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Abstract—Novel 3D-descriptors using Triplets Of Pharmacophoric Points (TOPP) were evaluated in QSAR-studies on 80 apopto-
sis-inducing 4-aryl-4H-chromenes. A predictive QSAR model was obtained using PLS, confirmed by means of internal and external
validations. Performance of the TOPP approach was compared with that of other 2D- and 3D-descriptors; statistical analysis indi-
cates that TOPP descriptors perform best. A ranking of TOPP > GRIND > BCI 4096 = ECFP > FCFP > GRID-GOLPE�
DRAGONoMDL 166 was achieved. Finally, in a ‘consensus’ analysis predictions obtained using the single methods were com-
pared with an average approach using six out of eight methods. The use of the average is statistically superior to the single methods.
Beyond it, the use of several methods can help to easily investigate the presence/absence of outliers according to the ‘consensus’ of
the predicted values: agreement among all the methods indicates a precise prediction, whereas large differences between predicted
values (for the same compounds by different methods) would demand caution when using such predictions.
� 2007 Elsevier Ltd. All rights reserved.
1. Introduction

The introduction of combinatorial chemistry and high
throughput screening (HTS) in drug research yielded col-
lections of large compound libraries with measured bio-
logical activities. When this highly valuable source of
database information is properly manipulated with com-
puter-assisted methods, it can aid to simplify the process
of lead finding or of property-based design within a series
of homologues. In the first case, molecular modelling ap-
proaches help to evaluate the molecular similarity/diver-
sity within the database molecules. In the second case,
modelling can contribute to optimise pharmacological
or pharmacokinetic properties via QSAR models.
0968-0896/$ - see front matter � 2007 Elsevier Ltd. All rights reserved.
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The success of such studies depends on the choice of an
appropriate molecular characterization, producing a set
of informative descriptors. Suitable characterizations
must be, first of all, relevant to the properties to be
studied. An excellent overview of many molecular
descriptors is compiled by Todeschini and Consonni,1

whereas suitability of molecular descriptors for database
mining was analysed by Cruciani et al.2 Classically,
structural descriptors were derived from global molecu-
lar and physicochemical properties such as lipophilicity,
electrostatics, steric shape and bulk. The main advan-
tage is their fast computation, whereas a disadvantage
is their lack of completeness and accuracy, at least in
some cases.

Two-dimensional (2D) fragment-based descriptors
are derived from substructure search systems. Most
frequently used in drug research are structural keys
and hashed fingerprints. The former make use of
a predefined fragment dictionary and record the
presence or absence of a number of small generic
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or specific fragments, whereas hashed fingerprints al-
low to reduce the length of the bitstring. In fact, a
‘molecular fingerprint’ is a binary bitstring of 1’s
(for the presence) and 0’s (for the absence) of spe-
cific fragments and the use of hash functions allows
to break the fingerprint into smaller strings, easier to
handle. As for the structural descriptors, the main
advantage of the 2D-descriptors is the speed of their
calculation; the main drawback are difficulties in
interpretation.

Among three-dimensional (3D)-descriptors, the
GRID-based deserve particular mentioning. For their
determination a molecule is placed in a box and for
an orthogonal grid of points the interaction energy
values between this molecule and a small probe
molecule, such as water, are calculated. The GRID
fields thus obtained, named Molecular Interaction
Fields (MIF), characterize, for example, molecular
shape, charge distribution and hydrophobicity.
Development and successful application of GRID-
based 3D-descriptors was recently summarized by
Cruciani.3

In case of databases of several thousands of compounds,
calculation time was always the bottleneck for using
3D-descriptors including those based on GRID. A novel
member of the GRID-family overcomes this problem:
the approach that uses Triplets Of Pharmacophoric
Points (TOPP).4

In fact, the recently introduced TOPP descriptors4 lie
between the two classes, 2D and 3D: they use the 3D-
molecular structure and the parameterisation of the
GRID force field but they resemble 2D-descriptors con-
cerning speed and fingerprint style.

The aim of this study was to apply the novel TOPP-
descriptors in a QSAR-study and to compare their per-
formance with that of other 2D- and 3D-descriptors. A
set of 4-aryl-4H-chromenes,5,6 exhibiting apoptosis-
inducing potencies, served as database for such a case
study.

Apoptosis is the normal process of cellular suicide
that proceeds with specific biochemical and cytologi-
cal features, including nuclear condensation and
fragmentation. Apoptosis enables organisms to con-
trol their cell numbers and to eliminate unneeded
cells.7 The correct balance between apoptosis and
inhibition of apoptosis is important in preserving
tissue homeostasis and organ morphogenesis.8 Aber-
rations of this process underlie some pathological
conditions. Thereby, the biological interest in this
field is steadily increasing, since many cancer cells
exhibit abnormal inhibition of apoptosis9 while
excessive apoptosis is implicated, for example, in
Alzheimer’s disease.10

The discovery and development of apoptosis inducers
are of prime current interest, and QSAR models
can aid in specifying sound pharmacophoric
considerations.
2. Dataset and methodology

2.1. Dataset

The dataset comprises 80 apoptosis-inducing 4-aryl-4H-
chromenes; structural modifications mainly refer to sub-
stitution in 4-position and to substitution of the benzene
part of the chromene ring. For this QSAR study the
dataset was split into a training and a test set of 62
and 18 molecules, respectively. Their structures are
listed in Tables 1 and 2 according to the original arti-
cles;5,6 shaded structures represent members of the test
set. The ‘Most Descriptive Compound’ (MDC) option,
available in GOLPE,11,12 was used to automatically se-
lect a balanced and chemically diverse test set. The
MDC criterion privileges a selection scheme that
weights the compounds according to their population
density.13

2.2. Biological data

Apoptosis-inducing potency was quantified by Kemnitzer
et al.5,6 using a cell-based HTS assay in HL60 B-cell prom-
yelotic leukaemia cancer cells. Potencies are listed in
Tables 1 and 2 in reciprocal logarithmic form (log 1/C)
for micromolar apoptosis induction. The spanned space
of biological activity covers nearly 3 log units ranging
from 7.96 for compound 32 to 5.14 for compound 39.

2.3. 2D molecular descriptors

SD files were derived from SMILES notations and used
as input for 2D-descriptors. MDL public keys, BCI fin-
gerprints, ECFP and FCFP fingerprints were applied as
2D-descriptors in this study.

2.3.1. MDL public keys. MDL keys are used in QSAR,
data-mining and virtual screening for substructure
searching as well as for structure comparison. For these
purposes, each molecule is regarded as a binary bitstring
of 1’s and 0’s. A set of 166 keys, small topological sub-
structure fragments, is used in tandem with a 960 key set
which includes algorithmically generated, more abstract
atom-pair descriptors. As many other 2D methods, the
stereochemistry is not included in either set.14,15

2.3.2. BCI fingerprints. BCI structural fingerprints of a
molecule are based on the presence/absence of 2D struc-
tural features, listed in a predefined fragment dictionary.
Six different families of fragments are available: aug-
mented atoms, atom/bond sequences, atom pairs, ring
composition fragments, ring fusion fragments and ring
ortho fragments.16 A set of 4016 descriptors was used
in this study.

2.3.3. ECFP and FCFP fingerprints. Pipeline Pilot from
Scitegic17 provides descriptors via following fragmenta-
tion scheme: each atom is represented by a string of ex-
tended connectivity values, calculated using a modified
Morgan Algorithm (originally used in isomorphism
issues18). Two different circular substructure descriptors
were used in this study: Extended Connectivity
Fingerprints (ECFPs) and Functional Connectivity



Table 1. Dataset structures I

Structures of dataset compounds from Ref. 5. Shaded structures are members of the test set, the reported log1/C values for apoptosis-inducing

potency were quantified by Kemnitzer et al. in HL60 B-cell promyelotic leukaemia cancer cells.5
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Fingerprints (FCFPs). The number of connections, the
element type, the charge, and the mass determine the ini-
tial code assigned to an atom by ECFPs. Similarly, six
generalised atom-types are used by FCFPs to assign
the initial code: hydrogen-bond donor, hydrogen-bond
acceptor, positively ionisable, negatively ionisable, aro-
matic and halogen. In both cases this code, combined
with bond information and codes of its immediate
neighbour atoms, is hashed to produce the next order
code, which is mapped into an address space of size
2E + 32. The process is iterated until the required level
of description has been achieved, in this case the stan-
dard ECFP_6 and FCFP_6. The Scitegic software repre-
sents a molecule by a list of integers, each describing a
molecular feature and each in the range �2E + 31 to
2E + 31. Calculation of these circular fingerprints is very
fast and the features (size up to 4 billion) are not prede-
fined in a limited fragment dictionary. These descriptors
have been well tested in conjunction with the Laplacian-
modified Bayesian analysis and have proved to be



Table 2. Dataset structures II

Structures of dataset compounds from Ref. 6. Shaded structures are members of the test set, the reported log1/C values for apoptosis-inducing

potency were quantified by Kemnitzer et al. in HL60 B-cell promyelotic leukaemia cancer cells.6
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efficient in similarity-based virtual screening.19,20 In
order to make this representation amenable for
statistical analysis within GOLPE, the integers were
hashed to a string of 1024 bits length.
2.4. 3D molecular descriptors

The three-dimensional structures of the compounds were
obtained as follows. First, the 3D-coordinates of the 80
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dataset compounds were converted from SMILES to
3D-coordinates with CONCORD.21 Then, the 3D-coor-
dinates were minimized in vacuo with Sybyl,22 by applying
the Powell method and using 1000 iterations. In order to
guarantee a common alignment for all the compounds,
compulsory for the GRID/GOLPE analysis, compound
03 served as template. The 4H-chromene scaffold was
used for the superposition and as a guide to drive the
roto-translation of all the compounds.

2.4.1. TOPP (Triplets of Pharmacophoric Points)
descriptors. TOPP4,23 is a QSAR approach using
3-point pharmacophores as 3D-descriptors. The work-
ing protocol is represented in Figure 1. In the first step,
the atoms of each molecule are classified by the GRID
force field parametrization. In this way, atoms are de-
scribed according to their charge and hydrogen bond-
ing properties: DRY (hydrophobic), DONN (HBD,
hydrogen bond donor), ACPT (HBA, hydrogen bond
acceptor) and DNAC (both HBD and HBA). After
the classification of the atoms an iterative procedure
generates all possible combinations of three points with
the four different atom types (DRY, DONN, ACPT
and DNAC). Two different encoding modes exist: one
approach is to store the presence/absence of each
3-point pharmacophore combination; the other ap-
proach is to count how many times each combination
is present in the molecule. The calculations described
above are performed for all the compounds and the
resulting combinations of 3-point pharmacophores are
the molecular descriptors. Descriptor coding such as
ABC 07 08 07 indicates the atom types involved in a trip-
let (A = DRY, B = HB_DONOR, C = HB_ACCEPTOR)
as well as the distances between them in Angstrom
(dAB = 7 Å, dAC = 8 Å, dBC = 7 Å).23 The final X-ma-
trix, built up in a dynamic way so that no length of the
bitstring is initially fixed, is submitted for statistical
analysis.

2.4.2. GRIND descriptors. GRid-INdependent Descrip-
tors GRIND24 were generated using the software
ALMOND.25 The information contained in the Molecu-
lar Interaction Fields, computed by means of the GRID
force field,26,27 is extracted to represent pharmacody-
namic properties: in fact, GRIND descriptors represent
the geometrical relationships between relevant MIF.
The nodes showing favourable energies of probe-mole-
cule interactions represent positions where groups of a
receptor would interact favourably with the molecule.
Hence, using different probes, one can obtain a set of
such positions which define a virtual receptor site
(VRS). The procedure for obtaining GRIND involves:
(a) computing a set of MIF, (b) filtering the MIF to
extract the most relevant nodes and (c) encoding the fil-
tered MIF into the GRIND variables. The energy of
the nodes and the distance between them guide the filter-
ing procedure to extract the set of grid nodes (filtered
MIF). Thereafter, the filtered nodes are encoded via
MACC2 transform into few GRIND variables. Each var-
iable is linked to a grid node-pair placed at a specific dis-
tance, and its value refers to the product of the energy
values of the linked MIF, which represent attractive inter-
actions between the probe and the molecule. GRIND
variables are organized in correlograms either represent-
ing node-pairs of the same field (auto-correlograms) or
node-pairs of different fields (cross-correlograms). The
following parameters were applied for calculations:
0.5 Å grid spacing, 120 nodes, 40% of weight assigned
to the field, smoothing window width 0.6.

2.4.3. GRID/GOLPE descriptors.28 Once all the com-
pounds were superimposed, the GRID26,27 program was
used to compute the Molecular Interaction Fields. GRID
calculates the interaction energy between the molecule
and a probe group which is moved through a regular grid
of points around the target molecule. At each point, the
interaction energy between the probe and the target mol-
ecule is calculated as the sum of Lennard–Jones potential
(ELJ), hydrogen-bond potential (EHB), electrostatic con-
tribution (EEL) and an entropic term (S) necessary for
the evaluation of the hydrophobic interaction:

Ex;y;z ¼
XN

i¼1

ELJ þ
XN

i¼1

EHB þ
XN

i¼1

EEL þ S ð1Þ
Different probes may be used to mimic specific interac-
tions between the ligand and the receptor, since very often
one probe is not enough to describe the interaction types
of a given molecule. Therefore, a preliminary study was
carried out with the probes DRY (Hydrophobic), C3
(Methyl), O (Carbonyl oxygen), N1 (Amide nitrogen)
and OH (Phenolic hydroxyl) to investigate the effect of
some different probes. A large cage (23 Å · 25 Å · 24 Å)
was necessary to accommodate all the compounds, but
the 13,800 ligand-probe energy measurements obtained
for each compound were reduced to about 2969 after
removal of variables with no variance.

The hydrophobic probe, DRY, and the phenolic hydro-
xyl probe, OH, were shown to be most effective. There-
fore, we selected only these two probes for the GRID/
GOLPE analysis.

2.4.4. DRAGON descriptors. DRAGON descriptors
were developed by the Milano Chemometrics and
QSAR Research Group29 for application in QSAR
and QSPR studies, as well as for similarity analysis
and high-throughput screening of databases. DRA-
GON provides about 1500 molecular descriptors, di-
vided into several logical blocks. In addition to the
simplest counts of atom types, functional groups and
fragments, there are topological and geometrical
descriptors.1 In our study, the whole set of DRAGON
descriptors was used to build the X-matrix suitable for
PLS analysis.
2.5. Statistical analysis

Partial Least Squares (PLS) analysis was performed
within the software GOLPE.11,12 Scaling was applied
according to the descriptors’ type. The optimal dimen-
sionality of the PLS model was chosen according to
the results of cross validation. All computations were
run on a Linux workstation (Pentium IV 3.4 GHz PC
with 3 GB of main memory).



Figure 1. Working protocol in TOPP methodology. (a) The atoms of each molecule are classified by the GRID force field

parameterization according to their charge and hydrogen bonding properties. (b) An iterative procedure generates all possible combinations

of triplets with the four different atom types. (c) These triplets of pharmacophoric points are calculated for all database compounds and

stored in a descriptors matrix. (d) Statistical analysis, that is, Principal Component Analysis (PCA) and Partial Least Square (PLS), can

be applied.
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3. Results and discussion

3.1. 3D-QSAR analysis using TOPP descriptors

With the 3-point pharmacophoric TOPP descriptors a
starting PLS model was derived for the training set
(n = 62); then, three fractional factorial design (FFD)
runs (using default settings and the random group algo-
rithm as cross-validation procedure) were used to select
the variables for the X-space, which finally amounted to
375 TOPP descriptors. The resulting PLS model was
optimal with five latent variables, explaining 91% of
the variance for the apoptosis inducers in the training
set, with a low standard deviation (0.21) of the error
of calculation (SDEC). Internal validation was per-
formed using five random groups: a q2 value of 0.78
and a low standard deviation (0.32) of the error of
prediction (SDEP) were obtained. For external valida-
tion, the 18 test set compounds were projected and a
SDEP of the same order of the internal validation
(0.30) was achieved. The prediction of the test set is
graphically represented in Figure 2. All compounds were
satisfactorily predicted, showing how efficiently TOPP
fingerprints can be used in QSAR studies.

Whenever QSAR models are part of lead optimisation
projects, another important feature is to identify the
variables with highest impact on biological activity; this
information can help in the design of better compounds.
When using PLS as regression tool, the coefficients pro-
file plot helps to detect the most important variables; it
is shown according to optimal model dimensionality in
Figure 3. All variables (TOPP descriptors) are reported
sequentially along the X-axis, where division bars were



Figure 2. Calculated versus experimental values for the training set (62

compounds, black) and test set (18 compounds, red). The values

reported are pEC50 obtained from Refs. 5 and 6.

Figure 3. PLS coefficients plot for the TOPP model. All the descriptors

are reported sequentially along the X-axis, and each division corre-

sponds to a particular class of triplets. Red circles indicate those

triplets that contribute most to explain the variance in biological

activity, that is, they discriminate weak from potent compounds.
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added to easily recognise variables corresponding to a
particular class of triplets. It is noteworthy that the
amount of active variables differs block by block; this
is dataset-dependent and in our case there is a preva-
lence of DRY and ACPT atoms.
Table 3. Relevant triplets analysed in potent and weak compounds

Positive coefficients

AAB 06

07 03

AAC 07

08 07

AAC 09

08 06

ABC 07

07 04

ACC

02 06

Potent 32 1 1 0 1 1

49 1 1 1 1 1

Weak 08 0 0 1 0 0

24 0 0 0 0 1

‘1’ and ‘0’ denote presence or absence of the corresponding 3-point interact
Variables with the largest coefficients contribute most to
explain the variance in biological activity: they are rep-
resented with red circles. The cut-off value was arbi-
trarily set to ±0.04 in order to include the variables
that strongly discriminate weak from potent com-
pounds. As indicated in the plot, these are the following
few groups of variables: triplets AAA (DRY-DRY-
DRY), ABC (DRY-HB_DONOR-HB_ACCEPTOR)
and ACC (DRY-HB_ACCEPTOR-HB_ACCEPTOR).
Triplets of the AAA type show high negative PLS coef-
ficients; therefore they prevalently characterize inactive
compounds. On the other hand, pharmacophoric trip-
lets of the ABC and ACC type show large positive coef-
ficients and thus they are important for classifying
potent compounds. Together with the aforementioned
types, two other triplet classes profoundly influence
the biological behaviour of the training set compounds:
AAB (DRY-DRY-HB_DONOR) and AAC (DRY-
DRY-HB_ACCEPTOR). Unlike the others, AAB and
AAC show both highly negative and positive coeffi-
cients; this indicates that their importance is related to
the critical arrangement of distances they can assume
in 3D, more than just the presence or absence of a par-
ticular combination of chemical features. The data in
Table 3 underline such considerations. It is shown,
whether a given 3-point interaction (the most relevant
ones) is present or absent within two weak (08, 24)
and two potent (32, 49) apoptosis inducers. Positive
coefficients, highly indicative of potent compounds, pre-
vail in potent inducers while the opposite is found for
negative coefficients.

Once the highly relevant triplets are statistically defined,
their graphical display within the original molecular
structures allows to identify the chemical features
favouring strong apoptosis induction. Moreover, it is
possible to highlight molecular features inversely related
to the biological activity, features that should be absent
in a given compound in order to avoid weak apoptosis
induction.

A putative pharmacophore can be hypothesized and
linked to the SAR at 4-position of 4-aryl-4H-chromenes
via grouping the most relevant variables (i.e., those with
the highest positive PLS coefficients) for some potent
compounds; they basically comprise the triplet types
AAC, ABC, and ACC. For compounds 32 (Fig. 4a)
and 49 (Fig. 5), these common features (AAC 07 08
07, AAC 09 08 06, ABC 07 07 04, ACC 04 02 06) suggest
the importance of substitutions in the 3-(5-) position
in both the phenyl and the pyridyl ring. Figure 4b
Negative coefficients

04 AAA 10

08 01

AAC 01

07 07

AAC 02

05 05

AAC 04

03 01

AAC 08

06 04

0 1 0 0 0

0 0 0 0 0

0 1 1 1 0

1 1 1 0 1

ion.



Figure 4. For the potent molecule 32 favourable triplet arrangements are shown. (a) The importance of substitution at 5-position is documented via

the triplets ABC 07 07 04 and AAC 07 08 07. (b) The triplet ACC 04 02 06 expresses the importance of the nitrogen position in the pyridyl group.

Figure 5. For the potent molecule 49 favourable triplet arrangements

are shown comprising ABC 07 07 04, AAC 07 08 07, and AAC 09 08

06.

S. Sciabola et al. / Bioorg. Med. Chem. 15 (2007) 6450–6462 6457
additionally shows the importance of the nitrogen posi-
tion in the pyridyl group, confirming that in the pyridyl
series it is important to have the nitrogen in 3-position
with a substitution at 5-position.

Figure 6 shows variables with highly negative PLS
coefficients (AAA 10 08 01, AAC 01 07 07, AAC 04
Figure 6. Unfavourable triplet arrangements for the molecules 08 (a) and 24

01, AAC 01 07 07, AAC 04 03 01 and AAC 08 06 04 are present in weak in
03 01 and AAC 08 06 04), which are only present in
weak inducers such as 08 and 24. These variables
define substitutions in the 4-phenyl ring that counteract
apoptosis induction. Indeed, a 2-methoxy group ren-
ders 08 (Fig. 6a) >40-fold less active than the 3,4,5-tri-
methoxy analogue 02, suggesting that there might be a
space-limited pocket around the 2-position, or due to
steric effect, the 2-methoxy group forces the phenyl ring
into an unfavourable position.5 Same steric/size-limited
pocket considerations hold for the 3-position, for
example, in compound 24 (Fig. 6b), where replacing
3-methoxy by 3-benzyloxy leads to a >40-fold decrease
of potency compared to 17, as highlighted by highly
negative coefficients for triplets AAA 10 08 01 and
AAC 08 06 04.

Variable AAC 08 06 04 also allows interpreting the SAR
of chromene scaffold-varied compounds from Ref. 6,
shown in Table 2. Triplet AAC 08 06 04 in 45 corre-
sponds to a triangle made by the chromene oxygen,
the cyano carbon and the 6-methyl group (Fig. 7). Given
its negative coefficient, the presence of this triplet con-
tributes to decrease the apoptosis inducing potency of
45, as agrees with previous reports5,6 that removal of
6-methyl can be determinant for retaining activity.

Analysis of the relevant TOPP variables did not provide
further evidence related to the SAR at the chromene
scaffold. Indeed, our model was not able to highlight
the effect of substitution at 7–8-position, found to be
(b). Variables with highly negative PLS coefficients such as AAA 10 08

ducers such as 08 and 24.



Figure 7. Unfavourable triplet arrangement (AAC 08 06 04) for the

molecule 45 (weak inducer) made by the oxygen in the chromene

scaffold, the carbon atom of the cyan group and the methyl group at

6-position. As this triplet has a negative coefficient in the PLS model,

its presence contributes to decrease the apoptosis inducing potency for

molecules 45.
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important for steric reasons.6 Substitution at 7-position
is not captured because our model misses compounds
1e6 and 1f,6 where bulky phenylamino or N-morpholino
substituents determine the potency reduction. These two
compounds were left out due to EC50 values >10 lM.
Sound statistical analysis of varied 8-substitution is
excluded given the small number of compounds and
the limited type of functional groups tested at this posi-
tion (Me, NH2 and OH).

3.2. Comparative studies with other 2D- and 3D-
descriptors

To further validate the quality of our 3D pharmaco-
phore fingerprint model, we compared the performance
of TOPP descriptors in QSAR analysis with seven other
widely used and reportedly successful QSAR methods:
GRIND, GRID/GOLPE and DRAGON 3D-descrip-
tors, circular ECFP_6/FCFP_6 fingerprints, MDL
structural keys and Barnard 4096 fingerprints (for
details, see Section 2).

One of the main problems when comparing different
methods is the miscellaneous selection of the diagnostic
methodology. For instance, ECFP/FCFP fingerprints
are normally combined with naı̈ve Bayesian classifiers,
while GRIND descriptors and the GRID/GOLPE pro-
cedure make use of linear regression techniques. In this
Table 4. Statistical results obtained analysing different QSAR descriptor sch

Descriptors PCs r2 SDEP

valid

3D TOPP 5 0.91 0.32

GRIND 5 0.90 0.42

GRID-GOLPE 3 0.84 0.41

DRAGON 4 0.76 0.51

2D MDL 166 2 0.25 0.67

BCI 4096 5 0.88 0.46

ECFP_6 3 0.88 0.49

FCFP_6 4 0.87 0.53

Average on six methods (TOPP, GRIND, GRID/GOLPE, BCI, ECFP_6
work, the partial least squares (PLS) method using
GOLPE has been used for all comparisons to check
rather objectively the relative performances of the differ-
ent descriptors. The main statistical results of their eval-
uation are shown in Table 4 and Figure 8.

The validity of any QSAR model can be checked by
internal and external validation. The internal validation
was performed by repeating 20 times the following
cross-validation procedure: the objects of the training
set were randomly split into 5 groups of equal object
numbers. Then, reduced models were built and used to
predict the Y-variables of the excluded objects. Finally,
the comparison of experimental and predicted activity
gives the statistical parameters q2 and internal SDEP
(Standard Deviation of Errors of Prediction). The same
parameters can be calculated for external compounds,
but using the real model to predict the activity. A test
set composed of 18 diverse compounds was analysed
and the quality of the predictions was accomplished by
computing the external SDEP for any QSAR model
built in this comparison. In general, consistency was
found between internal and external validation analyses.

Both the r2 values for correlation as well as the q2 values
for internal prediction indicate that all GRID-derived
methods yield robust models. In terms of internal
validation (q2 and SDEP), TOPP descriptors performed
slightly better than GRIND and GRID/GOLPE
descriptors. DRAGON descriptors achieve a signifi-
cantly lesser level of accuracy.

The 2D fingerprints used here afforded satisfactory re-
sults compared to 3D-descriptors except for the MDL
structural keys; neither fitting nor predictivity was
achieved in this case. This trend in performance com-
pletely contrasts to a previous report,23 where MDL
keys exhibited best statistics in predicting cytochrome
P450 2D6 metabolic stability while BCI keys ranked
worst. This opposing behaviour might be due to a stron-
ger dependence on the substructure composition of the
respective datasets under investigation. Indeed, MDL
structural keys do not seem appropriate in cases where
structural modifications are carried out around a fixed
core structure like in this dataset of 4-aryl-4H-chrom-
enes. This can be rationalised inspecting the MDL struc-
tural keys of 02 (log 1/C = 7.35) and 08 (log 1/C = 5.50),
wherein the 0 and 1 values for the two molecules match
exactly (Figure S1 in Supporting Information).
emes

cross

ation

q2 SDEP external

prediction

r2 external

prediction

0.78 0.30 0.68

0.63 0.38 0.56
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Figure 8. PLS scatter plots corresponding to the eight models; the corresponding statistical values are reported for each method.
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Figure 9. Trends related to different validations: internal and external validation are in agreement for the apoptosis dataset when analysing different

2D/3D-descriptors. The regression plots show good correlation when comparing both External versus Internal Standard Deviation of Errors of the

Predictions and External SDEP versus q2 values.

Figure 10. Comparison of the predictions obtained with different

models with the values obtained from the average.
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Circular substructure fingerprints ECFP_6 and
FCFP_6, instead, seem to behave more stably from this
point of view, giving reasonable statistical results inde-
pendent from dataset composition. The same consider-
ations hold for TOPP and GRIND, the former
exhibiting best performance as QSAR descriptor both
in this and the previously published study.23

As shown in Figure 9, good correlation can be found
when comparing the two different validation methodol-
ogies for 3D-and 2D-QSAR models, confirming the use-
fulness of such an internal validation tool in all cases
where a limited dataset size does not allow a rigorous
check of the real predictive power of the generated mod-
el via external validation.

The external validation analysis again confirmed TOPP
as appropriate 3D-descriptors for QSAR analysis given
the lowest SDEP (0.30) obtained for the 18 test set
compounds. GRIND, GRID/GOLPE, BCI and Pipeline
Pilot fingerprints also performed very well, having a
SDEP value less than 0.40 and outperforming the
remaining MDL and DRAGON approaches.

3.3. Average model versus single models

In pharmaceutical companies, a main goal of molecular
modelling techniques is saving time and money, that is,
focusing synthesis and biological tests only on promising
molecules. This goal demands the availability of highly
precise prediction tools. Therefore, we finally perform
a ‘consensus’ analysis of the predictions obtained using
different methods and present an average approach
using six out of eight methods to predict the apopto-
sis-inducing potency. DRAGON and MDL were ex-
cluded due to limited performance.

The results, reported in Figures 10 and 11, were intrigu-
ing: the use of the average is statistically superior to the
single methods. In Figure 10 we compare the predictions
of each method with the average of all predictions (for
the same compounds), using the squared differences be-
tween experimental and predicted values. In case of bet-
ter performances (lower differences) obtained with the
average, the corresponding cell in the table is coloured
in green. Vice versa, better performances obtained with
a single method correspond to red colouring.



Figure 11. Calculated versus experimental values for the test set

compounds obtained with TOPP (blue), BCI (red) and with the

average (green).
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Analysing Figure 10 by row (compound) indicates the
average to generally overcome the single methods, anal-
ysing by column (method) shows that only BCI and
TOPP perform at least as well as the average. The values
predicted with TOPP, BCI and the average are pre-
sented together in Figure 11, where it is shown how
the r2 on the external set obtained doing the average is
the highest (0.71), as well as the SDEP is the lowest
(0.28).

Beyond it, the use of several methods can help to
easily investigate the presence/absence of outliers
according to the ‘consensus’ of the predicted values:
agreement among all the methods indicates a precise
prediction, whereas large differences between pre-
dicted values (for the same compounds by different
methods) would demand caution when using such
predictions.
4. Conclusion

The TOPP approach is a novel member in the family of
GRID-based 3D-descriptors, although it does not refer
directly to the interaction fields but uses the GRID
atomic parameterization. In former papers, its success-
ful application to CYP2D6 metabolic stability23 and vir-
tual screening30 has been described. In such cases the
method was applied to heterogeneous datasets compris-
ing molecules with very diverse scaffolds. However, its
performance for homogeneous datasets comprising mol-
ecules with the same scaffold—a frequent situation in
QSAR studies—is missing yet.

Here, we present one of the first applications of TOPP
descriptors and PLS analysis to QSAR studies on a
dataset of 80 apoptosis-inducing 4-aryl-4H-chromenes.

Then, the performance of the TOPP approach was com-
pared with that of other 2D-(MDL keys, BCI, ECFP
and FCFP fingerprints) and 3D-descriptors (GRIND,
GRID/GOLPE, DRAGON); statistical criteria indi-
cated that TOPP descriptors performed best.

Finally, predictions from the single methods were com-
pared with an average approach using six out of eight
methods indicating better results for the average
approach.
Supplementary data

Supplementary data associated with this article can be
found, in the online version, at doi:10.1016/j.bmc.2007.
06.051.
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