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QSAR and 3D QSAR in drug

design

Part 1: methodology

Hugo Kubinyi

Classical QSAR methods describe structure-activity
relationships in terms of physicochemical parameters
and steric properties {Hansch analysis, extrathermo-
dynamic approach), or certain structural features (Free
3D QSAR methods,

comparative molecular field analysis, consider the three-

Wilson analysis). especially
dimensional structures and the binding modes of protein
ligands. Quantitative similarity—activity relationships
derive correlations between the similarities of individual
compounds and their biological activities. Theory and
methodology of these approaches are described here,
together with the proper use of regression and partial
least squares analyses for deriving quantitative structure—

activity relationships. Part 2, to be published in the

December issue, will address applications and problems.

uantitative  structure—activity  relationships
(QSAR) correlate, within congeneric series of
compounds, affinities of ligands to their binding
sites, inhibition constants, rate constants, and
other biological activities, either with certain structural
features (Free Wilson analysis) or with atomic, group or

molecular properties, such as lipophilicity, polarizability,

electronic and steric properties (Hansch analysis)!-13,
Although relationships between lipophilicity and unspecific
biological properties, such as narcotic, bactericidal, fungici-
dal, hemolytic and toxic properties, have been known since
the turn of our century, the independent publications of the
Free Wilson method'¥ and of Hansch analysis!5, both in
1964, mark a milestone in the development of QSAR.

Since then, QSAR equations have been used to describe
thousands of biological activities within different series of
drugs and drug candidates. Especially enzyme inhibition
data have been successfully correlated with physicochemi-
cal properties of the ligands!-316. In cerfain cases, where
X-ray structures of the proteins became available, the results
of QSAR regression models could be interpreted with the
additional information from the three-dimensional (3D)
structures!-3.

After a very slow development of grid-based 3D QSAR
approaches, in 1988 the method of comparative molecular
field analysis (CoMFA) was published by Cramer et al.”
This molecular field-based method constituted the first real
3D QSAR method. In the past ten years, many successful
CoMFA applications proved the value of this method!8-4
especially in cases where classical QSAR methods fail. In
contrast to Hansch or Free Wilson analysis, COMFA is better
suited to describe ligand-receptor interactions, because it
considers the properties of the ligands in their (supposed)
bioactive conformations. As the result of a CoMFA analysis,
regions in space are identified that are favorable or unfavor-
able for the ligand—receptor interaction.
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Quantitative structure-activity relationships

QSAR theory

All QSAR analyses are based on the assumption of linear
additive contributions of the different structural properties
or features of 2 compound to its biological activity, provided
that there are no nonlinear dependences of transport or
binding on certain physicochemical properties. This simple
assumption is proven by some dedicated investigations, for
example the scoring function of the de novo drug design
program LUDI (Egn 1)1825.26; in addition, the results of many
Free Wilson and Hansch analyses support this concept.

AGbinding = AC’O + AC’hb +AG + A(}lipo + AC’rol (1)

Overall loss of translational and rotational entropy,
AG, = +5.4 kJ mol!

Ideal neutral hydrogen bond, AG,,, = —4.7 kJ mol-!
Ideal ionic interaction, AGj,,;,. = —8.3 kJ mol-!
Lipophilic contact, AGy,,, = -0.17 ] mol-! A=2
Entropy loss per rotatable bond of the ligand, AG,,
= +1.4 kJ] mol-!

Eqn 1 correlates the free energy of binding, AGy,ngin,, With
a constant term, AG,, that describes the loss of overall trans-
lational and rotational degrees of freedom and AGy,, AG, .
and AGy,,, which are structure-derived energy terms for
neutral and charged hydrogen bond interactions and
hydrophobic interactions between the ligand and the pro-
tein; AG
freedom of the ligand. Eqn 1 holds for a wide range of

o describes the loss of internal rotational degrees of
energy values: the AGy,, i, of 45 different ligand-protein
complexes ranges from -9 to —76 kJ mol-!, which corre-
sponds to binding constants between 2.5 X 10-2 M and 4 X
10-14 M; its standard deviation of 7.9 kJ mol-! corresponds
to a mean error of about 1.4 log units in the prediction of li-
gand binding constants from the mathematical model'8252,

Because of the extrathermodynamic relationship between
free energies AG and equilibrium constants K(Egn 2) or rate
constants k (k,, = association constant, & = dissociation
constant of ligand-receptor complex formation), the loga-
rithms of such values can be correlated with binding affinities.

AG =-2303RT log K=— 2303 RT log & /ky (2
Logarithms of molar concentrations C that produce a

certain biological effect can be correlated with molecular
features or with physicochemical properties that are also

free-energy-related equilibrium constants; normally the
logarithms of inverse concentrations, log 1/C, are used to
obtain larger values for the more active analogs.

Free Wilson analysis

In 1964, Free and Wilson derived a mathematical model
that describes the presence and absence of certain struc-
tural features, i.e. those groups that are chemically modified,
by values of 1 or 0 and correlates the resulting structural
matrix with biological activity values, following Eqn 3;
the values a;, in Eqn 3 are the biological activity group
contributions of the substituents X;, X,, ... X; in the different
positions p of compound 1 (Figure 1) and u is the biological
activity value of the reference compound, most often the
unsubstituted parent structure of a series!=7.14,

log 1/C=Za,+ 6))

Equation 4 describes the antiadrenergic activities for 22
different m-, p- and m, p-disubstituted analogs of the
N,N-dimethyl-a-bromophenethylamine 2 (Figure 2), where
C is the concentration that causes a 50% reduction of the
adrenergic effect of a certain epinephrine dose!-27; for the
meaning of 1, s, F, and all other terms see Figure 3.

log 1/C = — 0.301 (+0.50) [m-F] + 0.207 (+0.29) [m-Cl]

+ 0.434 (+0.27) [m-Br] + 0.579 (+0.50) {m-]

+ 0.454 (+0.27) [m-Me] + 0.340 (+0.30) [p-F]

+ 0.768 (+0.30) [p-Cll + 1.020 (+0.30) [p-Br] + 1.429
(+0.50) [p-1] + 1.256 (+0.33) [p-Me] + 7.821 (+0.27)
(n=22;1r=0969; s =0.194; F = 16.99) €))

Figure 1. Schematic

presentation of a molecuie Xy 5 ;(k.l
for Free Wilson analysis. A

common skeleton bears

substituents X, in different

positions p; the presence or

absence of these substituents X

is coded by the values 1 1 Ve
and 0, respectively.

CH
Figure 2. NN-dimethyi-o- . Br ¢ R
bromophenethylamines (X, ji | “CHs
Y=H, E Cl, Br, I, Me). A o
2
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Equation 4 illustrates the main advan-
tage of Free Wilson analysis: only the
biological activity values and the chemi-
cal structures of the compounds need to
be known to derive a QSAR model. On
the other hand, Free Wilson analysis has
several shortcomings:

e atleast two different positions of sub-
stitution must be chemically modified;

e predictions can only be made for
new combinations of substituents
already included in the analysis;

e single point determinations (i.e. the
single occurence of a certain struc-
tural feature in the whole data set)
obscure the statistical results;

e many degrees of freedom are wasted
to describe every substituent.

Nevertheless, Free Wilson analysis is
often used to see at a glance which
physicochemical properties might be
important for the biological activity. In
this data set, it can easily be concluded
from Eqn 4 that

» biological activities increase with increasing lipophilicity

(F to Cl, Br, I);

* Dbiological activities increase with electron donor
properties (methyl has larger group contributions than

the equi-lipophilic CD;

e meta-substituents have lower group contributions than

" para-substituents.

Hansch analysis

C = molar concentration values of the
that causes a certain

biological effect

95% confidence intervals
regression of the coefficients and
coefficients the constant term

LN

Log 1/C = 1,15 (x0,2) n - 1.46 (+x0,4) o+ + 7.82 (+0,2) (8)
A I
logarithms of

reciprocal values are
the correct scaling

lipophilicity
parameter

electronic constant
parameter term

(n = 22; 1 = 0,945; s = 0,196; F = 78,6; Q2 = 0.841; Sype = 0.238)
) t 4

Fisher value; standard deviation
measure for the of cross-validation
statistical significance predictions and

number of
compounds

squared cross-validation
correlation coefficient
(measures for

internal predictivity)

correlation coefficient r;
measure for the relative
quality of a model

standard deviation s;
measure for the absolute
quality of a model

Figure 3. Equation 8 describes a quantitative reiationship between the
antiadrenergic activities of compounds2 (Figure 2; X, Y=H, £, Cl, By, I, Me),
lipophilicity (expressed by the n-octanol/water-derived parameter 1), and
electronic properties; o* is a special Hammett constant for the rveactivity of
benzyl cations. All relevant statistical parameters are explained.

the drug, and that the binding affinity to its biological counter-
part, such as an enzyme or a receptor, depends on the
lipophilicity, the electronic properties and other linear free-
energy-related properties. Equation 5 combines the descrip-
tion of both processes in one mathematical model. In addi-
tion to the introduction of a parabolic term for the nonlinear
lipophilicity dependence and the combination of different
physicochemical properties in one equation, Hansch and
Fujita defined lipophilicity parameters & of substituents X
(Eqn 06), in the same manner as Hammett had defined the
electronic parameter ¢ (Eqn 7), about 30 years earlier. The

Also in 1964, the linear free-energy-related Hansch model
(sometimes called the ‘extrathermodynamic approach’)
was published (Eqn 5; P =
cient, 0 = Hammett electronic parameter, a, b, ¢ = regression

n-octanol/water partition coeftfi-
coefficients, k = constant term)!-3.7.15,

log1/C=a(logP)2+blogP+co+..+k &)

Equation 5 was developed from the concept that the

transport of a drug from the site of application to its site of
action depends in a nonlinear manner on the lipophilicity of

DDT Vol. 2, No. 11 November 1997

partition coefficient P in Eqn 6 is an equilibrium constant,
similar to the dissociation or reaction constants K in Eqn 7.
The absence of a ‘reaction termy’ 7 in Eqn 6 is explained by
the fact that all w values refer to the n-octanol/water system.

Ty = log Ppy — log Pry (6)

po = log Ky — log Ky )]

With the help of these definitions it was possible to use
tabulated values instead of measured values?4. For the data
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set described by Eqn 4, Eqns 8 (Figure 3) and 9 (E mea =
steric parameter for meta-substituents) could be derived?7.
All parameters that are relevant in a QSAR study are pre-
sented and discussed in Figure 3.

log 1/C = 1.259 (+0.19) = — 1.460 (+0.34) o~

+ 0.208 (+0.17) E meta + 7.619 (+0.24)

(n=22;r=0.959 s =0.173; F = 69.24; Q2 = 0.869;
Spress = 0.222) )]

Equations 8 and 9 demonstrate the superiority of Hansch
analysis, as compared with Free Wilson analysis. Only a few
properties are needed to correlate the biological activities;
the model can directly be interpreted in physicochemical
terms. The results of the Free Wilson analysis are confirmed
in all details but predictions for compounds with other sub-
stituents can be made, for example for X = ethyl or CF,. On
the other hand, predictions that are too far outside the range
of investigated parameters, such as for rer+Bu, —-OH or
-SO,NH,, will most probably fail because of the narrow
chemical relationship among the investigated substituents
and the very different chemical nature of these groups, in
size or in their hydrogen bond donor and acceptor proper-
ties. For such predictions much more heterogeneous sub-
stituents have to be included in the derivation of the QSAR
model.

The fact that different models can be derived for the same
data set frequently offers a dilemma in Hansch analysis. One
can never be sure that a certain QSAR model is the ‘correct’
one for the data set. On the other hand, different
models correspond to different working hypotheses.
Proposals for the synthesis of new analogs can be made in
the following steps, which allow discrimination between
these models.

Free Wilson-type group contributions for every sub-
stituent can be derived from Eqns 8 and 9, which clearly
indicate the close theoretical relationship between Free
Wilson analysis and linear Hansch analysis. Correspondingly,
both approaches can be used in one model, the so-called
‘mixed approach’ (Eqn 10)%7.

log1/C=a(logP)?+blogP+co+..+Za+k (10

Equation 10 combines the advantages of Hansch and Free
Wilson analyses and widens the applicability of both
methods. Physicochemical parameters describe parts of the
molecules with broad structural variation, whereas indicator
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variables a; (Free Wilson-type variables) encode the
effects of structural variations that cannot be described
otherwisel37,

Nonlinear structure-activity relationships

Transport rate constants of organic compounds in simple
two-compartment systems, for example n-octanol/water,
depend on their lipophilicity. The forward rate constant &
describes the transport from the aqueous phase into the
organic phase. For polar compounds, &, increases linearly
with increasing lipophilicity, until the diffusion rate constant
from the bulk solution to the aqueous/organic interface and
the diffusion through this interface constitute an upper limit;
the reverse situation applies to the rate constants &,, from
the organic medium into water. These relationships hold for
series of structurally highly diverse compounds (Figure +4);
no influence of the size or the shape of molecules could be
detected (because of the Einstein—Stokes relationship this
influence is expected to be very small, depending on the
radius of the particles, which is related to the cubic root of
the volumes)?7.

Log k;
(r=0.997)

Log ko
(r=0.998)

Octanol

-7 4

Log P

Figure 4. For a large group of chemically
heterogeneous compounds the transport rate
constants k ,, from an aqueous phase into an
n-octanol phase, andk ,, in the reverse direction,
depend in a nonlinear manner on the lipopbilicity.
The curves are fitted by Eqns 11 and 12.
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The lipophilicity dependence of the rate constants k, and
k, follows relationships that are expressed by Eqns 11 and
12. Because the transport of a drug from its site of appli-
cation 1o its site of action corresponds to a random walk
through several aqueous and lipophilic barriers, the bilinear
model (Eqn 13) has been derived to describe nonlinear
lipophilicity—activity relationships?7.

log by =alogP-alog(BP+ D +c (11
log b,=—alog(BP+ 1) + ¢ 12
log1/C=alogP-blog (BP + 1) + ¢ (13

The coefficient § in Eqns 11-13 is a nonlinear term that
must be estimated by an iterative procedure. Equation 13
correlates a large number of nonlinear lipophilicity—activity
relationships in an exact manner23. However, the simpler
parabolic Hansch model (Eqn 5) may be considered as a
good approximation to the bilinear model.

Besides nonlinear lipophilicity—activity relationships, also
nonlinear dependences of binding affinities or biological
activities on the volumes of the substituents, expressed
either by molar refraction (MR) or by any steric parameters,
are relatively common. Most often such relationships reflect
the limited size of a certain binding pocket.

Dissociation and ionization of acids and bases

Acids AH dissociate in aqueous solution and bases B are
protonated, according to their dissociation constants (pk,
values). Because ions are more polar than neutral forms, the
log P values of ionizable compounds have to be corrected
for the amount of ionized and unionized forms (Eqns 14
and 15; P =
pH value, P, = partition coefficient of the unionized form,

apparent partition coefficient at a certain

P, = partition coefficient of the ionized form). Sigmoidal
curves are obtained for the pH dependence of the log P,
values. The concentrations of A- and BH* in the organic
phase may be neglected for compounds that are not too
lipophilic, therefore simple approximations can be used to

values of most acids and bases at a

estimate the log P,

given pH value?7.

Acids:
AH + H,0 = A- + H,0*
log P, = log (P,.10P% + P,.10pM) — log (10PX. + 10PH)

~log P, — log (1 + 10PH-pK) (14)

DDT Vol. 2, No. 11 November 1997

Bases:

B + H,0* = BH* + H,0

log P, = log (P,.10°H + P, 10PK) — log (10rK + 10PH)

=log P, — log (1 + 10rK,-pH) 15
At pH values where the neutral form predominates

(pH < pK, for acids; pH > pK, for bases), P, values are

identical with P, values. With increasing ionization, the log

P,p values decrease linearly with increasing (acids) or

decreasing (bases) pH values, till again a constant P,__ value

pp
is obtained, because now only the ionic form contributes to

partitioning (P,,, = P). Complex pH dependences are
obtained in the case of compounds having more than one
ionizable group. The proper implementation of Eqns 14 and
15 into QSAR models depends on the system, whether it is
equilibrium-controlled (e.g. enzyme inhibition in aqueous
buffer) or whether it is a kinetically contrclled system (e.g. a
whole animal).

The pH-absorption profiles should be parallel to the pH-
partition profiles. Deviations from the simple pH partition
hypothesis, called pH shifts, are obtained for highly
lipophilic compounds; their absorption profiles are shifted
to higher (acids) or lower (bases) pH values. The higher
the lipophilicity of the neutral species is, the larger is
the observed pH shift, which can be explained by the
assumption of an ‘unstitred’ aqueous diffusion layer at the

aqueous/organic interface.

3D quantitative structure-activity relationships

In 1979, a new approach was proposed to describe molecu-
lar properties by fields, calculated in a regular grid?’. Vectors
were extracted from these fields by principal component
analysis and correlated with the biological activities. Later
this method was called the DYLOMMS (dynamic lattice-
oriented molecular modeling system) approach. But only
from 1988 on!’, when partial least squares (PLS) analysis
(see below) was used to correlate the field values with bio-
logical activities and commercial software became avail-
able28 the method, now called comparative molecular field
analysis (CoMFA), became widely used, especially to derive
quantitative models for enzyme inhibition constants and
other binding affinities!®-24,

Generation of 3D structures and alignment

In CoMFA, first a group of compounds is selected. These
compounds should be chemically related and should act
via the same mechanism of action; however, in contrast to
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classical QSAR methods, they should have a common
pharmacophore, not necessarily the same molecular skel-
eton. As the pharmacophore refers to 3D structures, first the
2D or 2.5D (including configurational information) struc-
tures of all molecules are converted to 3D structures.
Standard computer programs for this purpose are CON-
CORD (Ref. 29) and CORINA (Ref. 30). However, both pro-
grams create only one low-energy structure per molecule.
Most often one or several torsion angles of flexible mol-
ecules have to be modified (of course, leading to other low-
energy 3D structures) to derive a common pharmacophore
for all analogs. The investigation of rigid analogs or analogs
with different conformational constraints helps to find or
confirm the ‘bioactive’ conformations of the more flexible
molecules.

An example of a pharmacophore, as a spatial arrange-
ment of some structural features in certain distance ranges,
is given in Figure 5. In the next step, an alignment is per-
formed by superimposing all molecules, according to orien-
tation rules that follow from their common pharmacophore.
This is one of the most critical and difficult steps in a CoMFA

+

HO NH, Hohs
. NH
T, 1,
HO
3 ) HO A s
NH,
H_ COOH
+NH\
H CHa
HN 5

Figure 5. Dopamine (3) is a flexible molecule with
two rotatable bonds, characterized by the torsion
angles t, and t,. Analogs4 and5 contain the
dopamine pharmacophore, but in frozen
conformations. A comparison of the structures 3-5
leads to the derivation of a pharmacopbore model
(lower left; corresponding structural elements in3-5
are indicated in red) which is made up from a
bydrogen bond donor group D, a lipophilic area L
and a protonated hydrogen bond donor group PD.

462

research focus

study!®24 In many ‘real world’ situations, for example
for molecules that are not from a congeneric series or for
compounds with a large number of roratable bonds, a
correct alignment is difficult or even impossible.
Theoretically, this problem severely limits the applicabilizy
of CoMFA; on the other hand, some investigations give evi-
dence that the similarities (and correspondingly the affin-
ities) of molecules are properly described, even if they are
studied in geometries that are different from the correct
bioactive conformations. In addition, 3D approaches have
been developed that do not depend on a common align-
ment of the molecules?4,

In the very first CoMFA study, steroids were super-
imposed by a rigid body alignment of their skeletons!?. Tktis
group of compounds was a fortunate example, without
conformational flexibility of the molecules and without
ambiguities regarding the relative orientations in which the
molecules should be superimposed. The alignment of dihy-
drofolate (6; DHF) and methotrexate (7; MTX) (Figure 6)
poses a much more difficult problem. Although ‘chemically’
related, the different pattern of hydrogen bond donor and
acceptor distribution in MTX, when compared with the lead
structure DHF, demands a completely different orientation
(Figure 61231, This different binding mode was predicted
from the 3D structure of the DHF/dihydrofolate reductase
complex3! and later experimentally confirmed by the X-ray
structure determination of the MTX complex32,

Computer methods have been described that allow an
automated alignment, according to different properties, for
example the program SEAL (Refs 33,34). It defines a ‘simi-
larity index’ A, between two molecules A and B in any re:a-
tive orientation to each other (Egn 16); r; is the distance
between atoms i and j, a is a user-defined value, wy and wy
are user-attributed values to give different weights for elec-
trostatic and steric overlap, g, and q; are the partial charges
at atoms i of molecule A and j of molecule B, and v; and v,
are arbitrary powers (default = 3) of the van der Waals radii
of atoms i and j. Any other property, for example hydropho-
bicity, might be added to the definition of w;,.

m n
2
- O = N
Ap= 2 E wie Wy = Wegqy + wevivi + L (16)
o <

Training, test set selection and calculation of fields
The data set is separated into a training set for which a
CoMFA model is derived and a test set that will prove the
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Figure 6. The chemical structures of dibydrofolate (6) and methotrexate
(7) look relatively similar. However, a closer inspection of the hydrogen
bond donor and acceptor patterns of both compounds clearly shows that
after a simple atom-by-atom superposition of both molecules only three
donor and acceptor functions are in the same place (left; hydrogen
bond donors in green, acceptors in red; filled arrows indicate identical
positions). In the other binding mode (right) dibydrofolate bas six
donor and acceptor functions in the same place. This binding mode
was predicted and several years later experimentally confirmed.

atom, D = dielectric constant, r; = distance
between atom i of the molecule and the grid
point j, where the probe atom is located),

Ey = E(Alr;“ ~cr)  am

it
i=1

- 4.9,
E = E—D ' (18)

= DT

The Lennard-Jones potential (Eqn 17)
and the Coulomb potential (Eqn 18) create
relatively ‘hard’ fields. They change their
values from close to zero to very large num-
bers within a few tenths of an Angstrom, i.e.
within a small fraction of the most often
used grid distance of 2 A. Thus, cut-off val-
ues have to be defined to avoid values that
approach infinity at the atom positions.
Serious differences in the CoMFA results
may be obtained after small shifts in the ori-
entation of a ligand, of the box, or the grid
points in which the fields are calculated.
Several modifications of the CoMFA pro-
cedure have been proposed to avoid such
problems?4:

external predictivity of the resulting model. A box is placed
around the superimposed molecules in such a manner that
the box is in all directions several A larger than the com-

T e ik il

e

ol 2 L

bined volume of all molecules. A regular lattice is laid over

the molecules to calculate different molecular fields in each

grid point (Figure 7); the default distance between the grid

¢
L% |
SN

points is 2 A (Refs 17,18).

Probe atoms or groups, such as a neutral carbon atom

AN WAN

(probe for van der Waals interactions), a charged atom

A\ VAL VAL A

(probe for Coulomb interactions) or a hydrogen bond donor

-

or acceptor (probes for hydrogen bond interactions), are o

AMAAWAY

used to determine for each molecule the interaction ener-

gies in every grid point; the mathematical functions used for
van der Waals and Coulomb interactions are given in Eqns
17 (Eygy =
between atom i of the molecule and the grid point j, where

van der Waals interaction energy, r; = distance

the probe atom is located; A; and C; are constants that
depend on the van der Waals radii of the corresponding
atoms) and 18 (E. = coulomb interaction energy, q; = partial
charge of atom i of the molecule, q; = charge of the probe
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Figure 7. All molecules of a chemically related series
are superimposed in a comparative molecular field
analysis (CoMFA) study, according to their common
Dharmacophore. Then they are imbedded in a box and
a regular grid is laid over the molecules. For better
visualization, the box is smaller than usual, only the
outer lines of the grid are indicated, and only one
molecule (instead of all different analogs) is shown.
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* a cross-validated Q2-guided region selection to achieve
consistent results3s,

* reorientations of the molecules for which too low activ-
ities are calculated, to obtain an ‘improved’ (but more
subjective) alignment3®,

* single and domain mode variable selection in the PLS
analysis?’, and

* a selection of relevant regions by the GOLPE variable
selection program3®.

In a recent COMFA modification, called comparative mol-
ecular similarity indices analysis (CoOMSIA)?43?, SEAL func-

E(r) Lennard-Jones
T potential, COMFA
-\ cut-off value

Gaussian

L Coulomb
approximation,

potential, CoMFA

CoMSIA (identical charges)
0
—>
r
S:;Zi'i?:ation Coulomb
CoMSIA potential, COMFA

(different charges)

cut-off value

Figure 8. The Lennard-jones and Coulomb functions
are ‘hard’ potentials. Within several tentbs of an
Angstrom they change their values from close to zero
to very large values. Cut-off values have to be defined
to avoid such unreasonably large values. The
comparative molecular similarity indices analysis
(CoMSIA) potentials are much smootber; they may be
considered as good approximations for the cut-off-
limited Lennard—jones and Coulomb potentials in
CoMFA (comparative molecular field analysis).
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tions (Eqn 16) are used to calculate ‘similarity fields’ to
probe atoms and groups, in the same manner as CoMFA
fields are calculated. Since the CoMSIA fields are Gaussian
potentials, they are much ‘softer’ than the CoMFA functions. In
addition, they are good approximations to the cut-off-
corrected Lennard—Jones and Coulomb potentials (Figure 8).
As expected, CoMSIA fields have been shown to produce
smoother contour maps (see below) than CoMFA fields3.

Correlation of the molecular fields with the biological data
The resulting matrix of several thousand columns of the
individual grid point values for each molecule cannot be
correlated by regression analysis. Partial least squares (PLS)

Y vector X matrix
BAy| [S11S12S13514----- S1mEqq Eqge---- Etm
BAo| |S21Spp Sp3S0g-+--- SomE21 Eng -« - - Epm
BA3| |S31 832833534 ----- SamBa1 Egp .- Eam
BAn| | Sn1Sn2 S3n Sne et Sam Ent Ena-- Tt Enm
| PLS SAMPLS
L analysis analysis
U11 t11 t21 C11 021 C)31 cann Cn1
up| | 42| | te C21 C22 C32 -+ Cn2
Uia H3) |te3| * 31 ®32 ¢33 ---- °n3
Ugp Yn| {ton| s ®n1 ©n2 ©n3 --- - °nn

PLS vectors covariance matrix

(latent variables)

Figure 9. Partial least squares (PLS) analysis extracts
principal component-like vectors (so-called latent
variables) from theY block (biological data; usually
only ay vector) and the X block (in comparative
molecular field analysis the field variables in the
different grid points). SAMPLS analysis is a PLS
variant, in which a covariance matrix is calculated
from theX block and the latent variables are derived
Jrom this matrix. PLS and SAMPLS analysis give
absolutely identical results, with the advantage that
SAMPLS is some orders of magnitude faster in cross-
validation runs.
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follows:

X,

Fromu=kt (k=constants k, k; ... k;
j = number of PLS vectors)

BA =a,S5, +a,5,+a;S;+... +a,S,, +
+b,E;, + bE, + bEy + ... + b E

Figure 10. The main advantage of PLS analysis, as compared with
principal component regression analysis is the fact that PLS vectors (dotted
line) are shifted against the principal components (bold line), in order to
achieve a maximum correlation between theY and theX block; the tube
indicates the confidence volume of the principal component.

The result of a PLS analysis corre-
sponds to a regression equation with
thousands of coefficients, from which
predictions for compounds outside the
investigated training set can be made.
Most often the PLS results are presented
= as contour plots; faverable and unfavor-
able regions for certain properties in
space are indicated in different colors
(Figure 11)4%.

Since 1988, a few hundred publi-
cations, several reviews!®-2> and two
books!$24 have appeared on this sub-
several CoMFA
studies do not meet all necessary scien-

ject. Unfortunately,

tific and statistical standards. Critical
reviews on the validity of the results

and conclusions of CoMFA studies have

analysis is the method of choice (Figure 9). This method
extracts principal component-like vectors, the so-called
latent variables, from the Y block (usually only a one-
column vector y) and the X block; the latent variables
are shifted within the confidence volumes of the principal
components, in such a manner that a maximum correlation
between these variables, called u and t, is achieved
(Figure 10)25:6.18,

The optimum number of latent variables is determined by
cross-validation256.18, In this approach, many models are
derived where one or several compounds are excluded from
the data set and are predicted by the corresponding model.
In the most common ‘leave-one-out’ cross-validation, every
Thus,
(n = number of compounds) are derived and the n predic-

compound is eliminated once. n models
tions are compared with the experimental values, Q2 the
squared cross-validated correlation coefficient, and s,y
the standard deviation of predictions, are calculated from
the sum of the squared deviations of the predicted values
(PRESS), in the same manner as the squared correlation
coefficient r2 and the standard deviation s are calculated if
no cross-validation is performed. Most often, the highest Q2
or the lowest sppgss is taken as the criterion for the optimum
number of latent variables. For theoretical reasons, Q?
cannot be larger than r2 and Sppees cannot be smaller than s;
Q2 may even be negative, which means that the predictions
by the model are worse than taking the average of all bio-

logical data as the predictions.
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been published!8.24,
major problems in its proper application, the method is now
generally accepted as a useful tool for deriving 3D QSAR
models.

Despite some

Quantitative similarity-activity relationships (QSiAR)
Similar molecules, having similar structures and similar
physicochemical properties, are supposed to have also simi-
lar biological properties and comparable activity values.
Whereas there are some significant exceptions to this gen-
eral assumption, it is the basis of all quantitative structure—
activity relationships. Quantitative  similarity—activity
relationships (QSiAR) correlate the degree of mutual simi-
larity of all molecules within a series with their biological
activities.

Rum and Herndon, in 1991, used n X n similarity index
matrices (n = number of compounds in the data set), derived
from 2D topological descriptors, and stepwise regression
analysis to correlate several columns of these matrices with
biological activities*!. Two years later, in a more systematic
investigation, Good and Richards superimposed molecules,
like in COMFA analyses, and compared their 3D electronic
similarity#243, The resulting n X n similarity index matrices
were correlated with biological activities, using either neural
networks or PLS analysis.

This concept could be extended to many other linear and
nonlinear QSiAR relationships, by calculating either n X n
distance matrices D (especially suited for nonlinear relation-

ships) or n X n covariance matrices C as similarity
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kind permission from VCH, Weinheim).

Figure 11. 3D contour maps around lestosterone (compare Figure 7, R = OH) resulting from a comparative
molecular field analysis (CoMFA) of the testosterone binding globulin (TBG) affinities of different steroicls'”. (a) The
color codings indicate regions where substitution enbances (green) or reduces (yellow) the binding affinity. (b)
Regions where electronegative substituents enhance (blue) or reduce (red) the binding affinity (veproducedi® with

measures*d. For this purpose, all or only several relevant
properties of the compounds are used to derive the corre-
sponding similarity matrices. No superposition of the mol-
ecules is necessary. If a distance matrix D is derived from the
X matrix of explanatory physicochemical properties (n rows,
m columns), then all x; values must be normalized before
calculating the distances d, i.e. mean-value-centered and
standardized, column by column. The great advantage of
distance similarity index matrices is that no special models
need to be defined in the case of nonlinear relation-
ships?4445; on the other hand, problems may arise from sig-
nificant intercorrelations between the different columns of
the similarity matrices.

In principle, any QSAR model may be considered as the
result of a similarity analysis. As the similarity of molecules
can also be described by topological indices, it is not sur-
prising that connectivity indices and related parameters
work so well in quantitative structure—activity analyses. On
the other hand, the applicability of the similarity concept
should not be overestimated. Examples are known, where a
minor chemical change of a structure surprisingly leads to
a significantly different biological activity, in its quantity
differing up to several orders of magnitude!.

Notes

In most cases reviews and books are cited in this overview
instead of the original literature, in order to keep the num-
ber of references at a minimum and to provide the corre-
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sponding results in their context to related work in the same
field.

A discussion forum for QSAR researchers is the WWW
home page of The QSAR and Modelling Society at
http://www.pharma.ethz.ch/gsar. Not only names ard
e-mail addresses of QSAR colleagues but also tips and tricks,
information on recent books and software, and links o
related topics can be found there.
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Monitor — new bioactive molecules, high-throughput screening, combinatorial chemistry,
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