



































more inefficient, while our 3D-score is designed to also find these hits. (see some
examples for both cases in Fig. 2).

For this type of hits the sophisticated approach is clearly superior to the
fast algorithm. Comparing the numbers in Table 5 with those in Table 3 and
Table 4 shows that most of the hits for which the two 3 D—approaches differ can
be found in the class discussed here. The main reason for this is that the fast
approach is not able to find hits for two molecules that have different overall
geometry, in particular small molecules that are substructures of larger ones are
not found (see Fig. 3).

Algorithm ATC code
3D-soph. | 3D—fast | N0O5A,N06,R06,D04 | others | >
> 0.75 > 0.75 130 22 152
> 0.75 < 0.75 27 21 48
< 0.75 > 0.75 1 3 4

Table 5: Number of hits: fast 3D vs. soph. 3D

Ad c. In this set we find those hits, that are quite similar in both chemical
structure and size. They are reported as relevant by both approaches. For this
type of hits both strategies are most similar. Here again, as in case a., the fast
and the sophisticated 3D-algorithm perform comparably.

From our point of view we have therefore seen several strong arguments in
favour of the 3D-superposition algorithms. It can be clearly seen that the 3D-
approach is able to detect similar activity and similar adverse reaction, even
with this seemingly simple, purely geometry-based scoring function.

For large data sets a fast 3D-superposition algorithm combined with Tani-
moto coefficients helps to increase the set of relevant hits.

If one aims to really find all, at least geometrically relevant hits — this may
be important for smaller and more specific sets of molecules — it is worth while
to follow the sophisticated 3D-approach (with a somewhat smaller threshold for
relevance). We were able to find really relevant hits that can not be found by
simple 2D-methods or by the fast 3D-algorithm.

Discussion

In agreement with our results it is shown in [27] and [28] that 3D similarity
searches retrieve compounds with more diverse topology while 2D similarity
works best when the query molecule contains relatively rare and distinct topo-
logical features that are responsible for the biological activity. 2D similarity
works poorly when common functional groups as in peptides are considered.
A similar fragment— or topomer—based steric shape screening was shown to be
more selective than 2D similarity [13], especially advantageous ”lead—hopping”
was observed. A reasonable speed for the in silico screening of large compound
libraries can be achieved by full-atom superposition procedures as presented in
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Figure 2: Comparisons with low Tanimoto coefficients and 3D scores above
threshold.

(a) Superposition of fluphenazine (bottom, ATC code: N05AB02) with isoth-
ipendyl (top, ATC codes: D04AA22, RO6AD09) with a 3D score of 0.81 and a
Tanimoto coefficient of 0.69. The resemblance to isothipendyl, an antihistaminic
agent, is neglected by the 2D similarity measure because of missing chemical
groups (trifluoromethyl, piperazin) and quite different sizes of the molecules.
(b) Superposition of prothipendyl (bottom, ATC code: NO05AX07) and
opipramol (top, ATC code: NO6AA05) with a 3D score of 0.76 and a Tanimoto
coefficient of 0.72. The similarity to opipramol, an antidepressant, is missed
by 2D comparison because the middle ring is seven membered in opipramol
(dibenzazepine derivative) and six membered in prothipendyl (azaphenothiazine
derivative).



(a) (b)

Figure 3: Differences between fast and sophisticated superpositions.

(a) Superposition of perazine (top, ATC code: NO5AD10) with triflupromazine
(bottom, ATC code: NO5AA05) with a 3D score of 0.77 (sophisticated), 0.50
(fast) and a Tanimoto coefficient of 0.84. The resemblance between the two
neuroleptics is neglected by the fast superposition algorithm because the centers
of gravity do not fit.

(b) Superposition of tryptophan (top, ATC code: NO6AX02) and risperidone
(bottom, ATC code: NO5AX08) with a 3D score of 0.77 (sophisticated), 0.50
(fast) and a Tanimoto coefficient of 0.44. The similarity to tryptophan, an
antidepressant, is missed by the fast superposition algorithm because of the
very different overall geometry of the molecules.
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this analysis.

With receptor structures available ligand-docking programs have been shown
to enrich hit lists of in silico screening approaches [45] but in the case of psy-
choleptics a number of structurally unknown receptors are engaged. Most of
the processes involved in ADME are driven by rather unspecific interactions be-
tween drugs and macromolecules but drug transporters and cytochromes gained
increased interest in early ADME profiling via similarity based structure activ-
ity relation (SIBAR) [46]. The increased predictive power of the 3D- vs. 2D-
similarity for side effects demonstrated in this analysis gives rise to the hope
that improvements in ADME and toxicity profiling will be possible.

Limitations of the fast 3D superposition approach are spherical compounds
for which it might fail to find proper assignments. The known size bias and size
limitation of 2D similarity measures [44] also may cause problems for the fast
algorithm.

The conformer generation is a general problem because the 3D similarity
between two structural ensembles depends critically on the original structures,
the conformer generation [22] and clustering [47] algorithm, the parameters like
energy threshold, and the number of conformers per compound. In particular
the number of rotatable bonds will restrict the 3D similarity approach or will
require new algorithms [48].
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