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Abstract the concept ofmultiple graph alignmen{MGA)

as a structural counterpart to sequence alignment.
The concept of multiple graph align- As opposed to homology-based methods, this ap-
ment has recently been introduced as a proach allows one to capture non-homologous
novel method for the structural analysis molecules with similar functions as well as evo-
of biomolecules. Using inexact, approx- lutionary conserved functional domains. Accord-
imate graph-matching techniques, this ingly, MGA offers a much wider field of applica-
method enables the robust identification tion, as the method is generally applicable to differ-
of approximately conserved patterns in ent types of biological or biochemical objects (and,
biologically related structures. In partic- in principle, even beyond the bioinformatics do-
ular, using multiple graph alignments, it main). In this regard, our special interest concerns
is possible to characterize functional pro- the analysis of protein structures or, more specifi-
tein families independent of sequence or cally, protein binding sites. However, graph align-
fold homology. This paper first recalls ments can also be used for analyzing other types
the concept of multiple graph alignment of biomolecules, e.g., to detect similarities between
and then addresses the problem of com- chemical molecules such as protein ligands (see
puting optimal alignments from an algo- Section 4.2).

rithmic point of view. In this regard,
a method from the field of evolutionary
algorithms is proposed and empirically
compared to a hitherto existing greedy
strategy.

Our previous approach to the MGA problem makes
use of a greedy algorithil3]. In this paper, we
present an alternative method using evolutionary
strategies. As will be shown experimentally, the lat-
ter significantly outperforms the former with regard
to the quality of alignments, albeit at the cost of an

1 Introduction increased runtime.
The paper is organized as follows: In Section 2,

‘we introduce the concept of a multiple graph align-
91ent. The problem of computing a MGA is then

In the field of bioinformatics, multiple sequence

alignment is an established approach for the identi

fication of residues that are conserved across man | ) :
addressed in Section 3, where an evolutionary al-

members of a gene or protein familg2; 4; 11. ) - ’ k i
ygorlthm is proposed for this purpose. Section 4 is

However, as this approach relies on evolutionar ) o
conserved sequences in DNA or protein chains todevoted to the experimental validation of the ap-

detect similarities between different molecules, it proach, and Section 5 concludes the paper.
is only capable of detecting functional similarities

based on heredity. Consequently, sequence analysis Graph-Based Modeling and

is not optimally suited for the identification &fnc- Multiple Graph Alignment

tional similarities between molecules, as function- uitip p 9
ality is more closely associated with structural than
with sequential features. In fact, it is well-known
that there is no strong correspondence between se-
guence similarity and structural similarity.

2.1 Graph-Based Modeling of
Biomolecules

Graph models are often used to represent and an-
Focusing on the the identification dcftructural alyze three-dimensional biomolecules, i.e., single
similarities of biomolecules, this paper presentshiomolecules are represented in terms of a graph



G consisting of a set of (labeled) nod&s and  beled with the respective distanege) € R.! The
(weighted) edge&. As mentioned previously, our edges of the graph thus represent geometrical con-
special interest concerns protein binding pocketsstraints among points on the protein surface.

and chemical compounds. In Cavbase, a graph representation of a binding

pocket has arounél5 nodes on average; however,
Modeling Chemical Compounds also graphs with several hundred nodes are fre-

quently detected and extremes with thousands of
In the case of chemical compounds, atoms are reppodes exist. The graphs are rather dense as approx-

resented as nodes labeled with their correspondingmately 20 percent of all pairs of nodes are con-
atom type, using the SYBYL atom type notation. nected by an edge.

The edges between nodes are labeled by the Eu-

clidean distance between the respective atoms. This o Multiple Graph Alignment

way, important geometric properties of the com-

pound are captured. Alternatively, it is possible toIn the following, we assume a sef =

use a representation in which edges correspond t§G1(V1, £1) ... Gin(Vin, Ery)} - of - connected,
molecular bonds and are weighted by the bond ornode-labeled and edge-weighted graphs to be
der. given, each of which represents a biomolecule.
To make the discussion more concrete, we sub-
sequently consider the case of protein binding
sites.

Regarding the modeling of protein structures, thewhen comparing homologs from different species
present work builds upon Cavbadé0; 8, a in protein cavity space, one has to deal with
database system for the fully-automated detectionhe same mutations that are also given in se-
and extraction of protein binding pockets from ex- quence space. Corresponding mutations, in con-
perimentally determined protein structures (avail-junction with conformational variability, strongly
able through the database PI)). In Cavbase, affect the spatial structure of a binding site as well
graphs are used as a first approximation to describas its physicochemical properties and, therefore, its
binding pockets. The database currently containgyraph descriptor. Thus, one cannot expect that the
113,718 hypothetical binding pockets that havegraph descriptors for two related binding pockets
been extracted from 23,780 publicly available pro- match exactly. In our approach, the following types
tein structures using the LIGSITE-algoritH®i. of edit operations are allowed to account for dif-

. ferences between a gragh (V1, E1) and another
To model a binding pocket as a graph, the geo'grathQ(VQ,Eg):

metrical arrangement of the pocket and its physic-
ochemical properties are first represented by pre- 1. Insertion or deletion of a nodg < V; (“In-
defined pseudocentersspatial points that repre- Del”). A pseudocenter can be deleted or in-
sent the center of a particular property. The type troduced due to a mutation in sequence space.
and the spatial position of the centers depend on  Alternatively, a conformational difference can
the amino acids that border the binding pocket affect the exposure of a functional group to-
and expose their functional groups. They are de- ward the binding pocket, accordingly an inser-
rived from the protein structure using a set of pre- tion or deletion in the graph descriptor could
defined rules[10]. As possible types for pseu- result.

docenters, hydrogen-bond donor, acceptor, mixed o
donor/acceptor, hydrophobic aliphatic and aromatic
properties are considered. Pseudocenters can be re-
garded as a compressed representation of areas on
the cavity surface where certain protein-ligand in-
teractions are experienced.

Modeling Protein Binding Sites

Change of the labé(v,) of a nodev; € V;
(“Node Mismatch”). The assigned physico-
chemical property (“type”) of a pseudocenter
can change if a mutation replaces a certain
functional group by another type of group at
the same position.

The assigned pseudocenters form the nodes 3. Change of the weight(e;) of an edgee; €

V of the graph representation, and their proper- £ (‘Edge Mismatch”). The distance between
ties are modeled in terms of node labé(s) € two pseudocenters can change due to confor-
{P1,P2...P5}, whereP1 stands for donoip2 for mational differences.

acceptor, etc. Two centers are connected by an edge *an interaction distance dfl.0 A is typically enough

in the graph representation if their Euclidean dis-to capture the geometry of a binding site; ignoring larger
tance is belowi1.0A and each edge € E is la-  distances strongly simplifies the graph representation.



multiple alignmentd = (a'...a™) is defined by

O O O the sum of scores of all induced pairwise align-
ments:
- l A =S )+ 3 estat,a), Q)
- - i=1 1i<isn
’\./ ./ where thenode scordns) is given by
a NSy, l(aé) =(a})

Figure 1: An alignment of four similar, but not identical . NSym  U(a}) # l(ai)

graphs. The node labels are indicated by the letters asts : = Z i ij_ i

signed to the nodes (shown as circles). The edge labels afn 1<j<k<m 184 aj B ’a’? a

are omitted for simplification. The assignments among nsq a} #FLl,a, =1

the different graph nodes are indicated by the dashed

lines. Large boxes in gray represent dummy nodes thaComparing two edges is somewhat more difficult

have been introduced in the alignment to represent “missthan comparing two nodes, as one cannot expect

ing” nodes. to observe edges of exactly the same lengths. We
consider two edges as a match if their respective

By assigning a cost value to each of these edit Op1engihs 4 andb, differ by at most a given threshold

erations, it becomes possible to define an edit diszmw and as a mismatch otherwise. Tédge score
tance for a pair of graph descriptors. The edit(es) is then given by

distance of two graphs/;, G- is defined as the

cost of a cost-minimal sequence of edit operations aj ag
that transforms grapty'; into G». As in sequence es : , : =
analysis, this allows for defining the concept of e ol

m m

an alignment of two (or more) graphs. The lat-
ter, however, also requires the possibility to use eSimm (a;'wa;;) € Ey, (a’f,a{) ¢ B
dummy nodesL that serve as placeholders for i j

1™

es ai,aj FEy, (a},a)) € E;
deleted nodes. They correspond to the gaps in se- e il”k <kt) ¢ Bk, ( )
quence alignment (cf. Figure 1). 1<k<i<m | ©m B = bmas

Smm dkjl > tmaz

LetG = {G1(V1,E1)...Gp(Vin, Ey) } be aset of 3 o o
graphs. Thed € (ViU{L}) x---x (V;,uU{L})  Whered}; = |lw(a},a;) — w(aj,a])|. The scores

is an alignment of the graphs ghif and only if for the different cases have to be defined by the
user. For the experiments, we used the following
1. foralli = 1...m and for eachv € V; there  parameter settingis,, = 1, nSym = —5.0, n8q =
exists exactly on@ = (a1 ...am) € Asuch 95 o5 —0.2andes,,, = —0.1

thatv = a; (i.e., each node of each graph oc-

curs exactly once in the alignment). 23 Computing Multiple Graph

2. for eacha = (ay ...a,) € Athere exists at Alignments
least onel < i < m such thata; #L (i.e.,
each tuple of the alignment contains at leastThe problem of calculating an optimal MGA, that
one non-dummy node). is, an alignment with maximal score for a given set

h tuble in the ali , . of graphs is computationally very complex. The
Each tupleint ealgnmen_t contains a certain num'subgraph isomorphism problem (which is known
ber of nodes from the different graphs that are

to be NP-completd1]) can be seen as a special

matchet_j onto ea(_:h OtheL’ I.f ar\]node Eas no ma(;Chm%ase of the graph alignment problem where the cost
partner in a certain graph, it has to be mapped ontqq ismatches is set prohibitively high. Thus, one

a dummy nodel. cannot expect to find an efficient algorithm that is
To assess the quality of a given alignment, a scorguaranteed to find an optimal alignment for a given
ing function is needed. This scoring function cor- set of graphs. 11113], simple and effective heuris-
responds to the above-mentioned edit distance, aics for the MGA problem have been described that
each graph alignment defines a set of edit operawere found to be useful for the problem instances
tions that have to be performed to transform one ofthat were examined. The main idea of these meth-
the aligned graphs into another entry of the align-ods is to reduce the multiple alignment problem to
ment. Here, a scoring function that follows a sum- the problem of pairwise alignment (i.e., calculating
of-pairs scheme is proposed, i.e., the scof a  an optimal graph alignment for only two graphs)



in a first step; these pairwise alignments aresubse- aA- 1 2 34 . 5 . . . . . .

guently merged into a multiple alignment in a sec- B: . 3.45.16. . 2.

ond step. C 52. 4 1 3.
D. 4 15. 2 3

Both steps, finding optimal pairwise alignments
and merging them into a multiple alignment, are
only heuristics that do not guarantee to find a goodFigure 2: Matrix representation of a MGA. Dummies are
solution on every problem instance. Even worse, agépresented by a dot.

there is no information about the distance to the op-

timum, is is hardly possible to get an idea about thegeneration. (iv) The whole procedure is repeated
quality of a solution produced by the above strat- until a stopping criterion is met.

ey Regarding the representation of individuals, note
Motivated by these problems, we investigated thethat in our case candidate solutions correspond to
use of evolutionary algorithms as an alternativeMGAs. Given a fixed numbering of the nodes of
approach. ~ As will be detailed in Section 3, graphG; from 1 to|V;| (not to be confused with the
we resorted to an evolution Strategy with a non-|abe|ing), an MGA can be represented ina unique
standard representation and examined two differenfyay by a two-dimensional matrix, where the rows
approaches: While the first approach seeks to opcorrespond to the graphs and the columns to the
timize a Complete multiple alignment directly, the a”gned nodes of these graphsl F|g 2 shows an ex-
second approach sticks to the decomposition stratample of such a matrix. The first column indicates a
egy that is also used by the greedy algorithm andmutual assignment of the first node of graph A, the
hence, uses eVOIUtionary Optimization Only for the fifth node of graph C, and the fourth node of graph
pairwise case. D, while there is no matching partner in graph B.

On the one hand, evolutionary optimization is of |, the course of optimizing an MGA, the graphs can
course more expensive from a computational pointyecome larger due to the insertion of dummy nodes.
of view. On the other hand, the hope is that thiS o the matrix representation, this means that the
approach will be able to improve the solution qual- ,,;mper of columns is in principle not known and
ity, i.e., to produce alignments that are better than.p, only be upper-bounded by +. . . +7n.,, where

' ' et T,
those obtained by a simple greedy strategy. To S, — |V;|. This, however, will usually be too large
if the increased cost of an evolutionary algorithm 5 number and may come along with an excessive
is justified, we have also compared it with a simple jhcrease of the search space. From an optimization

hill-climbing strategy. point of view, a small number of columns is hence
preferable. On the other hand, by fixing a too small
3 An Evolutionary Algorithm for length of the alignment, flexibility is lost and the

Multiple Graph Alignment optimal solution is possibly excluded.

To avoid these problems, we make use ofdap-
tive representation: Starting with a single extra col-
umn filled with dummies, more such columns can
be added if required or, when becoming obsolete,
again be removed (see below). Thus, our ma-
trix scheme is initialized withn rows andn + 1
tolumns, wherex = max{ni,ns...n,}. For

Evolutionary Algorithms seeks to optimize a fithess
function, which in our case is given by the sum-of-
pairs score (1). To this end, it simulates the evolu-
tion process by repeatedly executing the following
loop [3]: (i) Initially, a population consisting of;

individuals, each representing a candidate solution
Is generated at random. (i) In each generatjon; each graphG;, a permutation of its nodes is then

offspring |nd|y|duals are created, the param.eyter inserted, with dummies replacing the index posi-
call_ed selectlvg pressure. To generate a single Oﬁiionsj > [Vi|. As an aside, we note that dummy
Sp”f‘g’.”.‘e mating-selection operatorlchoqspar- columns are of course excluded from scoring, i.e.,
ent |nd|\_/|du_als at random a_nd submits them to thethe insertion or deletion of dummy columns has no
recomblnatlon opera’For. This opergtgr genergtes an quence on the fitness.

offspring by exchanging the genetic information of

these individuals. The offspring is further modi- Among the proper selection operators for evolution
fied by the mutation operator. (iii) The offsprings strategies, the deterministic plus-selection, which
are evaluated and added to the parent populatiorselects the: best individuals from the union of the
Among the individuals in this temporary population . parents and thea offsprings, is most convenient

T, the selection operator chooses the hestindi-  for our purpose. In fact, since the search space of an

dates, which then form the population of the next MGA problem is extremely large, it would be very



unfortunate to loose a current best solution. Thisof graphs. Therefore, the application of our EA al-
excludes other selection techniques such as fitnesgrorithm becomes expensive for large problems.

roportional or simulated annealing selection. . .
prop 9 One established strategy to reduce complexity is to

As we use a non-standard representation of individ-decompose a multiple alignment problem into sev-
uals, namely a matrix scheme, the commonly useceral pairwise problems and to merge the solutions
recombination and mutation operators are not ap-of these presumably more simple problems into a
plicable and have to be adapted correspondinglycomplete solution. This strategy has already been
Our recombination operator randomly selecpar-  exploited in our greedy approach, where the merg-
entindividuals from the current population (accord- ing step has been realized by means of the star-
ing to a uniform distribution). Thery — 1 random  alignment algorithni13]. In star-alignment, a cen-
numbersr;, i« = 1...p — 1 are generated, where ter structure is first determined, and this structure is
1 <r <ry<...<r,1 < m,andan off- aligned with each of the other — 1 structures. The
spring individual is constructed by combining the m — 1 pairwise alignments thus obtained are then
sub-matrices consisting, respectively, of the rowsmerged by using the nodes of the center as pivot el-
{ri—1 + 1...r;} from thei-th parent individual ements. As the quality of a MGA derived in this
(wherery = 0 andr, = m by definition). Simply  way critically depends on the choice of a suitable
stitching together complete sub-matrices is not pos<center structure, one often tries every structure as a
sible, however, since the nodes are not ordered in &enter. In this case, all possible pairwise alignments
uniform way. Therefore, the ordering of the first are needed, which means that our evolutionary al-
sub-matrix is used as a reference, i.e., the elementgorithm must be calleg (m? — m) times.

of the first row serve as pivot elements. General . . : .-
As star-alignment is again a purely heuristic ag-

experience has shown that recombination increases : o ey -

. gregation procedure, the gain in efficiency is likely
the speed of convergence, and this was also con? . . ) .
: : . to come along with a decrease in solution quality,
firmed by our experiments (see Section 4).

compared with the original EA algorithm. This is
The mutation operator selects one row and twonot necessarily the case, however. In fact, a decom-
columns at random and swaps the entries in the corposition essentially produces two opposite effects,
responding cells. To enable large mutation stepsa positive one due to a simplification of the prob-
we have tried to repeat this procedure multiplelem and, thereby, a reduction of the search space,
times for each individual. As the optimal number and a negative one due to a potentially suboptimal
of repetitions was unknown in the design phase ofaggregation of the partial solutions. For a concrete
the algorithm, it was specified as a strategy compo{roblem, it is not clear in advance which among
nent adjusted by a self-adaptation mecharlisn  these two effects will prevail.

To adapt the length of an MGA (number of columns

in the matrix scheme), it is checked in randomly 4 Experimental Results

chosen intervals whether further dummy columns

are needed or existing ones have become unnecedhis section presents two experimental studies. The
sary. Three cases can occur: (i) There exists exactlpurpose of the first study was to optimize our evolu-
one dummy column, which means that the currenttionary algorithms by means of a proper adjustment
length is still optimal. (ii) There is more than one Of its exogenous parameters, which have a strong
dummy column: Apparently, a number of dummy influence on performance and runtime. In our case,
columns are obsolete and can be removed, retaining’€ following parameters are concerned:

only a single one. (iii) There is no dummy column
left: The dummy column has been “consumed” by
mapping dummies to real nodes. Therefore, a new
dummy column has to be inserted. e selfadaption andrecombination, which
can assume value®n, off}, and allow the
automatic step size control and the recombi-
nation operator to be enabled or disabled, re-
spectively;

e the population size; and the selective pres-
surev;

3.1 Combining Evolutionary
Optimization and Pairwise

Decomposition _ .
e initial stepsize, which defines the initial

As mentioned above, the search space of a MGA  step size for the mutation; if the automatic step

problem grows exponentially with the number of size control is disabled, this parameter is ig-

graphs. Moreover, the evaluation time of the fit- nored and a constant step size of 1 is used for
ness function grows quadratically with the number the mutation.



In the second study, we used our algorithms to anauseful and should therefore be enabled.

lyze two data sets with different characteristics, the

first consisting of a set of small molecules (benza-4.2 Mining Molecular Fragment Data

midine) and the second of a set of protein bind- ] )

ing sites (thermolisin). For comparison purpose,AS & first proof-of-concept for the algorithms pre-
we also included a simple hill-climbing strategy, sented |n' the previous section, we analyzed a data
namely a(1 + 1)-EA. set consisting o87 compounds that belong to a
series of selective thrombin inhibitors and were
taken from a 3D-QSAR studj7]. The data set

i is suitable for conducting experiments in a system-
Algorithm atic way, as it is quite homogeneous and relatively
small (the graph descriptors contain 47—100 nodes,
where each node corresponds to an atom). More-

. . . over, as the 87 compounds all share a common
To this end, we have experimented with gezjuen- core fragment (which is distributed over two dif-

tial parameter optimization toolbofSPOT)[2] that ferent regions with a variety of substituents), the

enables a quasi-automatic adjustment of exogenouaata set contains a clear and unambiguous target

parameters. The standard parametrization by BaCkattern From this data set. 100 subsets of 2. 4. 8
[3] gives a first idea of a useful range. We haveP ' ’ T

and 16 compounds have been selected at random,
chosen a range between 1 and 50 for the popula-
: . and for each subset, a MGA has been calculated
tion sizep and a range between 1 and 20 for the

. . ) using the greedy heuristic (Greedy), our evolution-

selective pressure. Forinitial stepsize, we - . - L

ary algorithm with optimized parametrization (EA),
allowed values between 1 alédx n. ) S . .

and in combination with a star-alignment procedure
Test problems were produced by generating a(EA®).
random graph first, and replicating this graph (v'vith Before performing these experiments, we have
renumbered podesal — 1times afterward. Obv_" compared the optimized EA with a simple hill-
ously, the optimal solution of a problem of that kind climbing strategy, namely @ + 1)-EA. To ensure

IS a perf_ect match of thege graphs; we qu|f|ed a fair comparison, each search strategy was allowed
the scoring system (by a linear transformation) sucha fixed number of fithess function evaluations. The

that the score of this solution is 0. SPOT generates g its indicate, that thel + 1)-EA performs very

a sequence of design points in the parameter Spacﬁoorly in comparison with EA.

with the goal to minimize the number of required

function evaluations for reaching a fitness of zero. The results of the main experiment, comparing
The experiments were conducted for alignmentthe two EA-variants with the greedy strategy, are

problems of sizen € {2,4,8,16} which, however, shown in Fig. 3. As a measure of comparison,
all y|e|ded similar results. According to these we derived the relative improvement of the fitness

4.1 Speeding up the Evolutionary

The main goal of this study was to reduce the run-
time of the EA without sacrificing solution quality.

results, the parameter configuratipn= 4, =  value, defined as
20, selfadaption = off, recombination = on fitness(EA)— fitness(Greedy) @
andinitial stepsize = 21 seems to be well- min{|fitness(EA), [fitness(Greedy}

suited for the problem. As can be seen, a smallwe obtain a value of zero if both methods construct
value for the population size (only large enough an alignment with the same score. The relative im-
to enable recombination) is enough, probablyprovement is positive, if the EA solution yields a

due to the fact that local optima do not causehigher score than the Greedy solution (e.g. a rela-
a severe problem. On the other hand, as thaive improvement of one would mean an increase in

search space is extremely large, a high selectivecore by a factor of two), else it is negative.

pressure is necessary to create offsprings WithTh it f. tations: Both EA vari
improved fitness. The self-adaptation mechanism € resulls contirm our expectations. Both EA varl-
nts outperform the Greedy significantly with re-

is disabled and, hence, the mutation rate is set té& : .
one (only two cells are swapped by mutation). ThiSSpe_Ct to alignment quality. In general, the full EA-
appears reasonable, as most swaps do not yielkﬁarlants also perform better than EA

an improvement and instead may even produce & he runtimes, shown in Fig. 3, confirm that EA pro-
deterioration, especially during the final phase ofduces better results. The smallest runtime among
the optimization. Thus, an improvement obtainedall alternatives is still produced by the greedy strat-
by swapping two cells is likely to be annulled by egy, albeit at the cost of a lower quality. A
a second swap in the same individual. Finally, ourgood compromise between solution quality and ef-
experiments suggest that a recombination is venficiency is achieved by EA as the runtime is much



better than the EA runtime, especially for a higher enzyme family and, therefore, should share evolu-
number of graphs.
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Figure 3: Mean and standard deviation of runtime and
relative improvement as a function of the number of

graphs.

Regarding the aforementioned benzamidine core
fragment, which consists df5 atoms {1 hydro-
gens), it turned out that it was fully conserved,
throughout all experiments, in all the solutions pro-
duces by our EA. In fact the EA was able to re-
trieve much more structure especially for closer re-
lated derivatives. For the greedy strategy, the corre-
sponding degree of conservation was significantly 15

smaller.

EA EA* EA EA*

EA EA*

EA EA*

4.3 Mining Protein Binding Pockets

As our main interest concerns the characterizatior
of protein binding pockets, we subsequently exam-
ined the performance of our algorithms on a seconc
data set consisting of 74 structures derived from the 0

tionary related, highly conserved substructures. On
the other hand, with binding pockets ranging from
about 30 to 90 pseudocenters, the data set is also
diverse enough to present a real challenge for graph
matching techniques.

Again, 100 graph alignments of size 2, 4, 8, 16 and
32 were produced, respectively, for randomly cho-
sen structures, and the results are summarized in
Fig. 4. The improvements achieved by the EA are
not as high as in the previous experiment. This is
possibly due to the high diversity of the protein cav-
ities. For the benzamidine derivatives a common
core fragment was present in all molecules. Given
that the greedy solution is sub-optimal one can be
sure that the EA can always improve the score by
identifying more common structure. For the ther-
molysin cavities, it is hot known a priori if a com-
mon structure exists, as not all cavities are binding
pockets for the same type of ligand. If we com-
pare cavities that are completely dissimilar, the EA
solution might not yield a much higher score since
there is simply not much to optimize. That being
said, the EA solutions are still significantly better
than the greedy solutions, as shown in Fig. 4.
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tein binding pocket belonging to the protein family

of thermolysine, bacterial proteases frequently used (b) Relative improvements as defined in (2)

in structural protein analysis and annotated with

the E.C. number 3.4.24.27 in the ENZYME clas- Figure 4: Mean and standard deviation of runtime and

sification database. The data set is suited for ou .
purpose, as all binding pockets belong to the sameq

r

relative improvement as a function of the number of
aphs.
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