to
no enrichment (random recovery), while AUC = 100% corresponds to full prioriti-
zation (all actives from a set are the first to be found in the sorted database).

ies consist of structurally related compounds representing varia-
tions on a common theme, resulting in part from ‘me-too’ ap-
proaches to drug development, but also from the fact that certain
drugs have been developed by optimizing side-activities of drugs
through a limited number of modifications.!” The occurrence of
structurally related compound families within DrugBank can be
automatically detected by clustering. The DrugBank was clustered
on the basis of the similarity measures CBDyqn and Tsg, which had
produced the best enrichments in the virtual screening examples
above. We used the recently reported affinity propagation as clus-
tering algorithm because this method works particularly well in
our hand for clustering compound datasets.'® Clustering using
CBDmgn produced 429 clusters and clustering by Tsg produced
945 clusters. A second level clustering was then performed by clus-
tering the cluster centers together, which produced 53 2nd level
clusters from the CBDyqn dataset and 139 2nd level clusters from
the Tsr dataset. The clusters were relatively well defined at the 1st
level of clustering but were more mixed at the 2nd level of cluster-
ing, as shown by the distance histograms for compound pairs with-
in clusters and between clusters (Fig. 4A/B).

The size of clusters obtained by CBDyqn decreased regularly in
the cluster size-sorted list, with a relatively high fraction of Drug-
Bank occupying well populated clusters (Fig. 4C/D). Thus, 89% of
DrugBank appeared in 1st level MQN-clusters of >10 compounds
each, and 90% of DrugBank appeared in 2nd level MQN-clusters
of >110 compounds each. In the case of clustering by Ts¢ by con-
trast, there were generally more clusters containing relatively
few compounds, and most of DrugBank compounds occupied rela-
tively small clusters. Thus, only 37% of DrugBank appeared in 1st
level SF-clusters of >10 compounds each, and only 65% of Drug-
Bank appeared in 2nd level SF-clusters of >50 compounds each.

The composition of the individual clusters was very different
between clustering by CBDyiqn and clustering by Tsg, as could be
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Figure 3. Lead-hopping relationships identified by MQN-similarity search. The scatter plot show the Drugbank compounds listed as active against the 28 targets in Figure 2
with their (CBDuqn, Tsr) coordinates relative to the reference average compound in terms of CBDyqn (A) or Tsr (B). The points are color-coded according to their position in the
ROC curves for sorting DrugBank by CBDyign (A) or Tsg (B) (Fig. S1). (C). For three examples, the query molecule closest to the avpqn is shown with two examples of known
actives with relatively low CBDyqn (1st number, high MQN-similarity) and low Tsg (2nd number, low substructure similarity).

expected from the very different nature of the similarity measures
(Fig. 5A/B). One of the most visible difference concerned the molec-
ular weight (MW) of compounds within clusters. In the MQN-clus-
ters the average MW per cluster was relatively well defined and
increased with decreasing cluster size from MW ~ 200 Da in the
largest clusters to MW ~ 1100 Da in the clusters occupied by single
compounds (Fig. 4E/F). In the SF-clusters by contrast, the MW was
not as well defined in each cluster and did not depend on cluster
size. The different nature of the clusters was also visible in the dis-
tinct distribution of 1st level and 2nd level cluster centers across
the (PC1,PC2) MQN-map, in particular at the more even distribu-
tion of the 53 2nd level MQN-clusters (Fig. 5C).

2.4. Do clusters correspond to drug targets?

The average similarities of actives found after screening 20% of
DrugBank by CBDyqn or Tg relative to the corresponding center of
gravity, which is apparent as the separation between green and
blue points in Figure 3A/B, corresponds approximately to the
CBDmon and Tsr threshold values separating within-cluster from
between-cluster compound pairs for 1st level clusters as shown
in Figure 4A/B (CBDmgn ~ 35, Tsp ~ 0.30). Is it possible that groups
of compounds specific for a given target might correspond to a few
well-defined clusters in MQN-space or SF-space? Do clusters gen-
erally contain only compounds specific of a given drug target?

The possible grouping of drugs specific for a given target in a
limited number of clusters was analyzed by counting the number
of 1st level and 2nd level clusters occupied by each of the 28 target
specific drug groups. Each group of drugs was taken either as a
whole, or considering only the drugs found within the first 20%
screening of DrugBank in the ROC curves. Ten randomly selected

groups of varying size were included as controls. The expected con-
centration of drugs in fewer clusters was indeed observed in the
target-specific groups and not in the controls with both MQN-
and SF-clustering, but the effect was relatively modest. Thus, there
were in general twofold less 1st level clusters than drugs in the 28
target specific groups, while the controls distributed in as many
clusters as drugs. At the 2nd level clustering, there were approxi-
mately threefold less 2nd level clusters than drugs in the target
specific groups, compared to 1.7-fold less 2nd level clusters than
drugs in the controls (Fig. S2 A/B). The effects were comparable
when considering only the drugs found within the first 20% screen-
ing of DrugBank, showing that the grouping of biosimilar drugs in
fewer clusters did not depend on their proximity to the center of
gravity of the drug class (Fig. S2 C/D). Note that the centers of
the 28 target specific groups were concentrated in a relatively lim-
ited are of the (PC1,PC2)-MQN map, which is also the most densely
populated (Fig. 5C).

The number of different targets addressed by each cluster was
analyzed focusing on the 28 groups of target-specific drugs (
Fig. 5D). In the 1st level clustering 97 (30%) of the 320 1st level
MQN-clusters and 349 (63%) of the 557 1st level SF-clusters occu-
pied by any of the 28 drug groups contained drugs for only a single
group. On average there were 2.5 targets/1st level MQN-cluster
and 1.5 target/1st level SF-cluster. The specificity was lower at
the level of the 2nd level clusters, with an average of 9.6 targets/
2nd level MQN-cluster and 4.8 targets/2nd level SF-cluster.
Although the target specificity of the MQN-clusters was a factor
of two lower than that of SF-clustering, these values are actually
comparable if one considers that MQN-clusters were approxi-
mately twice as large as SF-clusters (1st level: 15 drugs/MQN-clus-
ter vs 7 drugs/SF-cluster; 2nd level: 119 drugs/MQN-cluster vs 46



5376
A = 1st level within cluster
» 132,892 pairs (100%)
5197 — 1st level between clusters
2 40,878,324 pairs (100%)
b3 e===2nd level within cluster
2 10 4 1,516,806 pairs (100%)

2nd level between clusters
39,494,410 pairs (100%)

0 T T T 1
0 50 100 150 200
> CBDyon
C 50 100
& 40 g
E 175 8
S £
3 30 !
& =1st level cpd/MQN cluster | 59
20 == 1st level cpd/SF cluster
1st level MQN % covered
10 ====1st level SF % covered T2
0 T T T T 0
0 200 400 600 800
————» clusterno.
E .
1400 1 o MW MQN1st level
(¥ 4 x SD MQN 1st level
S 1200 1 K3 + MW SF 1st level
- L - SD, SF 1st level
£ 1000 - -t
%
g0 4t o ca
RN 4 AR
600 4 ), N e
: G A2Maa 4 L.
400 1 » iSRS L o A Rt
i AR o T e
200 A LT A et
ity Syt s AT

800
cluster no.

M. Awale, J.-L. Reymond /Bioorg. Med. Chem. 20 (2012) 5372-5378

B e 15t level within cluster
» 64,342 pairs (100%)
-% 15 1 = 1st level between clusters
o 40,946,874 pairs (100%)
2 e==2nd level within cluster
< 10+ 473,612 pairs (100%)
—— 2nd level between clusters
40,537,604 pairs (100%)
5 4
0 T T T
0 0.25 0.5 0.75 1
—_—
Tse
D 100
_ 400 -
[ Q
2 175 8
% 300 + ]
©
b4 °
o e===2nd level cpd/MQN cluster | 50 X
200 l e=27nd level cpd/SF cluster
2nd level MQN % covered 25
100 . ====2nd level SF % covered
0 T T 0
0 50 100
———»  cluster no.

© MW MQN 2nd level
o SD MQN 2nd level
4 MW SF 2nd level

= SD SF 2nd level

A

A A A

a, a* . a
t‘AtAAAA_‘ A, 4
A‘A-AA“A:M“-AA R

e S AL-AA‘ ‘A‘:A-AA

o A ke

-:_:-.:_—n:- A _;__“

— T

50 100
cluster no.

Figure 4. Clustering of DrugBank by affinity propagation. Histogram of (A) CBDyqn distance and (B) Tsr similarity of compound pairs within and between clusters at 1st and
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level and (D) 2nd level clustering. Average MW and standard deviation (SD) of compounds within clusters for (E) 1st level and (F) 2nd level clustering (cluster are ordered in

decreasing size according to Fig. C and D).

drugs/SF-cluster). Overall the data showed that many clusters did
not represent groups of biosimilar compounds but had mixed
content.

3. Conclusion

The analysis of DrugBank using MQN descriptors provides a
useful overview of its contents. MQN-similarity is comparable to
SF-similarity in terms of AUC for recovering groups of biosimilar
drugs from DrugBank, but allows for interesting lead-hopping rela-
tionships between actives not seen in the SF-similarity. These re-
sults confirm earlier virtual screening results with PubChem®1°
and GDB-13,'%12 and fall in line with earlier comments on assign-
ing compounds to common bioactivity classes from similarity be-
tween substructure fingerprints versus short fingerprints.'®

Clustering of DrugBank by MQN- or SF-similarity showed that
target-specific drug groups tend to focus on fewer clusters than
randomly selected drug groups, and that these clusters may be
quite selective of only few drug targets. However the correspon-
dence between MQN- or SF-based clusters and target specific drug

groups is far from perfect. This reflects at least in part the very
approximative molecular description of MQN and SF, although a
more sophisticated approach by shape-based similarity clustering
on the DUD dataset gave somewhat similar results.?° Indeed the
structure-activity relationships of drugs is often quite complex,
and structural modifications with only minor effects on descriptor
sets such as the MQN or SF vector may entirely change the bioac-
tivity profile of a molecule. Because they consist of only simple—
and mostly classical—atom counts and topological indices, MQNs
have a more direct and transparent relationship to molecules than
SF. The MQN system offers a simple method for a first level struc-
ture-based classification of drugs, and is publicly available via the
MOQN-browsable version of DrugBank at www.gdb.unibe.ch.

4. Methods
4.1. Dataset preparation

DrugBank was downloaded as sdf files from http://drugbank.ca/
downloads, and 6404 of the 6704 files were successfully converted
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to SMILES. Each molecule was annotated with its target property as
given in DrugBank. For the formation of 28 target specific groups
we considered only groups of at least 20 molecules with a single
reported target property. MQNs were computed using the previ-
ously reported source code (Supplementary data in Ref. 6). The
source code was written in Java using JChem from Chemaxon,
Ltd as a starting library. For SF, a Daylight-type 1024-bit hashed
fingerprint from ChemAxon were computed using the JChem
library.

4.2. Similarity calculations

The city block distance (CBD), also known as Manhattan dis-
tance or absolute value distance, is the sum of the absolute differ-
ences between coordinates of a pair of objects. City block
distance is always greater than or equal to zero. The measurement
would be zero for identical points and high for points that show lit-
tle similarity. The City block distance between two points(CBDag),
A and B, with K dimensions is calculated as:

K
CBDas = . ||Aj—Bj

For the molecule A and B represented by vector X, and Xz with
length n and attributes j, their Tanimoto Similarity Coefficient
(Tap)*! is calculated as:

S XiaXis

TA,B: n X, 2 n X, 2 n XX
Doim1(Xia) ™+ 200 Kip) ™ — D21 Xa X

4.3. Principal Component Analysis (PCA)

PCA was performed using an in house program written in JAVA
using the ]Sci science library.

4.4. ROC curves

Enrichment studies were carried out with 31 target groups (28
target specific groups and 3 random sets) using four methods
CBDwmans Tman, CBDsk and Tsr as similarity measures. The molecule
that was most similar to all other molecules within each group (the
molecule with highest Tsg, respectively lowest CBDyqn to all other
molecules within each group) was used as reference for this group.
These four sets of 31 reference molecules were then used for the
ROC by sorting DrugBank according to the shortest CBDygn/CBDse
and hlghest TMQN/TSF~

4.5. Affinity propagation (AP)

The AP is a clustering algorithm also known as message-passing
algorithm.'® AP does not require the user to input the number of
clusters in advance, rather it automatically comes up with the opti-
mum number of clusters based upon input self-similarity value. AP
shows a much lower error when compare with other clustering
algorithms. The APCluster: affinity propagation algorithm from R-
Statistical package®? and JAVA programming language were used
for the clustering of DrugBank and for further analysis. The initial
clustering provided 429 and 945 clusters for MQN and SF respec-
tively. These clusters are referred as 1st level clusters. The cluster
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centers from 1st level clusters were then subjected to affinity prop-
agation clustering which results in 53 and 139 clusters for MQN
and SF respectively. Based upon these clusters of ‘1st level cluster
centers’ we then merged the 1st level clusters into bigger clusters
called as 2nd level clusters.
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