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Abstract

Using a 4D-QSAR approach (sottware Quasayr) allowing for
multiple-conformation, orientation and protonation-state
ligand representation as well as for the simulation of
induced-fit phenomena, we have validated a family of
receptor surrogates for the 5-HT,, receptor system. The
evolution was based on a population of 200 receptor models
and simulated during 6,000 cross-over steps, corresponding
to 30 generations. It yielded a cross-validated r* of 0.951 for
the 23 ligands of the training set and a predictive * of 0.859
for the 7 ligands of the test set. In this simulation, all ligand
molecules were represented by four different conformers,
obtained from a Monte-Carlo search in implicit agueous
solution. A series of six scramble tests (with an average
predictive * of —1.05) indicate a high sensitivity of the
surrogaie family towards the biological data.

The quantitative analysis of the contribution of the
individual functional groups to the free energy of ligand
binding, AG®, reveals that the key factors for strong
binding—and hence activitv—are the ligand desolvation
energy and the costs associated with induced fit, the
adaptation of the receptor-binding site t the ligand
topology. While the ammonium functionality is essential
for recognition, its contribution to AG® is not favorable due
to a high desolvation energy; important groups are rather
methoxy and halide substituents. For most ligand mole-
cules, the evolution does not select the lowest-energy
conformer, contrary to previous assumptions in a corre-
sponding 3D-QSAR smudy.

1 Introduction

In a recent article, we have described generation and
validation of a surrogate for the 5-HT,, receptor based
on a 3-D QSAR approach [1]. This receptor is known to act
as the biological target for a series of hallucinogenic
substances, including substituted phenylalkylamines, tryp-
tamines and LSD [2]. A prerequisite for a hallucinogenic
effect is an agonistic binding mode to the high-affinity state
of the receptor. In addition, a protonated N atom (the
aminocthylside-chain of the phenvl-alkylamines and tryp-
tamines or ring D in LSD; cf. Figure 1) is also mandatory,
where by a primary amine vields maximal activity. Hydro-
xylation and methylation of position 2 of the phenylal-
kylamines or position 5 of the tryptamines combined with
hydrophobic substituents (methyl, halides) in position 4 of
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the phenylalkylamines and position 7 of the tryptamines
leads to a significantly increased activity towards the 5-
HT,4 receptor. The receptor also exhibits stereoselectivity
for the R-enantiomer of the phenylalkylamines and the §-
enantionmer of the tryptamines. Pharmacology and struc-
ture-activity relationships are reviewed, for example, in
Refs. 3-9. A large body of 3D-QSAR studies on this system
exist [10-19] due to the fact that the experimental structure
of the 5-HT,, receptor is not presently available. In
addition, homology models based on the structure of
bacteriorhodopsin  [20] were constructed—unfortunately,
these studies are based on subsets (phenylalkylamines or
tryptamines) only [17-19, 2i].

In our previous study, we used a 3D-QSAR concept to
construct a receptor surrogate based on 23 compounds
defining the training set. Tt yielded a cross-validated r* of
0.954 and a predictive 1* of 0.860. Subsequently, a series of
53 hypothetical congeneric compounds was evaluated with
some of the ligands showing a predicted activity close to the
experimental value of LSD [1]. Inherent with the 3D-QSAR
approach, each agonist molecule was represented by a
single conformation derived from a conformational search.
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Figure 1. Conformer selection within the 5-HT,, data set.
A: phenylalkylamines/hallucinogens, B: phenylalkylamines/
entactogens, C: tryptamines, D: ergoline (LSD).

A single representation, however, is susceptible to both
systematic and conceptual bias. As 4D-QSAR techniques
became available in the meantime, we felt that a re-evalua-
tion of the 5-HT, 4 receptor surrogate using a multiple-ligand
representation is timely.

Quantitative structure-activity relationships (QSAR) is an
area of computational research which builds atomistic or
virtual models to predict quantities such as the binding
affinity, the toxicity, or pharmacokinetic parameters of a
given molecule. The idea behind QSAR is that structural
features can be correlated with biological activity. Of parti-
cular interest for the biomedical research are QSAR based on
three-dimensional models (3D-QSAR) because they allow
for the simulation of directional forces—hydrogen bonds,
metal-ligand contacts, polarization effects, and the inter-
action between electric dipoles. Such forces are known to
play a key role for both molecular recognition and selective
ligand binding.

While at the true biological receptor only one ligand mole-
cule can bind at the time, a QSAR study is typically based on
a series of ligand molecules binding “simultaneously” to an
averaged receptor model. This leads to problems when subtle
effects associated with the adaptation of the receptor to the
individual ligand molecules or conformationally flexible
H-bond moieties (see, for example, Ref. 22) are essential
for ligand activity. A more fundamental problem in QSAR
is associated with the mutual alignment of the ligand
molecules—i.e. the choice of the bioactive conformation.
Typically, the ligand alignment is derived from conforma-
tional-search studies combined with cluster-analyzing
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protocols—without direct means to control the result. If the
construction of a receptor model is based on incorrect
bioactive conformations, the resulting surrogate is hardly
of any use for predictive purposes. While the alignment
problem has long been recognized [23, 24], only the more
recently developed 4D-QSAR technologies would seem to
provide satisfactory solutions [25-30].

2 Methods

The present study is based on a family of genetically evolved
quasi-atomistic receptor models [25-37]—receptor-surface
constructs which represent a high level of model abstraction.
Here, the essential information about the hypothetical re-
ceptor site is provided by means of a three-dimensional
envelope, which surrounds the ligand molecules of the
training set at the van-der-Waals distance and is populated
with properties mapped onto its surface. The shape of the
surface represents information about the steric nature of the
receptor site; the associated properties represent other in-
formation of interest, such as hydrophobicity, partial charge,
electrostatic potential, and hydrogen-bonding propensity
[32]. Various algorithms to generate and validate receptor-
surface models have been described [31, 33-35]. In this
context, “quasi-atomistic” refers to the utilisation of proper-
ties such as hydrogen bonds, salt-bridges, and virtual solvent.
The forces associated with these particles are directional in
nature and allow for a subtle evaluation of ligand-receptor
interactions.

The Quasar software is based on a true 4D-QSAR concept—
the fourth dimension being the possibility to represent each
molecule by an ensemble of conformations, orientations,
protonation states, and enantiomers throughout the entire
simulation, thereby reducing the bias associated with the
choice of the bioactive conformation and the ligand align-
ment. In contrast to most other approaches in the field, our
concept allows also for the simulation of local induced fit and
H-bond flip-flop. The technical details of the construction of
a family of receptor models in Quasar are published [25-27];
therefore, only the derivation of free energies of ligand
binding are discussed at this point.

In our concept we have combined the approach of Blaney
et al. [36] with a method of Still et al. [37] for estimating
ligand solvation energies and a term to correct for the loss
of entropy upon receptor binding following Searle and
Williams [38]:

Ebdg ~ Elig-rec + TAdeg - Esolv.,lig + AEint,lig + Eenv.adapt.,lig
(1

Elig-rec: Force-field energy (E <0.0) of the ligand-receptor
interaction [39—40]

Quant. Struct.-Act. Relat., 79 (2000)
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TASpqe: Change in ligand entropy (TAS>0.0) upon
receptor binding [38]

Esolv.lig: Ligand desolvation energy [37]

AEin jig: Change in ligand internal energy (AE > 0.0) upon
receptor binding [31]

Ecnv.adapt.lig: Energy uptake (E > 0.0) required for modify-
ing the receptor enevelope [25-27]

When using a multiple ligand representation, the interactions
of all conformations, orientations, and protonation-states are
calculated towards all members of the receptor-model
family. The contribution of an individual entity to the total
energy is determined using a normalized Boltzmann distri-
bution [25-27]:

Ebdggot => Ebdg,ind - exp(—w; 'Ebdg,ind/ Ebdg.indﬁlowest) (2)

1. ..
where W; = (3 Epdgind/Ebdgindlowest) 15 the normalizing

factor

Free energies of ligand binding, AG$,q, are then predicted by
means of a linear regression between AG?¢,, and Eyqg (cf. Eq.
(1)) using the ligand molecules of the training set:

AGpy =|a| - Eygg +b (3)

Slope and intercept of Eq. (3) are inherent to a given receptor
model and are subsequently applied to predict the relative
binding energy of ligand molecules different from those in

the training set. In contrast to other methods, we calibrate
each receptor system with a training set, rather than to apply
an universal function for the various receptor systems.

3 Results and Discussion

The 5-HT,A receptor system represents an attractive biolog-
ical system for the more recently developed 4D-QSAR
technology [25-27] as the included molecules belong to
three different classes of receptor agonists—phenylalkyla-
mines, tryptamines and ergolines (LSD). Although the se-
lected data set would seem to be small in size, the ligands
comprising it span a range of almost four orders of magnitude
in the inhibition constant. The three-dimensional structures
of the 30 ligand molecules used in this study (Figure 4; see
also Ref. 1) were generated using the MacroModel 6.5
software [41] and subsequently refined in implicit aqueous
solvent and evaluated using the AMBER force field [42].

The conformational search was performed on the cationic
ligands using a Monte-Carlo method [43] as implemented in
MacroModel 6.5 [41]. All conformers within 25 kcal/mol of
the global minimum were collected and minimized to low
gradient, leading to 684 conformers (26 on the average) per
ligand molecule. Although there is no limitation in Quasar
for the number of different conformations of a ligand
molecule, the induced-fit simulation may lead to unrealistic
results if a too diverse data set is used [25, 26]. For each
agonist molecule, four low-energy conformers representing a

Figure 2. Stercoscopic view of the surrogate for the 5-HT,, receptor. Color-coding scheme: red = positively charged salt bridge;
blue = negatively charged salt bridge; yellow = H-bond donor; green = H-bond acceptor; saddle brown = positively charged hydrophobic;
chocolate brown =negatively charged hydrophobic; pink =H-bond flip-flop; grey=neutral hydrophobic. The depicted model
corresponds to the most frequently occurring property, averaged over the 200 receptor models.

Quant. Struct.-Act. Relat., 79 (2000)
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Table 1. Experimental and predicted K; values. Top: training set,
bottom: test set

Ligand molecule K; (exp) K; (calc)
LSD 25%107° 2.8x107°
SS7 1.0x1078 13%x1078
SS8 35%x1078 33%x1078
SS3 6.0x1078 6.1x1078
SS5 1.5%x1077 74%x1078
S22 1.7x1077 43x1078
SS9 2.1x1077 1.9%x 1077
S10 2.6x1077 32%x1077
S16 3.1x1077 33%x1077
S23 3.6x1077 21%x1077
S18 40x1077 83x1077
S20 48x1077 46x1077
S30 57x1077 49%x1077
SS1 82x1077 12x107¢
S24 1.1x107° 14%x107¢
S19 1.3x107° 13x107°
S21 25%x107° 2.1%x107°
S12 3.1x107° 3.7%x107¢
S28 34x107° 28x107°
S13 50x107° 33%x10°¢
S31 55%x107° 32x10°¢
S27 13x107° 1.1x107°
S29 1.6x 1073 1.5%x1073
SS4 24%x1078 6.9%x1078
SS6 3.4x1078 52x1078
Si1 1.1x1078 7.1%x1078
S14 3.0x1077 2.7%x1077
SS2 1.0x 1077 93x1077
S17 1.2x1077 2.7%x107°
S26 3.5%x107° 1.8x107°

Simulation using correct K; data
10.0

T T T T T T 7 T
o Training set: Nn=23 (Ncont=92), 42=0.951
e Test set: N=7 (Ncont=28), 42=0.859

9.0

~log Kj pred [Mol]

- K| pred = Kiexp
- factor of 5.0 in K;
--- factor of 10.0in K; 1

40 YA 1 R 1 . 1 ) 1 .
4.0 5.0 6.0 7.0 8.0 9.0 10.0
—lOg K| exp [MO']

major conformational class were then selected using the
PrGen software [44]. To allow for a comparison with our
previous 3D-QSAR study, we have applied the identical
ligand-alignment protocol (cf. Ref. 1).

Next, partial charge models were calculated using the CM-1
algorithm (as implemented in AMSOL 5.4 [45]. Solvation
energies were calculated based on the GB/SA algorithm
[37]. Relative energies of the various ligand conformers were
determined by full minimization using the AMBER force
field and implicit aqueous solvent. A training set comprising
23 molecules (92 conformers total) representing the largest
possible diversity from the whole data set was then defined
following [1]. The remaining seven ligands (28 conformers
total) served as the test set.

The mean envelope (cf. Refs. 25-27) was generated using all
ligands of the training set; the individual envelopes were then
generated using a field-based, anisotropic algorithm [25; 46].
The resulting “induced fit” ranged from 1.5-2.3 A (rms) with
associated energies of 2.2-5.3 kcal/mol. Using an initial
population of 200 receptor models and a dynamic transcrip-
tion-error rate [47], the system was allowed to evolve for
6,000 cross-over cycles, corresponding to 30 generations.
The simulation reached a cross-validated > of 0.951 and a
predictive r* of 0.859. These quantities reflect values aver-
aged over the 200 models—which, among themselves,
differ in 2635 % of the mapped 204 properties. The cross-
validation was based on three groups comprising 7-9 ligands
(leave-n-out). A stereo representation of the receptor surro-
gate is depicted in Figure 2; experimental and calculated K;

Simulation using scrambled K; data
10.0

G

T T T T 4 T T T T -
o Training set: =23 (Neoni=92), 2=0.653
o Tostset: N=7 (Ncon=28), g2=~1.53 .~ .=

,

9.0 |-

~log Kj pred [Mol]

e Kl pred = Kl exp -
- factor of 5.0 in K;
---factor of 10.0in K; 7

n 1 1 1 2 1

4.0 5.0 6.0 7.0 8.0 9.0 10.0
—log K exp [MO']

Figure 3. Graphical comparison of experimental and predicted inhibition constants for the 5-HT, receptor: simulation using correct K;
data (left), simulation using scrambled K; data (right). The error bar corresponds to the variation of the predicted K; value over the 200

individual receptor models.
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Table 2. Ligand-receptor energy partitioning (all values are given in kcal/mol). Top: training set, bottom: test set

Ligand E(tot) E(vdw) E(elec) E(HBond) E(pol) E(solv) TAS E(int) E(Ind.Fit) AG®(calc)
LSD —27.368 —13.372 —4.172 —4.535 —5.289 —10.296 —2.10 0.649 2.228 —12.095
SS7 —31.954 —10.601 —5.841 —6.711 —8.801 —12.546 —3.50 0.598 4.161 —11.148
SS8 —30.759 —10.675 —4.847 —6.923 —8.314 —12.467 —3.50 0.000 4215 —10.577
SS3 —30.426 —10.290 —6.008 —5.557 —8.571 —12.003 —3.50 0.597 4.135 —10.191
SS5 —30.264 —10.790 —4.751 —6.489 —8.234 —12.484 —3.50 0.000 4.208 —10.072
S22 —27.827 —13.882 —5.257 —0.963 —7.726 —11.862 -2.10 0.048 4.820 —8.997
SS9 —-32.199 —11.885 —4.047 —6.941 —9.326 —14.526 —-3.50 0.514 4.148 -9.511
S10 —26.926 —11.303 —2.324 —5.609 —7.691 —10.195 —3.50 0.192 3.852 —9.186
S16 —29.642 —11.475 —5.213 —5.235 —7.719 —12.836 —2.80 0.167 4.682 —9.157
S23 —28.105 —13.366 —5.555 —2.955 —6.229 —11.475 —2.80 0.053 4.337 —9.441
S18 —26.886 —13.376 —6.472 —1.150 —5.888 —11.078 -2.10 0.119 4.998 —8.591
S20 —28.765 —13.184 —4.589 —3.617 —7.376 —12.444 —2.80 0.047 4.520 —8.953
S30 —31.620 —11.472 —6.250 —5.683 —8.215 —14.580 —2.80 0.048 5.279 —8.913
SS1 —28.859 —10.610 —5.555 —4.733 —7.961 —12.561 —2.80 0.636 4.439 —8.373
S24 —26.818 —14.848 —3.286 —1.740 —6.943 —10.523 —4.20 0.103 3.707 —8.284
S19 —26.689 —13.976 —4.858 —0.563 —7.291 —11.504 —2.80 0.491 3.563 —8.332
S21 —26.422 —14.172 —3.846 —1.232 —7.172 —11.390 -2.10 0.085 4.820 —8.026
S12 —27.583 —11.810 —4.617 —3.014 —8.142 —12.735 —2.10 0.297 4.773 —7.679
S28 —26.415 —12.331 —2.920 —3.405 —7.759 —11.983 -2.10 0.130 4.356 —7.847
S13 —27.405 —11.922 —5.498 —1.765 —8.220 —12.763 —2.10 0.056 4.735 —7.750
S31 —26.859 —15.349 —2.757 —0.977 -7.777 —11.682 —2.80 0.077 4.525 —7.775
S27 —27.012 —12.034 —3.283 —3.334 —8.361 —13.101 -2.10 0.105 4714 —6.992
S29 —25.399 —13.512 —1.925 —2.187 -7.775 —11.965 -2.10 0.217 4315 —6.802
Ss4 —30.953 —10.902 —5.604 —5.771 —8.675 —12.560 -3.50 0.598 4.175 —10.120
SS6 —32.374 —10.634 —5.762 —7.340 —8.639 —13.387 —3.50 0.751 4.439 —10.297
S11 —32.405 —10.337 —6.492 —7.378 —8.199 —13.030 -3.50 1.362 4412 —10.102
S14 —31.327 —11.942 —6.702 —4.275 —8.408 —13.932 —2.80 0.000 5.314 —9.281
SS2 —30.283 —11.673 —5.808 —3.505 -9.297 —13.264 —2.80 1.091 4.609 —8.520
S17 —26.643 —13.837 —4.398 —1.268 —7.141 —11.627 -2.10 0.092 4.952 —7.873
S26 —28.097 —11.035 —4.8362 —3.843 —8.358 —13.115 —2.10 0.067 4.694 —8.121

values are compared in Table 1; a graphical comparison is
shown in Figure 3.

The rms deviation for the 23 ligand molecules of the training
set of 0.22 kcal/mol corresponds to an uncertainty factor of
1.4 in K;, the maximal individual deviation (compound S22,
0.57 kcal/mol) to a factor 2.5 in K;. The corresponding rms
for the seven ligands of the test set is 0.37 kcal/mol (1.8 in K;)
and the maximal individual deviation 0.65 kcal/mol (com-
pound SS4; 2.9 in K;). Finally, the validity of the model
family was assessed by a series of six scramble tests. The
resulting predictive r* values of —1.04/—1.53/—1.71/+
0.10/—0.73/—1.40 (average: —1.05) demonstrate the sensi-
tivity of the surrogate family towards the experimental K;
data, for which it should establish a quantitative structure-
activity relationship (Figure 3). The ligand-receptor inter-
actions have been interpreted by analyzing the contribution
of each functional group towards AG°, a new option in
Quasar V2.5 [48]:

AGgalc. = Elig-rec/SI()pe - TAdeg - Esolv.,lig
— AE; E

int.,lig — “env.adapt. lig

Quant. Struct.-Act. Relat., 79 (2000)

As derived above, these contributions are Boltzmann-
weighted with respect to the four conformers included
for each ligand and averaged over the 200 receptor
models. While the enthalpic contributions range from
—25.4kcal/mol (S29) to —32.4 kcal/mol (S11), the major
effects towards AG® are observed from ligand desolvation
and induced-fit (Table 2). Ligand desolvation energies range
from —51.0kcal/mol (S10) to —72.9 kcal/mol (S30), an
immense variation to be compensated by ligand-receptor
interactions [49]. The energy associated with the simulated
induced fit ranges from 2.2 kcal/mol (LSD) to 5.3 kcal/mol
(SS2). The changes in entropy upon receptor binding
(2.1-4.2 kcal/mol) and the internal strain relative to the
lowest-energy conformer (0.0—1.4kcal/mol) are rather
small quantities. The strong interaction of LSD with the
5-HT,, receptor can be rationalized by the second-lowest
desolvation energy of the series (—10.3 kcal/mol) and the
lowest induced-fit energy (+2.2kcal/mol) —1.9 kcal/mol
lower than the next-potent compound SS7. Its ligand-recep-
tor interaction energy (—27.4 kcal/mol) is rather modest in
the series. A significant contribution thereof originates from
polarization (—5.3 kcal/mol) and H-bonds (—4.5 kcal/mol);
the remaining components are electrostatic (—4.2 kcal/mol)
and hydrophobic in nature (—13.4 kcal/mol).
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Table 3. Relative conformer energies (in kcal/mol) and selected Fraction. Top: training set, bottom: test set. Values given in italics
represent the 3D-QSAR study [1]. The most frequently selected fraction is shown in bold face

Ligand nth cf; E(rel) Fraction #1 nth cf; E(rel) Fraction #2 nth cf; E(rel) Fraction #3 nth cf; E(rel) Fraction #4 nth cf; E(rel) Fraction 3D

LSD 1:0.000 0.000 2:0.645 0.974 3:0.789 0.026 4:0.813 0.000 1:0.000 1.0
SS7 1:0.000 0.000 2:0.359 0.000 3:0.598 1.000 4:0.741 0.000 3:0.598 1.0
SS8 1:0.000 1.000 2:0.382 0.000 3:0.597 0.000 4:0.764 0.000 3:0.597 1.0
SS3 1:0.000 0.000 2:0.358 0.000 3:0.597 1.000 4:0.741 0.000 3:0.597 1.0
SSS 1:0.000 1.000 2:0.406 0.000 3:0.598 0.000 4:0.813 0.000 3:0.598 1.0
S22 1:0.000 0.595 2:0.048 0.005 4:0.119 0.399 6:0.191 0.001 4:0.119 1.0
SS9 1:0.000 0.133 5:0.406 0.021 9:0.598 0.846 13:0.789 0.000 9:0.598 1.0
S10 1:0.000 0.189 2:0.144 0.016 3:0.239 0.796 4:0.335 0.000 1:0.000 1.0
S16 1:0.000 0.000 2:0.144 0.000 3:0.167 0.999 4:0.430 0.001 4:0.430 1.0
S23 1:0.000 0.359 2:0.048 0.332 3:0.071 0.002 5:0.119 0.307 5:0.119 1.0
S18 1:0.000 0.000 4:0.119 0.987 7:0.143 0.013 8:0.215 0.000 8§:0.215 1.0
S20 1:0.000 0.002 2:0.047 0.995 5:0.071 0.000 7:0.143 0.003 7:0.143 1.0
S30 1:0.000 0.000 2:0.048 1.000 3:0.191 0.000 5:1.003 0.000 3:0.191 1.0
SS1 1:0.000 0.823 2:0.454 0.000 4:1.099 0.065 5:5.016 0.113 1:0.000 1.0
S24 1:0.000 0.081 3:0.071 0.602 4:0.095 0.003 5:0.191 0.314 3:0.071 1.0
S19 1:0.000 0.006 3:0.215 0.028 5:0.406 0.000 7:0.502 0.966 5:0.406 1.0
S21 1:0.000 0.281 2:0.048 0.204 3:0.143 0.483 4:0.191 0.032 4:0.191 1.0
S12 1:0.000 0.001 2:0.167 0.860 3:1.099 0.139 4:1.194 0.000 2:0.167 1.0
S28 1:0.000 0.006 2:0.024 0.733 3:0.406 0.000 4:0.430 0.261 1:0.000 1.0
S13 1:0.000 0.953 2:0.191 0.000 3:1.123 0.004 4:1.218 0.042 2:0.191 1.0
S31 1:0.000 0.112 2:0.048 0.252 4:0.096 0.466 5:0.120 0.042 1:0.000 1.0
S27 1:0.000 0.051 2:0.024 0.867 3:1.004 0.000 4:1.028 0.082 2:0.024 1.0
S29 1:0.000 0.023 2:0.024 0.499 3:0.406 0.029 4:0.430 0.448 1:0.000 1.0
SS4 1:0.000 0.000 2:0.406 0.000 3:0.598 1.000 4:0.813 0.000 3:0.598 1.0
SS6 1:0.000 0.458 2:0.502 0.000 3:1.266 0.000 4:1.386 0.542 1:0.000 1.0
S11 1:0.000 0.000 2:0.478 0.000 3:1.218 0.000 4:1.362 1.000 2:0478 1.0
S14 1:0.000 1.000 2:0.143 0.000 3:0.167 0.000 4:0.263 0.000 4:0.263 1.0
SS2 1:0.000 0.002 2:0.478 0.000 3:1.027 0.089 4:1.099 0.909 1:0.000 1.0
S17 1:0.000 0.238 2:0.024 0.017 4:0.120 0.663 5:0.144 0.081 4:0.120 1.0
S26 1:0.000 0.000 2:0.024 0.957 3:1.004 0.000 4:1.028 0.043 2:0.024 1.0

This indicates that while ligand-receptor interactions are, of
course, essential for ligand binding, determining effects are
often a consequence of ligand desolvation and induced fit—
two terms that are often not accounted for in QSAR studies.

The intra-ligand analysis (Figure 4) indicates that groups
important for a high affinity are more apolar in nature
(methoxy, methyl, nitro, and halide substituents). While
the ammonium functionality common to all agonist mole-
cules is essential for binding, its contribution to AG® is not
favorable due to its high desolvation energy (—10.6 for SS5
to —3.0kcal/mol for S10) and a modest enthalpic
contribution towards the surrogate family (—11.5 for S12
to —1.5 kcal/mol for LSD). Nonetheless, it would seem that
a major contribution towards the AG® of LSD stems from the
“less unfavorable desolvation energy” of its ammonium
group—apparently better shielded in the rigid LSD than in
the conformationally flexible phenylalkylamines and trypta-
mines agonist molecules. Still, the major effect originates in
the energy associated with the receptor-to-ligand adaptation
(induced fit). This could be explained in terms that the
binding pocket optimally fits LSD, while all other molecules
would have to pay a higher price in energy for this adaptation.
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How do the results from 4D-QSAR compare with our earlier
study based on 3D-QSAR [1]? This can be best discussed by
analyzing the selected conformers. Out of the 30 agonists
used in this study, the genetic algorithm identified ten to select
a single conformer by 100 % (Table 3). Thereof, only four
find the lowest-energy conformer relevant for binding to the
5-HT,4 receptor. The others prefer energetically less favor-
able entities which, however, are in a position to engage in
stronger interactions with the receptor surrogate: two select
the second while the remaining four select the fourth-lowest
entity. Another seven ligands select a single conformer with a
preference >90 %, 10 with a preference >50 %, while the
remaining three ligands (S23, S21, S31) calculate their mean
interaction significantly from more than one conformer. In the
3D-QSAR study [1], only 10 of the 30 conformers were
identified “correctly” (cf. Table 3)—suggesting an error rate
of 67 % in selecting the bioactive conformer.

A comparison of the cross-validated r* of 0.951 (3D-QSAR:
0.954) and the predictive r* of 0.859 (3D-QSAR: 0.860)
would not seem to indicate any obvious advantage of sel-
ecting the computationally more demanding 4D-QSAR
approach, except that it was already achieved after 6,000
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Figure 4. Contribution of the 5-HT,, agonist towards AG® of ligand binding. Color-coding scheme: blue = good, green = fair,
white = residual, yellow = poor, red =bad. The values are averaged over the four conformers and all 200 receptor models.

cross-over cycles [51], rather than after 8,000 in the 3D-
approach [1]. This cross validated 1* of the scramble text—an
criterion for the sensitivity of the model towards the biolo-
gical data—is a more critical parameter. The value obtained
for the 4D-QSAR study (—1.05) indicates a strong sensitiv-
ity, while the value of the 3D-QSAR experiment (4-0.14) is
just acceptable. Other parameters suggesting that a model
based on a single-conformer selection is more difficult to
obtain include the slope (3D: 0.133; 4D: 0.210), the number
of mapped properties (3D: 290; 4D: 199) and the maximal
deviation of an individual ligand molecule (3D:
0.74 kcal /mol; 4D: 0.65 kcal /mol).

But the key issue is not the question whether the 4D-QSAR
approach yields better values or comparable values at
shorter simulation times. It is rather the question if we
shall accept a biased selection of the bioactive conformers
(3D-QSAR) if more potent approaches are available (4D-
QSA, cf. Ref. [25-30]), significantly reducing this bias.
These new technologies would also seem less susceptible to
the right answer (predictive r* value) for the wrong reason
(pharmacophore hypothesis, conformer selection) tag, still
“attached” to older QSAR concepts as the more recent
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algorithms allow for a multiple-conformation [25-29],
orientation [27], protonation [25], and enantiomer [52]
representation of the ligand molecules. In this context, it
is worth mentioning that the simulated evolution does not
simply select the lowest-energy conformer due to the low-
est (i.e. non-existent) internal strain (see Table 3)—it rather
would suggest that a subtle balance between internal strain,
induced, fit, and ligand-receptor interaction energy
(cf. Table 2) leads to the observed selection pattern. In
general, genetic algorithms react very sensitively to incor-
rect mechanisms [28], biological data (cf. above) or
bioinactive conformations which implies that little can be
lost when using 4-D QSAR instead of 3-D QSAR, but much
gained as the boundary conditions (here the Boltzmann-
weighted ensemble of lignad representations, cf. Eq. 3) are
controlled by the evoluation itself.

4 Conclusions

In absence of an experimentally determined receptor struc-
ture, 4D-QSAR techniques provide an elegant approach to
the estimation of free energies of ligand binding. The Quasar
concept developed at our laboratory not only allows for the
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representation of the ligand molecules by an ensemble of
conformation, orientations, and protonation states but also
takes local induced fit and H-bond flip-flop into account. This
approach has been used to predict the K; values of phenyl-
alkylamines, tryptamines and ergolines (LSD) binding to the
5-HT,, receptor. The results indicate that while direct
enthalpic contributions are essential for ligand binding,
major effects are often a consequence of ligand desolvation
and induced fit—mechanisms that are often ignored in QSAR
studies.

Such a surrogate could be used to identify new, more active
compounds—an intention that the authors don’t even think
of. Rather, the technology should benefit the quick assess-
ment of the binding affinity of related compounds in the
pharmaceutical sector and for governmental or regulatory
bodies. For this purpose, the coordinates of both ligands and
surrogate are made freely available to non-profit institutions.
They can be requested via http://www.biograf.ch
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