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Performing quantitative structure-activity relationship (QSAR) studies
is often a vital early step in the drug development process. If detailed 
experimental data for the molecules under study is not available, their 
structure and chemical properties can often be calculated satisfactorily
using fast semi-empirical quantum mechanical techniques [1]. 
Currently, corporate and public databases now contain hundreds of 
thousands, or even millions of compounds, and it is becoming feasible
to calculate and store the structures and properties for entire data sets.
The ability to search such databases using 3D shape-based or 
property-based ''scaffold-hopping'' queries offers would then offer the 
intriguing possibility of finding novel or unexpected drug leads [2].
We are investigating the use of spherical harmonic (SH) expansions as 
an efficient way to represent and compare small ligand molecules. It 
has been shown previously that the spherical harmonic representation 
is particularly well suited to calculating rotational correlations in order 
to superpose similar molecular shapes [3]. Here, we describe early 
work on “SpotLight,” a novel 3D molecular superposition and 
database system. SpotLight can compare, superpose, and cluster the 
3D shapes and surface properties of small ligands using only their 
spherical harmonic expansion coefficients.

Introduction

Determining An Optimal Expansion Order

As shown above, the most important factor that controls the accuracy 
of the representation is the expansion order,J. Hence, we wish to find 
the lowest value of J that we can use which still gives good 
superpositions for arbitrary shape comparisons. 

In order do this, we created a database of 73 drug molecules. We 
selected one large and one small molecule (Bisoprolol and Lorazepam, 
as shown in Figure 1) to act as query molecules against the remaining 
set. This ensures that our results were not biased by the size of the 
query molecule. We then compared both molecules against all others 
in the database by calculating pairwise distances for a range of
expansion orders, as shown in Figure 4.
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Figure 4. Each curve shows the calculated distance of Bisoprolol(left) and 
Lorazepam(right) with each of the remaining 72 drug molecules in the database.
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Although we can perform very fast rotational superpositions 
(~0.25sec/match) using the above approach, we need to develop even 
faster comparison techniques in order to search large 3-D structural 
databases (e.g. >106 molecules), without the expense of calculating 
rotational searches. It is therefore natural to use the vector 
interpretation of SH coefficients to construct rotationally invariant 
descriptors (RIDs) as defined below.

Rotationally Invariant Descriptors

If the coefficients ajm define the 
molecular shape, then the rotational 
invariant A corresponds to square root of 
the surface area of the molecule. Other 
rotational invariants could be calculated 
similarly for other properties.
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In order to compare molecules using their RIDs we calculate a new 
distance function as:
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Figure 5.  Rotational invariant distances of calculated between Bisoprolol (left) and 
Lorazepam (right) against the remaining 72 molecules
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Figure 5 shows that the dRID score behaves very similarly to the 
rotationally-dependent distance function as shown above (Figure 4). 
However, the comparisons now take less than 1 msec even for 
calculations with J=15. This suggests we should be able to perform 
very fast accurate screens of very large databases using these RIDs. 
We will test this approach on a much larger database in the near future.

Clustering the Drug Database

We are currently developing a prototype system called “SpotLight” 
which can cluster groups of molecules using our SH descriptors. In 
order to make some first comparisons of our method with traditional 
Chemoinformatics approaches, we clustered our database of 73 drug 
molecules using both our SH shape descriptors, and a more traditional 
physico-chemical clustering approach using 11 publicly available 
macroscopic descriptors (e.g. polarizibility, radius of gyration, 
molecular weight, logP, etc.). We used prior knowledge from the 
literature to pre-classify the drugs into six broad pharmacological 
categories and up to 7 sub-groups as shown in Table 1. The physico-
chemical data was auto-scaled and clustered using Wards 
agglomerative clustering algorithm [4] to produce 22 clusters. We used 
SpotLight to calculate a shape-only distance matrix for the same group 
of molecules using J=6, and applied Wards algorithm directly to this to 
produce 22 clusters. Figure 6 shows the two resulting dendrograms.

Conclusions

The curves in Figure 4 show that the distance between the query 
molecules and each of the remaining database molecules stabilizes to a 
near-constant value when J=>5. Because none of the curves cross over 
each other once J>5 we can conclude that a value of J=5 is sufficient to 
rank reliably all of the database molecules in order of distance from 
both large and small query molecules. In practice, we find that using 
J=3 is sufficient to identify a small number of very good matches in the 
database for any given query molecule. Because shape-matching using 
using J=3 involves comparing only (J=3+1)2 = 16 coefficients, this 
corresponds to a 3-fold speed-up over J=5 (36 coefficients). Hence, we 
can perform very efficient rotational comparisons.
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Spherical Harmonic Expansions

Low order SHs are commonly used as atomic orbital basis functions 
in quantum mechanics calculations, for example. Here we are using 
high order SHs to represent and compare entire molecules. For 
example, SH molecular surfaces are represented as radial functions: 

where Jmax is the selected expansion order and the expansion 
coefficients ajm are calculated as described previously [3]. Two 
example SH molecular surfaces are shown in Figure 1.

Spherical Harmonic Superpositions

In order to superpose a pair of molecules, we need to calculate this 
distance function at a large number of trial rotational orientations. 
Figure 2 shows an example superposition. Figure 3 shows that the 
cost of such superpositions increase as O(J2). This is because the 
number of expansion coefficients increases as (J+1)2. 

We calculate the “distance”, d, between two molecules A and B as:
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Figure 3. Calculation times for 
pairwise comparisons as a function of 

the expansion order J

Figure 1. Example spherical harmonic molecular surface expansions of Bisoprolol 
(top) and Lorazepam (bottom)

Figure 2. Illustration of an example 
superposition (to J=6) of Lorazepam 

and Diazepam
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Code Pharmacological Type Sub-groups
AB Antibiotic 1
AI Anti-inflammatory 3
CN Central nervous system 3
CV Cardio-vascular 6
GI Gastro-intestinal 2
OT Other 7

Table 1. Pharmacological categories used in the 
clustering experiment
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The SH representation provides a powerful way to represent and 
compare small ligand molecules rapidly and accurately. Our clustering 
results show that chemically meaningful clusters may be obtained
using low order SH expansions. This suggests the SH approach could 
provide a practical way to search very large 3D datasets. We expect to 
obtain further performance improvements using our new rotationally 
invariant descriptors which will help make our approach a feasible 
technique for high-throughput 3D database screening. 

Figure 6 shows that both clustering methods often group similar 
classes of drug into the same or similar clusters. For example, both the 
physico-chemical clustering and the SH clustering approaches group 
all 5 of the Antibiotics (AB) very closely together. Similarly, both 
approaches group many of the tranquilizer and anti-depressant types 
of drug (CN) closely together. These observations readily show that 
both approaches produce several pharmacologically meaningful 
clusters. However, it is worth reiterating that the SpotLight clusters  
were calculated using only relatively low order SH shape descriptors. 

Overall, visual comparison of the two dendrograms suggests that the 
SH clustering tends to place more of the pharmacologically related 
clusters into more closely related groups than the conventional 
clustering method. For example, the SH clustering places all four 
gastro-intestinal drugs (GI) into the same cluster, whereas these drugs
are distributed over four distinct clusters in the chemical clustering. 
Furthermore, closer inspection of the SpotLight clustering shows some 
additional interesting features. For example, SpotLight places 
Clonazepam, Lorazepam, Phenytoin, Diazepam, Diclofenac, Codeine,
Fluconazole and Topiramate together in a single cluster. From a 
medicinal point of view, all except Fluconazole are very closely
related anti-convulsant or pain-killer drugs. Specifically, Diazepam, 
Clonazepam, Lorazepam, Phenytoin, and Topiramate are often used as 
anticonvulsants or anti-epileptics, although it is interesting to note that 
how Topiramate works is unknown [5]. Nonetheless, Topiramate, 
Diclofenac, and Codeine are also used as analgesics. Hence it is
pleasing to see that all these drugs are grouped into one SH cluster.

Figure 6. Dendrograms of the two clustering results. The left-hand panel shows the 
classical physico-chemical-based clustering, and the right-hand panel shows the 

shape-only J=6 SH clustering of our 73 drug molecules.

Another interesting SpotLight cluster is 
that of Bupropion, Carbidopa, Captopril, 
Hydrochlorothiazide, Clonidine, and 
Ibuprofen. It is known that Captopril, 
Hydrochlorothiazide, and Clonidine are 
used to treat hypertension (the first two 
are also used for kidney disorders), and 
that Carbidopa and Ibuprofen are used 
for stiffness. Carbidopa and Captopril 
are also used as anti-Parkinsonians. 
Despite having very different chemical 
structures, the SH surfaces of these 
molecules superpose very well, as 
shown in Figure 7. This suggests that 
SH superpositions may provide a useful 
way to formulate “scaffold-hopping” 
queries to find novel drug leads.

Figure 7. SH shapes of 
Carbidopa and Captopril


