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Abstract

The de novo approach to structure based rational drug design can

provide a powerful tool for suggestion of entirely novel potential leads.

However programs for structure generation typically generate large num-

bers of putativ e ligands, therefore various heuristics (such as estimation

of binding a�nit y and synthetic accessibility) have to be adopted to eval-

uate and prune large answer sets with the goal of suggesting ligands with

high binding a�nit y but low structural complexity.

A novel method for complexity analysis is described. This method pro-

vides a rapid and e�ectiv e ranking technique for elimination of structures

with complicated molecular motifs. This complexity analysis technique,

implemented within the SPROUT de novo design system, is basedon the

statistical distribution of various cyclic and acyclic topologies and atom

substitution patterns in existing drugs or commercially available starting

materials. A novel feature of the technique that distinguishes it from other

published methods is that the matching takes place at various levels of

abstraction, so that it can evaluate complexity scores,even for structures
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which contain atoms with unspeci�ed atom type, which is sometimes the

casewith the initial output of de novo structure generation systems.

1 In tro duction

The de novo approach to rational drug designprovides a powerful tool for the

construction from smaller components of entirely novel moleculesthat satisfy a

set of user-de�ned constraints, such as shape and electrostatic complementarit y

to a protein binding site.

Many de novo design methods are able to suggestvery large numbers of

diverse putativ e ligands and tools for navigating the answer sets are used to

selecta limited number of candidates for synthesis and biological testing. Pre-

dicted binding a�nit y is obviously an important parameter which is used in

this context, but despite intensive research, the currently available functions

for predicting binding a�nit y often perform poorly and it would be unwise to

carry out a signi�can t amount of synthesis just on the basisof a high predicted

binding a�nit y. On the other hand, much lessattention has been devoted to

the development of methods for evaluation of the synthetic accessibility of hy-

pothetical ligands, an important consideration, since many of the structures

suggestedby de novo systemsmay be structurally too complex to be worthy of

further synthetic and biological studies.

A related problem concernsthe selectionof the most \drug-lik e" compounds

from a diverseset of structures. The extent of interest in this areais re
ected by

the largenumber of publishedworks on this topic1. The methodsdeployedrange

1For comprehensive reviews about drug-lik enesstechniques and their applications in various
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from simple counting methods [4] [5] to structural descriptor-basedanalysis [6],

pharmacophorepoint [7] and functional group �lter [8] techniques,utilising var-

ious computational techniques such as decisiontrees [9] genetic algorithms [10]

and neural networks [11] [12], with the ultimate aim of classifying a compound

as either drug-like or non-drug-like.

The most frequently cited heuristic guide, devisedby Lipinsky [4], and usu-

ally referred to as the \rule of �v e", wasderived from an analysisof compounds

from the WDI (World Drugs Index) database,designedto de�ne the require-

ments for moleculesto be successfulas orally available drugs. It consists of

limits on number of hydrogen bond donors and acceptors, relative molecular

weight and lipophilicit y (logP).

While the \rule of �v e" provides a set of pharmaceutically and biologi-

cally relevant \global" properties expressingdrug-likeness,other methods have

focused on the topological characteristics and \lo cal" structural features of

the molecule. For example, the CMC (Comprehensive Medicinal Chemistry)

databasehas been analysedin order to identify common drug-like frameworks

[13], side-chains [14] and frequently occurring functional groups [15].

The structural features of WDI structures have also been examined by a

fragmentation program, called RECAP [16], with the objective of extracting

high quality building blocks for combinatorial library design by exhaustively

cleaving structures into fragments by simply destroying bondswhich are formed

via common chemical reactions.

stages of drug design see[1] [2] and [3].
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The MDDR (MDL Drug Data Report) databasehas also been extensively

analysedin in order to identify bioisosters[17] and local structural motifs [18].

The complexity analysis method described in this study demonstratesthat

analysisof local structural motifs and their frequencyof occurrencein databases

of existing drugs and starting materials can provide a clear indicator not only

of synthetic accessibility but perhapsalso of drug-likeness.

1.1 Structure generation in SPR OUT

SPROUT[19][20] is an interactive de novo molecular structure designprogram

that consistsof several modules o�ering automatic methods for solving a num-

ber of problems associated with structure basedde novo designprocess.These

include the analysisof a protein structure to permit the identi�cation of poten-

tial interaction sites, the fragment basedgeneration of novel structures that �t

steric and electrostatic constraints and, in the �nal phase,scoringand clustering

the solutions by various techniques including estimated binding a�nit y.

The structure generationprocessof SPROUT involvesthe construction of 3D

genericmolecular graphs called skeletonswhich satisfy the requirements of the

receptor site. This processstarts by docking molecular fragments to hydrogen

bonding or hydrophobic target sites. These target sites are small, continuous

geometric regionsof spacewithin the receptor cavit y in which potential ligand

atoms can be placed to achieve favourable interactions between the ligand and

the receptor, thereby providing strong constraints for structure generation due

to the highly directional nature of hydrogen bonding interactions.

Fragments docked to various regionsof the receptor site are then linked to-
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gether in a stepwise manner using a library of generic and speci�c fragments.

In this sequential building up process,fragments are joined together in various

ways such as fusing a pair of ring bonds together, spiro joining two ring atoms

and forming a new bond betweenany two fragment atoms (seeFigure 1). This

structure generation exhaustively explores the molecular search spacein a de-

terministic manner; thereby leading to a wide diversity of generatedstructures.

(a) (b) (c)

Figure 1: The three types of joining operation performed in SPROUT (a) the
fuse join (b) the spiro join and (c) the new bond join

The utilization of some generic building blocks provides one of the ways

in which SPROUT tackles the inherent combinatorial nature of the structure

generationprocess,which derivesfrom the fact that there are a hugenumber of

potential structures which can be generatedfrom combinations of even a limited

number of building blocks. While the usercan easilyaugment the set of building

blocks usedby SPROUT, there is an initial default set, which currently contains

the fragments shown in Figure 2.

SPROUT usesthe genericfragment approach to moderate the spaceand the

time-complexity of the problem by distinguishing the atoms of genericfragments

by their hybridization state alone and not by their precise atom type. By

this abstraction, a single generic fragment can be used as a surrogate for a
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whole family of potential \real" fragments that have the sameconnectivity and

approximate geometry (seeFigure 3).
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Figure 2: (a) Generic and (b) speci�c building blocks of SPROUT (Numbers
inside rings indicate the number of di�eren t conformations of the fragment in
the library)

In practice, the generic fragments, called templates, are constructed from

carbon atoms using the averagecarbon-carbon bond length and bond angle for

the given hybridization.

O

N

N

O

N

N S

Figure 3: The fragment generalization approach in SPROUT. A classof geo-
metrically similar \real" fragments can be represented by a generic \carb on"
template

Flexible fragments are represented in the library with multiple low energy

conformations to intro duce someligand 
exibilit y into the structure generation

process(see Figure 2). Di�eren t applications may require di�eren t fragment

sets, therefore the program provides tools for managing the existing fragment

libraries and building new ones.
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Having assembled molecular graphs that satisfy requirements of the binding

site, thesestructures aremodi�ed by assigningspeci�c atom typesto any generic

atoms, whereby molecular graphsare converted into \real" molecular structures

which ful�ll the electrostatic and the hydrophobic characteristicsof the receptor.

After atom substitution, the �nal structures canbe rankedaccordingto their

estimated binding a�nit y.

2 Metho dology

The current version of SPROUT has been tested on a variety of proteins and

usually generatesa large number of potential ligands with high predicted bind-

ing a�nit y. However, assembling ligands in a stepwise manner from simple

building blocks does not guarantee synthetically feasible solutions. Therefore

it often requires a considerableamount of work by the chemist to evaluate the

synthetic feasibility of the proposedstructures or closerelativesof them. Such

manual evaluation of synthetic feasibility is possible for a small to medium

number of candidates, but is quite impractical for a larger answer set. This is

a generalproblem for structures generatedby de novo design,and a number of

approaches have been explored which aim to provide computational solutions

to the problem.

CAESA [19] is a rule-basedexpert-system which attempts to overcomethis

problem by scoring and ranking the generatedstructures according to an esti-

mate of synthetic accessibility. However, the sophisticated retrosynthetic anal-

ysis used by CAESA meansthat it is relatively slow (secondsto minutes per
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structure) and could be used to analysea �nal answer set within a reasonable

time frame, but is not suitable of evaluating the synthetic complexity of the

many thousands of intermediate structures generatedin a SPROUT run. The

abilit y to do would be practically useful, since it would allow pruning at early

rather than later stage of structure generation, which is always desirable in

situations where a combinatorial explosionhas to be avoided.

In this connection,it is worth noting that pruning by synthetic accessibility is

permissibleat any stageof the structure growing processbecausefurther growth

will usually increasethe di�cult y of synthesis. This is not true for pruning by

estimated binding a�nit y sincea weakly binding part structure may producea

strongly binding ligand after further growth.

The inspiration for the complexity analysis method presented here comes

from manual analysis of synthetic feasibility of many de novo structures gener-

ated over the years, where it was observed that in many casessynthetic com-

plexity was causedby the presenceof uncommon substitution patterns in rings

and chains rather than from the presenceof more obvious complex featuressuch

as stereocentres. The method is basedupon the assumption that if a molecular

structure contains only chain and ring structural motifs which occur frequently

in commercially available starting materials or in previously (easily) synthesised

structures, then the target structure is likely to be readily synthesisable.

In order to assessthe frequency of occurrenceof a particular substitution

pattern it is necessaryto construct a complexity databasewhich is generated

by enumerating the local substitution patterns found in the sourcecompound
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databaseand keeping counts of their frequency of occurrence. This statistical

distribution of the substitution patterns can then be utilised to assessthe syn-

thetic accessibility (complexity) of structures generatedby any de novo design

program.

One of the advantagesof this \lo cal-structure" method, is that if the source

compound databasecomprisesdrug-like moleculesthan the method might pro-

vide an indication of the \drug-lik eness"of designedstructures as well as their

synthetic complexity, sincestructures largely or wholly composedof structural

fragments from known drugs might also be \drug-lik e" in character. Clearly

this \concept of drug-likeness" takes no account of global properties such as

lipophilicit y, and theseshould be assessedby other methods.

When consideringa method for complexity basedprioritisation of structures

generatedby de novo design, it is necessaryto allow for the presenceof generic

atom types i.e. the structures subjected to complexity analysis might possess

atom typesas yet unde�ned (Figure 4).

Accordingly the applied complexity analysis needsto be carried out at two

levels (topology level, and atom substitution level). The initial matching phase

includes comparison of the topology of substitution patterns of the generated

structure against the databaseof topologicalmotifs found in drug like structures

and is performed taking into account bond order and atom hybridization. If

there are matching topological motifs, then atom type matching is performed

at the 2nd level of the analysis. In this secondmatching phase speci�c atom

types can be matched only with the same atom type whereasgeneric atoms
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Figure 4: Example of a partially substituted structure, in which generic (indi-
cated hereascarbon) atoms can represent any atom type. (Blue and red dotted
cyclessymbolize donor and acceptor binding target sites, respectively)

can be matched against any atom type except when the atom is docked to a

hydrogen bonding target site, in which caseit can match only with atoms with

the samebinding properties (such as donor or acceptor).

2.1 Preparation of the Complexit y Databases

Two separatecomplexity databaseshave been constructed for use in the esti-

mation of complexity of de novo designedstructures. The �rst one is used to

quantify synthetic complexity aswell asdrug-likenessand it is built by extract-

ing local structural motifs found in structures in the MDDR database, which

contains over 100,000biologically relevant compounds. The secondone, which

is utilised to assessjust synthetic accessibility, is constructed from the combined

Aldric h, Maybridge and Lancasterstarting material databases(SM henceforth),

which together contain almost 170,000compounds.
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BecauseMDDR contains a wide variety of molecules,some of which pos-

sessbiological properties that are not regardedas \drug-lik e" along with drugs

which are still under development, various �lters are employed in order to elim-

inate any moleculeswith non\drug-lik e" characteristics from the �nal set that

participates in the complexity databaseconstruction process.Consequently , in-

clusion of structures was basedon a molecular weight range (100{700), absence

of undesirable atom types and membership of appropriate therapeutic classes.

In contrast to other studies, structures marked as being in "Biological Testing"

phase2 were not removed as it was felt that novel but synthetically accessible

structures should not be penalised. The screeninge�ect of the applied �lters

and the number of remaining structures are summarisedin Table 1.

A similar �ltering processwas performed for the structures of the combined

starting material database. If a compound occurred more than once in the

united data set, then only one instance was kept. The number of structures

removed by various �lters is summarisedin Table 2.

Having screenedout undesirable compounds from the initial sets, hydro-

genatoms are removed from each remaining structure along with any inorganic

counter ions or other residues. For the sake of consistency, the stereo infor-

mation of input structures has to be ignored becauseof the large number of

unde�ned stereocentres present in the overall input data set. This is followed

by ring perception to determine the topology of each structure and detect rings

(up to 9-membered), and by atom perception to assignessential properties (such

2 � 92% of the structures in the MDDR database are labelled as being in the \Biological
Testing" phase
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Table 1: Number of structures eliminated from MDDR (itemized by applied
�lters)

Number of structures

Total number of structures (initially) 113; 842

without 2D structural information 2; 676

with undesirableatom type a 864

molecular weight lessthan 100 66

molecular weight higher than 700 7; 185

without suitable therapeutic activit y b 9; 469

Total structures removed c 15; 673

Remaining structures 95; 499

aOnly H, Li, B, C, N, O, F, Na, Mg, P, S, Cl, K, Ca, Br and I atom
types are al lowed.

bAltogether 74 drug activity classes (with keywords such as \Sweetener",
\Vitamin ", \Miner al" and \R adiopharmaceutical") are excluded from the 615
activity classes found in MDDR.

cThe number of structur es removed by each �lter represents the number
of structur es eliminate d if the �lters were applied independently of each other
in order to il lustr ate their real pruning power independently of the order in
which they are employed.

as hybridization, aromaticit y, number of attached hydrogensand binding prop-

erties (acceptor, donor, both, neither)) for each atom.

In the next step, the complexity databaseis constructed by exhaustive and

systematicenumeration of acyclic and cyclic substructures(i.e. patterns) present

in each molecule (see example in Figure 5). The various types of analysed

patterns are de�ned as follows:

1-centred chain pattern: Any non-terminal chain atom with its nearestheavy

atom neighbours. There are 6 such patterns in the examplestructure (Fig-

ure 5).
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Table 2: Number of structures eliminated from combined starting material
databases(Maybridge + Aldric h + Lancaster) itemized by applied �lters

Number of structures

Total number of structures (initially) 169; 550

without 2D structural information 107

with undesirableatom type a 991

identical b 5723

Total structures removed 6821

Remaining structures 162; 729

aOnly H, Li, B, C, N, O, F, Na, Mg, P, S, Cl, K, Ca, Br and I
atom types are al lowed

bStarting materials are considered identic al if they di�er only in
salt counter ion or stereo con�gur ation

2-, 3- and 4-centred chain pattern: Any 2, 3 or 4 adjacent non-terminal

chain atoms with their nearestheavy atom neighbours3.

Ring pattern: Contiguous atomsparticipating in a ring or ring system. Fused-

spiro- and bridged ring combinations are consideredas onecoherent unit.

Ring substitution pattern: Ring atomstogether with their immediate bonded

neighbours. This pattern type is particularly useful for estimation of syn-

thetic accessibility sincemany ring substitutions occur quite infrequently .

(See the frequency of occurrencesof various side-chain substitutions of

naphtalene in Table 3.)

The total number of substructural motifs (unique topologies,atom substitu-

tion patterns) for the MDDR and the starting material dataset are summarised

3The 1-,2-,3- and 4-centred local structural concept is adopted from [18]; however in our
method they are used only for acyclic portion of the examined structure
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Figure 5: Example of the enumeration processto obtain chain and ring patterns
(The centres of the chain patterns are highlighted by blue cycles)

Table 3: The 10 most frequent substitution patterns of naphtalene in MDDR
with the frequencyof their occurrences

3748 3288 1608 782 504

486 459 403 397 362

in Table 4.

The e�cien t useof theselarge numbers of ring and chain motifs in complex-

it y analysis requires a highly e�cien t procedure for exact structure matching.

Canonical names which unambiguously encode molecular structures indepen-
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Table 4: Number of overall and unique enumerated topologiesand atom sub-
stitution patterns in the �ltered MDDR and combined starting material (May-
bridge + Aldric h + Lancaster) databases

MDDR SM MDDR + SM
TO a UT b USc TO a UT b USc TO a UT b USc

1-centred chain 619,682 144 937 752,856 185 1,359 1,372,538 202 1,559

2-centred chain 424,218 659 3,524 457,727 801 4,453 818,945 927 5,942

3-centred chain 338,982 2,392 9,108 303,738 2,609 9,059 642,720 3,498 14,796

4-centred chain 291,357 5,918 16,931 208,207 5,454 12,646 499,564 8,891 25,862

ring systems 233,572 2,689 5,085 360,683 1,853 3,340 594,255 3,895 7,388

ring subs 233,572 14,987 25,926 360,683 10,270 19,212 594,255 22,565 41,047

a TO = Overal l total occurr ences of enumerated patterns

b UT = Number of unique topologies (considering hybridization, connectivity and bond

order)

c US = Number of unique substitution patterns

dently from their atom numbering are routinely used in chemoinformatics for

exact structure matching. In our case,canonicaltopology namesareconstructed

from the perceivedhybridization of the substitution pattern atomsand the types

of bond connectingthem. The algorithm for canonicalnamegenerationwasim-

plemented by customizing the original Morgan algorithm [21] and SEMA [22]

variant. By this means,the computationally expensive atom-by-atom matching

required to determine equivalent topology is replacedby rapid string compari-

son.

For easeof search, the complexity databaseis implemented in the form of a

setof hierarchies. Each detectedtopologicalgraph (with an associated canonical

topology name) corresponds to an atom substitution hierarchy (Figure 6). In

the hierarchy, each node represents a unique atom substitution pattern for the
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given topology along with a counter that storesits frequencyof occurrence. The

hierarchy is constructed in such a way that the most genericatom substitution,

is located at the root of the hierarchy and more speci�c atom substitutions

(i.e. patterns with more hetero atoms) are found by navigating deeper into the

hierarchy.
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Figure 6: Example for the atom substitution hierarchy. The number next to
structure indicates its frequency of occurrence in the screenedMDDR. The
most common atom substitution is in the red box. For the sake of clarit y and
simplicit y only 19 atom substitution patterns out of 64 found are depicted in
the hierarchy. Theseoccur more than 10 times and contain only C,O,N,S or Cl
atoms. The structure in the blue box represents the topology associated with
the hierarchy. (sp2, sp3 and A indicate atom hybridization and aromatic atom
type, respectively.)

The hierarchies associated with the topological graphs expand as more and

more patterns are found during the complexity databaseconstruction. If a new

hetero atom substitution pattern occurs for a topology, then a new node is
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inserted into the corresponding hierarchy by intro ducing relationships between

the new node and the existing ones. If the atom substitution pattern is already

present in the hierarchy, then the occurrencecounter of the appropriate node is

incremented.

Analysis of the retrieved patterns revealsstructural di�erences betweenthe

MDDR and SM databases. Figure 7 illustrates the correlation between the

frequency of occurrenceof speci�c rings found in MDDR and their frequency

of occurrence in the starting materials database. From the 7388 various ring

substitution patterns, 2309are not present in the MDDR and 4048are missing

from the SM. Figure 7 also depicts somering motifs that are present in MDDR

with high frequency, but absent or occur only oncein SM, and vice versa.

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

4.5

5.0

5.5

0.0 1.0 2.0 3.0 4.0 5.0

log10(Num ber  o f  Occur r ences +1 in  MDDR)

lo
g

10
(N

u
m

b
er

 o
f 

O
cc

u
rr

en
ce

s+
1 

in
 S

M
)

N
��������� �	��

�������

O

N
N

��������� ���������������

N
��������� �������������

N

N

S

��������� ������������
��

Figure 7: Frequencyof occurrencesof ring motifs (considering atom typesand
hybridization) found in MDDR versusring motifs of SM
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Figure 8 shows the relative frequencyof rings in MDDR and SM databases

in percentages. For the sake of clarit y, two rings which occur signi�can tly more

frequently than any other ring in both MDDR and SM have beenomitted from

Figure 8. Thesearebenzenewhich represents 38:23%of the ring typesin MDDR

and 55:01% in the SM, and pyridine which represents 4:14% of the rings in

MDDR and 3:24% in SM.
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Figure 8: Relative frequency of ring motifs in percentages (considering atom
typesand hybridization) found in MDDR versusring motifs of SM

2.2 Estimating Structural Complexit y

Having constructed the two complexity databases,they are used to score the

drug-likenessand synthetic complexity of structures generatedby SPROUT (or

any other de novo design method). The complexity scoring system which has

been adopted is designedto penalise structural motifs that are infrequent or
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absent from the complexity database.

The hierarchical architecture of the constructeddatabaseis designedto facil-

itate rapid multi-lev el complexity analysis. By this means,the �rst investigation

takes place at the topology level, while on the secondlevel the probabilit y of

hetero atom substitutions are examined.

The processstarts by retrieving all chain and ring patterns of the de novo

designedstructure, in the previously detailed manner (Figure 5). The canonical

topology names of the obtained substructures are then matched against the

set of topologiesstored in the complexity database. If the topology is present

in the database then a topology score is calculated using empirically derived

equation (1) which considersthe correlation of its frequencyof occurrenceswith

the occurrencesof the most frequent topology for the given pattern type i.e.

ring or chain.

ScoreTopology =

8
>><

>>:

�
1 � ln (No : occur : of matc hed top ology )

ln (No : occur : of most common top ology)

�
� Penalt y

; if topology exists in database
2 � Penalt y

; if topology missing from database

(1)

The penalty valuesused in the examplespresented here are: 25, 20, 15 and

10 for 1-, 2-, 3- and 4-centred chain patterns, 40 and 30 for rings and ring

substitutions. Theseare not immutable constant valuesand the user can alter

the penalty values for individual pattern types in order to tailor the system

for di�eren t applications. The current set of penalty values was derived by

a processof trial and error and incorporates the heuristic that setting higher

penalty valuesfor smaller patterns emphasisestheir importance.

Figure 9 itemizes the complexity scorecalculation for the cephalexin. In the
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table, each line represents an enumeratedring or chain pattern which contributes

to the complexity analysis. The atom numbers in the table correspond to the

atom numbering in the structural diagram on the right. The table details how

many times each topology and atom substitution pattern occursin the database

and the partial scoregeneratedfor the given pattern. This exampleshows that

the 8th pattern (benzenering) is the most frequent ring in the MDDR and

therefore is not penalised. The topology of the fusedring (9th ), however, occurs

only 1; 537 times in the database; therefore it increasesthe overall complexity

of the structure.

Topology Atom subs. Atoms

N
N

O N

S

O

O

O

0

1

2

3

4
5

6 7
8

9

10

11
12

1314

15

1617

18

19

20

21

22

23occurred score occurred score

1st 2,341 (8.785) 154(6.998) 6 8 5 7

2nd 57,915 (2.080) 31,008(0.000) 7 6 9 10

3th 52,313 (2.293) 31,824(0.000) 9 11 7

4th 24,526 (3.876) 7,468(0.000) 20 15 22 23

5th 804 (8.139) 102(3.543) 6 7 8 5 9 10

6th 27,535 (1.874) 17,319(0.000) 7 9 6 10 11

7th 355 (6.806) 71(1.145) 6 7 8 5 9 10 11

8th 104,749 (0.000) 90,498(0.000) 5 4 0 3 1 2

9th 1,537(14.609) 1,351(0.000) 13 14 18 11 12 15 17 16

10th 20,636 (0.000) 16,857(0.000) 5 4 0 6 3 1 2

11th 992 (9.165) 760(0.000) 14 13 12 15 11 18 19 16 20 9 17 21

Total (normalised) score: 6.301

Figure 9: Example of complexity scorecalculation for cephalexinThe scoresare
calculatedby usingthe complexity databasegeneratedfrom MDDR. (Only exact
atom type matching performed sincethis is not a de novo designedstructure)

If the topology is found in the database,then the secondlevel of the analysis

is performed to establish the frequencyof the appropriate hetero atom substitu-
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tion. This processinvolvestraversingthrough the atom substitution hierarchy of

the topology and identifying adequateatom substitution pattern(s) (Figure 6).

The program is designedto perform two typesof atom matching:

Exact matc hing �nds the exact atom substitution pattern, if it is present, in

the hierarchy of the topology.

Generic matc hing is implemented for partially substituted SPROUT struc-

tures. Generic atoms can be matched with any atom type. If a binding

property (such as acceptor, donor) is de�ned for an atom, then it can

match only with atoms exhibiting the sameproperty.

In the latter matching mode, if there is more than one corresponding sub-

stitution pattern, then the one with the highest occurrenceis usedto calculate

the atom substitution score(Equation 2).

In caseof the cephalexinexample(Figure 9), there arequite a few chain (such

as 2nd ,3r d,4th and 6th ) and ring (8th ,9th , 10th and 11th ) substitution patterns

which are the most common ones for the given topology. (Only exact atom

matching is performed since this is not a de novo designedligand.)

ScoreA tomS =

8
>>>>>><

>>>>>>:

�
1 � ln (No : occur : of best matc hed atomsubs :)

ln (No : occur : of most common atomsubs :)

�
� Penalt y

; if matching atom substitution exists
in database

2 � Penalt y
; if topology or atom substitution
missing from database

(2)

The total complexity score(Equation 3) is a normalised scorewhich is com-

posedof the individual topology and atom substitution scoresdivided by the

number of patterns. In the cephalexin example, shown in Figure 9, the total
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normalised scoreis 6:301.

The system also allows the user to invoke penalties for the presenceof per-

ceived stereo centres (Ps) and rotatable bonds (Pr b) which also contribute to

poor synthetic accessibility and lower entropy of the structure, respectively.

ScoreTotal =
P

ScoreTopology +
P

ScoreA tomS

Number of Patterns
+ Ps + Prb (3)

3 Results and Discussion

The performanceof the complexity analysis technique detailed above has been

investigated by applying it to 50 top selling (non-steroid) drugs [23]. All of the

test drug structures wereremoved from the MDDR 4, and then a new validation

complexity databasewasconstructed from the limited set (using the previously

detailed process). This was followed by the calculation of complexity scoreof

each of the 50 drug structures. In this processonly exact atom type matching

was performed.

Table 5: Number of enumerated patterns of the 50 top selling drugs with the
number of absent topologiesand hetero atom substitutions (itemised by pattern
types)

Number of Number of absent Number of absent
patterns topology atom substitution

1-centered chain 273 0 0
2-centered chain 186 0 2
3-centered chain 144 3 5
4-centered chain 123 6 9
ring systems 97 0 0
ring subs. 97 3 6

Table 5 summarisesthe details of the study. Analysis of the results indicates
4The generic names of the drug structures are utilised to identify them in the MDDR

database
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that the method successfullyidenti�es high percentagesof topologiesand hetero

atom substitutions. The distribution of the scoresis shown in Figure 10. The

molecular structures of the analysed drugs together with their generic names

and their complexity scoresare presented in Table 6.
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Figure 10: The distribution of the estimated drug-likenessof 50 top sellingdrugs

The explanation for the surprisingly low score of azithromycin is that the

program detects rings only up to 9-membered, therefore the macrocyclic ring

of the structure is matched against chain patterns rather than rings. Of the

high scoring compounds, hydrocodone (1) has a genuinely complex structure.

On the other hand, hydrochlorothiazide (2) is given a high score becauseof

the unusual fused ring combination. The system does not currently recognise

that retrosynthetic cleavageof the heterocyclic ring present would give a much

simpler structure.

In order to validate the performanceof the method asa predictor of synthetic

accessibility, a comparisonof thesescoreswith CAESA predictions for the same

23



Table 6: The 50 top selling drugs ranked by descendingorder of their com-
plexity score. Red highlights topologiesand yellow cyclesindicates hetero atom
substitutions that are not present in the complexity databasegeneratedfrom
MDDR
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4.910 4.633 4.088 3.811 3.362
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set of compounds was carried out.

CAESA [19] is an expert system-basedprogram that is designed to esti-

mate synthetic accessibility of individual members of a seriesof hypothetical

drug candidatesby performing a comprehensive retrosynthetic analysis, estab-

lishing synthetic routes betweenavailable starting material compounds and the

target structure and also examining structural features,such as topology, stere-

ochemistry and functional groups contained within the structure that give rise

to synthetic di�cult y or complexity.

Complexity scoresfor these50drugs werecalculated utilising the complexity

databaseconstructed from just the starting material cataloguessince the com-

parison only involved synthetic accessibility. In this processexact atom type

matching was performed again with a penalty value of 2:0 added to the total

complexity score for each identi�ed stereo centre in the structure. The latter

was intro duced in order to compensate for the fact that stereochemistry had

beenignored when the complexity databasewas constructed.

The CAESA predictions for synthetic accessibility and the complexity anal-

ysis scoresfor the top-selling drugs are detailed in Table 7. CAESA evaluates

the synthetic accessibility in percentagesi.e. the lower the percentagesthe more

complexthe structure. 100%indicates that the compound is commercially avail-

able.

Even though comparedto CAESA the complexity analysisis a crude method

for predicting synthetic accessibility, the analysisof the results revealsa surpris-

ingly high correlation betweenthe CAESA predictions and complexity analysis
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Table 7: The 50 top selling drugs ranked by ascendingorder of their CAESA
prediction together with the complexity score

IN a Drugs CP b CSc IN a Drugs CP b CSc

32 Azithrom ycin 10% 54.53 36 Cetirizine 66% 10.51

43 Pra vastatin 16% 30.74 18 Esomeprazole 66% 14.76

29 Sim vastatin 24% 38.05 9 Clonazepam 67% 12.95

1 Hydro codone 25% 101.52 28 Amo xicillin 68% 30.31

38 Ramipril 32% 24.02 37 Amlo dipine 69% 8.52

41 Quinapril 43% 15.40 16 Clopidogrel 69% 24.88

12 Lev o
o xacin 45% 19.59 50 Salmeterol 69% 6.96

44 A torv astatin 46% 17.68 34 Albuterol 71% 12.17

33 Cephalexin 47% 19.14 46 Metoprolol 72% 8.41

20 Sildena�l 47% 26.19 23 Lansoprazole 73% 12.71

4 Prop oxyphene 49% 29.16 7 Bupropion 73% 20.03

13 Alprazolam 51% 70.12 22 Fluconazole 74% 25.08

3 Sertraline 51% 35.99 26 Alendronate 80% 27.56

48 Lisinopril 52% 14.90 19 Paroxetine 83% 21.62

30 Mon teluk ast 52% 18.89 49 Acetaminophen 83% 2.01

10 Citalopram 55% 17.07 5 Rofeco xib 87% 23.09

39 Valsartan 55% 18.03 21 Ranitidine 94% 15.80

17 Pantoprazole 57% 12.02 35 Gabap entin 95% 7.62

6 Lorazepam 59% 17.26 14 Furosemide 96% 13.12

27 Celecoxib 60% 5.73 11 Lev oth yro xine 100% 12.20

2 Hydro chlorothiazide 61% 26.93 47 A tenolol 100% 7.78

25 Zolpidem 61% 16.16 40 Ibuprofen 100% 7.79

31 Venlafaxine 62% 13.56 8 Triam terene 100% 17.56

45 Fexofenadine 64% 11.24 15 Metformin 100% 10.35

42 Fluo xetine 65% 15.75 24 Amitript yline 100% 19.06

a IN = Index of the structur e in Table 6

b CP = CAESA prediction of synthetic accessibility

c CA = Complexity analysis score using SM complexity database

scores.Figure 11 displays the results and highlights the 5 most complex struc-

tures of the drug set according to CAESA.

Furthermore the complexity analysisoperatessigni�can tly faster than CAESA.

The CAESA calculation took 703 seconds,whereasthe elapsedtime of loading

the entirely complexity databaseinto the memory and calculating the complex-
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Figure 11: CAESA prediction of synthetic accessibility versusscorecalculated
by complexity analysis. The black line indicates the linear trendline.

it y scoreswere carried out in 8 seconds. Accordingly, the current method is

more suitable for prioritisation of thousands of structures within a reasonable

time frame and provides an acceptablecompromise between the speed of the

analysis and the accuracyof calculated scores.

Having validated our method by analysing its performanceto predict com-

plexity of known drugs, the technique wasutilised to evaluate the complexity of

structures constructed by a de novo design process. First, potential inhibitors

weregeneratedby SPROUT for the enzymedihydroorotate dehydrogenase,the

p.falciparum variant of which is an attractiv e target for the development of new

anti-malarial drugs [24].

The de novo drug designprocessof SPROUT starts with importing the hu-
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man variant of the enzymecomplexedwith a potent inhibitor, brequinar (PDB

code1D3G) into the SPROUT system(Figure 12), followedby the identi�cation

of hydrophobic regionsand hydrogen bonding interaction sites.

N

O O

F

LEU-A46

N
N

NN

O
ARG-A136

PRO-A364

LEU-A359

ALA-A59

MET-A43

ALA-A55

THR –A360

THR-A63

(a) (b)

Figure 12: The key interaction region of 1D3G with the brequinar analog: (a)
the schematic representation of the complex (b) snapshotof the inhibitor in the
binding pocket

In the next step, small fragments are docked to each selectedtarget site

followedby the structure generationphasewhich involvesconnectingthe already

anchored fragments together in a sequential building up processusing both

genericand speci�c building blocks in order to generatea diversesetof solutions.

The numbers of docked fragments and the stepsof the structure generation

are shown in Figure 13. A total of 60; 712 structures, which satisfy all of the

selectedtarget sites and the boundary constraint, weregenerated. Thesestruc-

tures werethen subjected to both the binding a�nit y and structural complexity

estimation procedures. In the processof complexity analysis,genericatom type

matching was performed using a combined complexity databaseof MDDR and

SM. Figure 14 and Figure 15 show the distribution of binding and complexity

scoresof the generatedstructures, respectively.
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According to the complexity analysis, only 5; 718 of the 60; 712 structures

(9:42% of the generatedones)have all their structural topology matched in the

complexity databaseand only 495 structures (0:82%) with matching substitu-

tion patterns also. Figure 16 and Figure 17 depict structures with high and low

complexity scores,respectively.

The user of the system has to make a judgement of where to apply a cuto�

when using this complexity analysis. In this particular examplea cuto� value of

20would seemreasonableand would allow 87%of the answer set to be discarded

(Figure 15).

In this example1000-1200structures (depending on size) were analysedper

minute on a 2.8GHz Linux PC, which provides an indication of the e�ciency of

the processand a justi�cation for the use of rapid topological name matching

and the hierarchical structure of the complexity database.

O PRO A52

NH2 ARG A136

OG1 THR A357

Hydrophobic

18

22

32

15

12,185

34,267

60,172

Figure 13: The connection of the selected target sites. Arrows indicate the
stepsof the connection. Numbers in boxesshow the number of partial and �nal
structures

30



2

1858

21

10432

13737

11857

13752

7479

1467

105
0

2000

4000

6000

8000

10000

12000

14000

16000

-6 to -7 -7 to -8 -8 to -9 -9 to -10 -10 to -11 -11 to -12 -12 to -13 -13 to -14 -14 to -15 -15 to -16

Estimated Binding Affinity

N
u

m
b

er
 o

f 
S

P
R

O
U

T
 s

tr
u

ct
u

re
s

Figure 14: The distribution of the estimated binding a�nit y of the molecules
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Figure 15: The distribution of complexity score of the molecules generated
(Red and yellow colour indicate structures with topology or atom substitution
problem(s), respectively. The green colour represents structures for which ev-
ery enumerated topology and substitution pattern in the examinedstructure is
present in the complexity database

4 Conclusion

A novel method for complexity analysis is described. This method matches

structural motifs present in de novo generatedstructures against thosefound in

compounds of drugs/starting materials databasesand provides a quantitativ e
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Figure 16: Examples of structures with high complexity scores(Red colour
highlights topologiesand yellow cyclesindicate hetero atom substitutions that
are absent in the usedcomplexity database)
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Figure 17: Examples of structures with low complexity scores(Blue and red
dashedcycles symbolize donor and acceptor binding interaction sites, respec-
tiv ely)
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structural complexity measurethat can be usedfor prioritisation.

However, it should be emphasisedthat that there is a potential problem

with any method which uses databasesof existing structures, in that these

compounds have not exhausted all possible local structural motifs. Therefore

structures with novel (but synthetically accessible)structural features may be
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incorrectly penalized as being complex. One way to ameliorate this problem

would be to usea very large database,such as the Chemical Abstracts Registry

�le, as the data source.

The method described here, can also be utilised in the reverse sense,for

the analysis of cataloguesof external suppliers in order to identify structures

with novel structural motifs, the inclusion of which could enhancethe chemical

diversity of in-housedatabases.
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