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Abstract

Graphs are often used to describe and analyze the
geometry and physicochemical composition of
biomolecular structures, such as chemical com-
pounds and protein active sites. A key problem
in graph-based structure analysis is to define a
measure of similarity that enables a meaningful
comparison of such structures. In this regard, so-
called kernel functions have recently attracted a
lot of attention, especially since they allow for
the application of a rich repertoire of methods
from the field of kernel-based machine learning.
Most of the existing kernel functions on graph
structures, however, have been designed for the
case of unlabeled and/or unweighted graphs.
Since proteins are often more naturally and more
exactly represented in terms of node-labeled and
edge-weighted graphs, we propose correspond-
ing extensions of existing graph kernels. More-
over, we propose an instance of the substructure
fingerprint kernel suitable for the analysis of pro-
tein binding sites. The performance of these ker-
nels is investigated by means of an experimental
study in which graph kernels are used as similar-
ity measures in the context of classification.

Introduction

we resort to a graph representation which is able to cap-
ture the most important geometrical and physicochemical
properties of a binding site.

For a long time, graphs have been used in chemoinfor-
matics for the modeling of chemical compounds [Bunke
and Jiang, 2000]. In bioinformatics, they are becoming
more and more important, too, due to their general versa-
tility in modeling complex structures such as proteins or
interaction networks [Berg andéssig, 2004]. It is hence
not surprising that a number of methods has been devel-
oped for comparing graphs representing protein structures
(e.g. [Jamboret al, 2003; Weskamget al, 2007; Fober
et al, 2009]), and for computing related similarity mea-
sures, for example based the concepts of maximum (min-
imum) common subgraph (supergraph) [Raymetdl,,
2002; Raymond and Willett, 2002] or graph edit distance
[Neuhaus and Bunke, 2007].

In this context, so-calledernel functiong(on graphs)
have attracted increasing attention in recent yeaéstf@r,
2003]. Here, the term ‘kernel’ refers to a class of func-
tions that fulfill certain mathematical properties and can
typically be interpreted as similarity measures. These-<fun
tions are especially attractive as they can be used as a ‘plug
in’ for every kernel-based machine learning method. In
other words, as soon as a kernel function has been defined
on a certain class of objects, the related domain becomes
amenable to these methods.

The random walk kernel [&tner, 2003] and the shortest
path kernel [Borgwardt, 2007] are among the most promi-

The functional analysis of proteins is a key research probnent graph kernels that have been used in the fields of bio-
lem in the life sciences and a main prerequisite for resolvor chemoinformatics. However, as they have originally
ing the proteome and interactome of living cells, tissuesheen defined for unweighted graphs, they are not imme-
and organisms. Since improved technology has led to adiately applicable to the case of graphs modeling protein
increased number of known protein structures, structurebinding sites. In fact, as will be explained in more detail
based prediction of protein function has now become an Section 2, binding sites are more naturally modeled in
viable alternative to classical sequence-based predictioterms of graphs with node labels and edge weights, and
methods. In fact, structure-based approaches complemeatrepresentation ignoring labels and weights would come
sequence-based methods in a reasonable way, as it is wedllong with an unacceptable loss of information. In Sec-
known that functional similarity does not necessarily cometion 3, we therefore extend the aforementioned kernel func-
along with sequence similarity [Gibrat al., 1996]. tions to the case of node-labeled and edge-weighted graphs.
Prediction of protein function can be seen as a classifiBesides, we make use of teabstructure fingerprint repre-
cation problem. In machine learning, a large repertoire ofsentation[Fechneret al., 2006] to define a class of kernels
classification methods has been developed, most of theifior protein binding sites. An experimental comparison of
relying, in one way or the other, on a kind of similarity mea- these graph kernels will be presented in Section 4 and dis-
sure between the objects to be classified. What is neededyssed in Section 5.
therefore, is a measure of similarity between protein struc
tures. More specifically, our focus in this paper will be on 2 Modeling Protein Binding Sites
the special case gifrotein binding siteslerived from crys-

tal structures. To model such structures in a formal way,Jo model protein binding sites as graphs, we build upon
CavBase [Schmitet al,, 2001, 2002], a database devel-

*These authors contributed equally to the work. oped for the purpose of identifying and extracting putative



protein binding sites from structural data deposited in theor such substructures, the definition of adequate sirtylari
protein database (PDB) [Bermaat al, 2000]. CavBase measures is less difficult and, hopefully, the computation
detects putative binding sites as cavities on the surface ahore efficient. Therefore, graph kernels often belong to
proteins by using the LIGSITE algorithm [Hendlieh al,, the class ofR-convolution kernejsa special type of ker-
1997]. The geometry of a protein binding site is inter- nel especially suitable for composite objects in a discrete
nally represented by a set pSeudocenterspatial points  space. Generally, an R-convolution kerkelG x G — R
that represent the physico-chemical properties of a surean be expressed in the following from:

face patch within the binding site. Currently, CavBase N ,
uses seven types of pseudocenters (donor, acceptor, donor- kG, G) = Z Z k(9.9 (D)
acceptor, pi, aromatic, aliphatic and metal) that accoont f gERTI(G) g'€RTI(G")

different types of possible interactions between residiies where R~!(G) denotes a decomposition 6f into sub-
the binding site and the substrate of the protein. Thesetructures, and is a kernel defined on such substructures.
pseudocenters are derived from the amino acid composin the following, we consider specific instances of (1).

tion of the binding site.

As a natural way to model such structures, we make us8-1 Random Walk Kernels
of node-labeled and edge-weighted graphs. Nodes corr&iRandom walk kernels were introduced ingter, 2003]
spond to pseudocenters and are thus labeled with the psefor unweighted graphs. Roughly speaking, they decom-
docenter type. On average, a graph representation of gose a graph into sequences of nodes generated by random
binding pocket has around 100 nodes, though graphs witlvalks, and count the number of identical random walks that
several hundred nodes and some extremes with thousandan be found in two graphs. Thus, the random walk ker-
of nodes do exist. nel is an R-convolution kernels with substructures given by

Edges are weighted by the Euclidean distance betweepaths. In the following, we present an extension of these
the pseudocenters and thus capture the geometry of thernels to the case of edge-weighted graphs.
binding site. To reduce the complexity of the representatio  Interestingly, to compute a graph kernel, it is not neces-
and increase algorithmic efficiency, we use an approximatsary to sample random walks. Instead, one can exploit an
representation in which edges exceeding a certain lengtimportant property of the adjacency matrixof a graphG,
are ignored,; in this regard, a threshold of 11 Angstthas  namely thafA"|; ; is the number of paths of lengthfrom
proved to be a reasonable choice [Foeeal, 2009]. De- nodei to nodej; here, A™ denotes thei-th power of A.
spite this approximation, our representation will produceLet Gy = G x G’ be the product graph of the grapts
graphs that are rather dense, as approximatepercentof andG’, where the node and the edge setgf are defined
all pairs of nodes are connected by an edge. Consequentlgs follows:
the graphs have a large number of cycles. Indeed, a cycle _ AN ' / N — ’
free representation will normally not be able to reproduce Ve = Al lveVov; e V5 Iv(v) = lv(vj) )
the geometry of a binding site in an accurate way. As will . / /
be seen later on, this property leads to problems for certainEX = 1 ((Ui’vj)’ (v, v1)) € Vi x Vi
types of kernel functions. | e (vi, vk) — le (v, v)|| <€}

Formally, a node-labeled and edge-weighted graph Wi'%ince A"1. - now corresponds to the number of equal
be denoted byr = (V. I, lv, L;), whereV"is afinite set of paths [ofxl]elﬁgthn from n(?dei to nodej that occur i?1
nodes and” ¢ V x V' asetof edges. Moreovéys : V- — & qq \ell as inc, the product graplG', allows one
Ly is a function that maps each node to one among a finitg, o \cylatek (G, ') by performing simple matrix-oper-
set .Of Iabels_CV. Likewise,lp : £ — R, iIsamapping that ations. The requirement that node labels and edge weights
assigns weights to edges. We define the size of a graph {l, e 1 match along two paths is implicitly encoded in
terms of its number of node¥’|. The adjacency matrix of - 0 gefinition of the product graph (namely by the restric-

a graphG will be denoted byA. ; ; ; N o— ’ i
We note that, since our edges are undirected, it woultilqOn to node pairs witfy (v;) ZV(UJ) and edges with

. v;,v;) — lp(vk, v;)|| < €); this idea was already used
be more correct to use a subset instead of a tuple represe (i, ;) — lp(vk, v < €); this ;
tation. For convenience, however, we stick to the simplelby [Borgwardtet al, 2005], albeit only for discrete edge

: ; i ; labels. The similarity of the graph@ andG’, considering
tuple notation, with the implicit understanding tltat v) € e X
E implies (v, u) € E andly ((u,v)) = Lp((v, ). all equal paths of length 1 tso, is finally given by

Vx| T oo
3 Kernels for Node-Labeled and krw (GG =Y [Z A - AR
Edge-Weighted Graphs hi=1 Lk=0 irj
. : here)\; is a shrink factor that guarantees convergence of
Let G be a set of objects, in our case graphgj A G — R w k . \ :
mappingk is called kernel if it is symmetric and positive the series. For certain choicesfthe above series can be

i isk(p. 1) — . calculated in a simple way. Choosing = A\* = (1/a)*,
definite, that isk(z, y) = k(y, ) forallz,y € G and with a > max,cv, {degre¢v)}, leads to the geometrical

; )

m series, and (2) reduces to
Z CiCjk(l'i,l'j) 2 0 Vi
b=t baw,.. (G, G) =D [(T=A-4)71, . ()
forallm e N, {c1,...,en} CR,and{zy,...,2,,} CG. ij=1 '

A generic way to define similarity measures for complex _ gk h il seri d
objects, such as graphs, is to use decomposition techniquesh©0SiNg\. = 7 leads to the exponential series and to
that is, to decompose a complex object into a set of simple Vx|
substructures of a specific type, and to reduce the compar- krw,,,(G,G') = Z [eﬁ-Ax]

ison to the level of these substructures. The idea is that, b

ij=1



Since the product graph is of quadratic size and matrixsequence analysis can be used. A well-known approach
inversion has cubic complexity, the complexity of the ran-based on the Levenshtein distance [Levenshtein, 1966] and

dom walk kernel iO(M°®), with M = max{|V|, |[V'|}. dynamic programming has a runtindql4 - I ), wherel 4
and /g is the length of spsd or B, respectively. When
3.2 Shortest Path Kernels using appropriate scoring parameters like 1 for a match and

The random walk kernel considers an extremely large num@ for a mismatch and for introducing a gap, this approach
ber of substructures (paths). Intuitively, this may notyonl leads to a metric and therefore directly to a kernel.
come with a high computational complexity but also pro- To comply with the requirements of our application,
duce a certain redundancy. To reduce the number of sulihe original dynamic programming approach to sequence
structures, Borgwardt [Borgwardt and Kriegel, 2005] pro-alignment was modified as follows. First, recall that our
posed to consider only the shortest paths between tweps involve two types of “symbols”, namely node labels
nodes, an idea which leads to the shortest path kerneénd edge weights. To ensure that the former are not aligned
Again, we propose an extension of this kernel to the casith the latter, which is obviously not reasonable, the cost
of edge-weighted graphs. for an assignment of this type was set to negative infinity.
For two nodes;, v; € G, letsp(v;, v;) denote the length  Second, note that long paths including many nodes repre-
of the shortest path (sum of edge weights on the path) besent more of the structure of a graph than paths of short

tween these nodes, and let length. Therefore, we normalize each score (similarity be-
tween two shortest paths) by dividing it by the length of
SP(vi,v5) = ({lv(vi), v (v5)}, sp(vis v5)) - the overall longest sps. This leads to an over-weighting of

Thus, a path is represented by its length and the labels dPnger sequences since longer sequences are more likely
the start and the end node (while the node labels in-betwed® have higher scores than shorter sequences. In fact, we
are ignored). A simple kernel on substructures of this typeadain obtain a measure with values between 0 and 1, which

is the identity (Dirac kernel): is used in (5) instead of (4). _
In terms of runtime, the above extension of the shortest
Kpath (S P (vi, v;), SP(vr,vr)) (4)  path kernel is of course very expensive. Again, we have
1 if SP(v;,v;) = SP to determine all shortest path, which can be done in time
= {0 Ielge (vi, v3) = SP(vg, vi) O(M?3). As explained above, the similarity between these

paths is then measured using dynamic programming. Since

Since testing equality is of course not reasonable for realthe length of the sequences@¥ M), and since there are
valued edge lengths, we assume these lengths to be di€X(A*) sequences in both graphs, the total complexity for

cretized (into bins of length = 1). the2 pairwise gomparison of all sps@ M *) +O(M?-M?
Now, we can define the generalized shortest path kernel! ) = O(M°®).
as follows: 3.3 Fingerprint Kernels
ksp(G,G') = (5) A very simple type of kernel, which has nevertheless been
1 applied successfully for learning on structured data ssch a
C Z Z Fparh (SP (i, v5), SP(vk, v1)) molecular structures [Fechneral, 2006], is based on the
Vi,V €V v, v €V idea of mapping a structured object to a fingerprint vec-

whereC — i(|V|2 —V])- (V'] — |V']) is a normalizing EF)r Qf f:i<ed Ier;]gth tanq (:t(r)](nparir;g ;hc;zse vecLorstatlrf]terward.
factor that guaranteds< ksp(G,G') < 1. ypically, each entry in this vector informs about the pres-

To analyze the complexity of the shortest path kernel €NCe O absence of a spec.|f|c substructure (pattern).
assumeV| = [V'| = M. The computation of all shortest . " OUr case, we consider as substructures all non-
paths can be done using the Floyd-Warshall [Floyd, 1962E°F“9rph'c graphs of size 3. Assumingistinct node and
algorithm in timeO(M?). The results are stored in a short- distinct edge labels, there exist
est path matrix, in which the entry at positiéi) j) gives n\ k41 k42
the cost of the shortest path from nade node;. We con- n,k) = ( > k*+n(n—1)-k- ( ) tn- < 3 )
sider in a pairwise way all paths in both shortest path matri-
ces and compare them usirg,;, which needs timé(1). substructures of this type, which can be verified by means
Since there aréd/* comparisons to perform, the shortest of a case distinction: (i) All three node labels are distinct
path kernel needs tim@(M*). There arg};) possibilities to choose 3 distinct labels from a

Representing a path only by its length and the labelsset ofn labels. Moreover, since edges are ordered uniquely
of the start and end nodes and, correspondingly, using thie this case, there exigf® possibilities for the edge labels.
Dirac kernel (4) for comparison does obviously come along(ii) Two node labels are equal and different from the third:
with a considerable loss of information. To investigate There aren(n — 1) possibilities to choose the two labels,
whether performance can be improved by taking the labelsne for the identically labeled nodes and one for the other.
of intermediate nodes into account, we developed anothekssuming an arbitrary ordering on the nodes and edges,
extension of the shortest path kernel. More specifically, wean isomorphism can switch the equally labeled nodes so
replaced the simple 0/1 measure (4) by a measure whicthat the ordering of two edges will change, too. To map
compares the complete shortest paths sequence (sps). iB@morphic graphs uniquely, we sort the edges, which leads

this end, an spévy,ve, ..., v;) is represented in the form to onlyk- (’“2“1) possible edge combinations. (iii) All nodes

of a sequence have identical label: An isomorphism can reorder all nodes
! ! ! I ! in this case. Therefore, to obtain a unique representation
(v (v1),Ip(v1,v2), by (v2), - LB (Vn-1,vn), by (0n)) of the possible graphs, all edges must be sorted according

in which node labels and (discretized) edge lengths occuto their label. Thus, there are possible node labels and
alternately. To compare such sps, standard methods fronﬁ“f) edge combinations.



For a graphz, let wherey;; = r.()x3;),» 93 is the set of all permutation

fo = (GDt1,G Dtar.... G Dtngn) € {0,1}¥0H) {1,2,3} — {1,2,3}, andM (n) is true if

where {t1,...,tn(mk } is the set of all non-isomorphic (a1 = br(1)) A (a2 = brz)) A (a3 = br(3))
subgraphs of size 3, numbered in an arbitrary but fixed oryng false otherwise. Likewise, the degree to whids
der. The predicaté’ J ¢; tests whethet; is contained i yresent in the grap is then given by
G and, by convention, returns 1 if it evaluatestioie and
0 otherwise. To compare two graphisand G’ in terms
of their respective fingerprint vectoys; and f¢-, different
kernels can be used. The simplest approach is to look fofshere the maximum is taken over all subgraphs of size 3
the Hamming distance of the two vectors, which leads to in G. This value defines the entry for the patterim the
N(n,k) (fuzzy) fingerprint vectoff] of G.

In the non-fuzzy approach, the search for a pattem
a graphG can be stopped as soon as the pattern has been
found. Here, this is no longer possible, since the maximum
where[f¢]; denotes the-th entry in the vectoff, andks  (8) has to be determined. To accelerate the calculation of
is the Dirac kernel (i.e.5(z,y) = 1if 2 = yand= 0 this maximum, we make use of a canonical form describing

if z # y). As a potential disadvantage of this approach,graphs of size 3. To this end, we distinguish three cases:
note that it does not only reward the co-occurrence of a

substructure in both graphs, but also the simultaneous ab-
sence: If the-th pattern neither occurs & nor inG’, then
ks([fclis [fer]i) = ks(0,0) = 1, which may not be desir-
able. An alternative measure avoiding this problem is the e Two nodes have an identical label. The canonical
well-known Jaccard coefficient: form starts with the node label that appears once in

N(nk) . the graph followed by the label that appears twice, the
Z]i\f(l 5 min([fli, [farli) @ edge weight between the nodes with the same label,
i max([feli [ferli)

and finally the remaining two edge weights in increas-
Our current implementation of the fingerprint approach is ing order.
a naive one, in which testing the presence of a substruc- e All nodes have different labels. The canonical form is

(G 2] = max [t ~ 5], ®)

1

kFPH(G,G/):m Z ws([falis [farls) , (6)

e All node labels are equal. In this case, the canonical
form is given by the node label followed by the edge
lengths in increasing order.

krps(G,G') =

ture in a graphG' has complexityO(M?3), with M = |V|
the number of nodes it/. Thus, the overall complexity
of computingk(G,G’) is O(N(n, k) - M3), with M =

then defined by the three occurring labels, sorted in a
lexicographic order, the edge length between the first
and the second, the second and the third, and finally

max(|V|,|V’|). However, we can utilize the fact that we

the first and the third node.
can abort t.he search for a substructure as soon as we haveAII three cases are illustrated by an example in Fig. 3.4,
found the first occurence.

We denote the set of all canonical forms¥yThe above
3.4 Kernels based on Fuzzy Fingerprints representation enables the definition of a bijective fumcti

. o . X —{1,...,N(n,k)} C Nassigning a unique number
The discretization of edge weights needed for the previ tg each each form and, therefore, subgraph of size 3. Using
i

ous approach can be criticized for several reasons. Son} . ; . .
X " s mapping, the calculation of the fingerprint vector for a
of the disadvantages, notably the abrupt transition betwee . -
g y P IiF\th = (V, E) can be done in a more efficient way. In-

the presence and absence of a subgraph due to a very sm : " . X
change of an edge length, can be avoided by means c)f%tead of counting, for each entiyn the fingerprint vector,

fuzzydiscretization. A fuzzy partition of a domail (in Sg\évg?;t&?ssgf gifzaepgi i%ppgg:seggr’] V;/Sbcgargsyls unga\tlseall
our caseR ) is defined by a f|n|tekfam|ly of fuzzy sub- perform the transformation to its canonical fosm(in time
Setsk, Fy, ..., Fi of X suchthab ’;_, Fi(x) > 0forall (1)) evaluate the functioi(s;) to determine the position
z € X; typically, one even requires th@fz1 Fi(x) =1  ofg;inthe fingerprint vector (in timé&(1)), and finally up-
for all z € X. Concretely, we shall use a fuzzy partition in date the entry at this position in the vector. Doing this for
which F; is defined by all (%) = O(M?) subgraphs of size 3 leads to a runtime of
Fy(z) = max{0,1 — |z — [} . O(M?) in comparison t@(M?)- N (n, k), whereN (n, k)
. is usually a large number (in our case 36,729).

Thus, F; can be interpreted as the fuzzy subset of numbers: The fingerprint vectors eventually obtained are “fuzzy”
approximately equal @' _ in the sense of having entries in the unit interjéall] in-

A patternt is now a graph of size 3 whose nodes arégieaq of being either 0 or 1. From a machine learning point
labeled as before, but whose edges are labeled with fuzzyt ey, this is interesting as it may increase discrimina-
numbers of the forn¥;. A subgraphS of a graphG; with 5y nower. To compare the vectors, we again use the ap-
real-valued edge lengths can be isomorphic to a pattern proach based on the Jaccard coefficient in (7), where we

to a certain degree. Let; be the label of thé-th node in g pqiitute the logical operators by a t-norm and t-conorm
S, andz;; the length of the edge between nadend node g P y ’

tively:
j. Likewise, letd; be the label of thé-th node int, and respectively
F;; the length of the edge between nadend nodej. The N(n.k) _ A
degree of isomorphism @fand S, denotedt ~ ], is then krep(G,G') = Zﬁ\f& k) el lic'):) :
given by Yz L[feli [farl)

For the experiments we usefl(a,b) = min(a,b) and
1(a,b) = max(a,b).

max

{ min{ F12(y12), F13(y13), Fas(ye3)} if M(m)
TES3 0

otherwise



Figure 1: The three possible cases that can occur: all ladetical, two labels identical and all labels unique.

4 Experimental Evaluation ity, we therefore utilized the ligand information availabl

In our experiments, we compared the graph kernels disi" these binding pockets, as these structures where all co-
cussed in the previous section, namely the random walf"yStallized with the corresponding ligand. Using the Kab-
kernel (RW) using (3) withu given by the maximum size sch algorithm [Kabsch, 1976], we calculated the root mean
of the graphs in the data set (plus 1), the shortest path kerngduared deviation (RMSD) between pairs of ligand struc-
(SP) and its extended version based on sequence alignmé}f€S and combined all proteins whose ligands yielded a
(SPSA), the fingerprint kernel based on (6) and (7), re- SD value below a threshold of 0.4, thus ensuring that
spectively (FPH and FPJ), and the fuzzy fingerprint-kernef€ ligands are roughly oriented in the same way. This
(FFP). Moreover, to get an idea of their absolute perfor-Value was chosen as a trade-off between data set size and

mance, we additionally included two state-of-the-art meth similarity. _E_ventually, we th_us _obtalned_ a two-class data
ods for comparing protein binding sites in terms of their S€t comprising 214 NADH-binding proteins and 141 ATP-
similarity. Both approaches are based on the concept of 2inding proteins.

graph alignmenthat has been introduced in [Weskaetp 4 Results

al., 2007]. The first method (GA) is the original algorithm . .

proposed in the same paper, which is based on a heurid"€ Performance of the different methods, using an SVM
tic (greedy) optimization strategy. The second metho LIBSVM.|_mpIementat|on) and a S|mplle.k-ne_arest neigh-
(GAVEO) makes use of evolutionary optimization tech- POr classifier ¢ = 1,3,5,7,9) for prediction, is summa-
niques to compute a graph alignment [Fobeal, 2009]. rized in Table_l. S_lnce all meth(_)ds obviously fulfill the
Both methods need a number of parameters, which we de&€Mel properties with the exception of GA and GAVEO,
fined as recommended in [Weskarmipal, 2007]. For the these methods can be used as precomputed kernel functions

kernel methods, we set the parametéolerance for edge (0" the LIBSVM package. _ .

length comparison) to 0.2. Table 2 shows the average time complexny (_)f the meth-
The assessment of a similarity measure for moleculaPdS: namely the time needed for a single pairwise com-

structures, such as protein binding sites, is clearly a nonP/ison of two structures. These numbers have been de-

trivial problem. In particular, since the concept of simila (€mined by averaging over 1000 comparisons with ran-

ity by itself is rather vague and subjective, it is difficwst t doMly chosen structures. FER.. gives the runtime of

evaluate corresponding measures in an objective way. TB'€ fuzzy-fingerprint kernel that uses the index-functien d

circumvent this problem, we propose to evaluate similar-ScriPed above. Note the significant improvement regarding

ity measures in an indirect way, namely by means of thejfuntime in comparison to the fuzzy-fingerprint kernel with-

performance in the context of nearest neighbor (NN) classioUt the index function.

fication. The underlying idea is that, the better a simyarit . . .

measure is, the betfer he predictive performance we expe& Discussion and Conclusion

from an NN classifier using this measure for determiningThe results convey are relatively clear picture: The finger-

similar cases. print kernels perform best, the random walk and shortest
path kernel worst, and the graph alignment methods are
4.1 Data in-between. The overall best results are achieved by the

We selected two classes of binding sites that bind to NADHJaccard-variant of the fuzzy fingerprint kernel. In terms of
or ATP, respectively. This gives rise to a binary classifica-efficiency, the fingerprint kernels are superior, too. Thus,
tion problem: Given a protein binding site, predict whetherthis type of kernel is clearly of high interest in the context
it binds NADH or ATP. More concretely, we compiled a set of comparing protein binding sites.

of 355 protein binding pockets representing two classes of The poor performance of the random walk and shortest
proteins that share, respectively, ATP and NADH as a copath kernels is a bit astonishing at first sight. Our extensio
factor. To this end, we used CavBase to retrieve all knowrof the shortest path kernel based on sequence comparison
ATP and NADH binding pockets that were co-crystallized yield some improvement when using SVM as a classifier,
with the respective ligand. Subsequently, we reduced théhough it is still not competitive with the fingerprint ker-
set to one cavity per protein, thus representing the enrnels. The failing of these types of kernel can possibly be
zymes by a single binding pocket. As protein ligands adopattributed to their characteristics as R-convolution késn
different conformations due to their structural flexilyilit In general, the ‘all-against-all’ comparison of substuies

it is likely that the ligands in our data set are bound inperformed by kernels of this type appears to be problem-
completely different conformations, hence the correspondatic for large graphs or, more generally, for diverse olgject
ing binding pockets do not necessarily share much struceonsisting of many substructures. It leads to a kind of av-
tural similarity. To ensure a minimum level of similar- eraging effect, and indeed, we observed that the entries in



Table 1: Classification rates of an SVM and a k-nearest-teigtlassifier in a leave-one-out cross validation usinfgdif
ent values ok and different similarity measures: random walk kernel (Retiprtest path kernel (SP), shortest path kernel
based on sequence alignment (SPSA), fingerprint kernel (FPB), fuzzy fingerprint kernel (FFP), and graph alignment
(GA, GAVEO).

method RW SP  SPSA FPH FPJ FFP GA GAVEO
SVM 0.606 0.625 0.707 0.916 0.907 0916 — —

0.597 0.606 0.620 0.828 0.842 0.879 0.766  0.789
0.597 0.628 0.546 0.839 0.882 0.887 0.718 0.766
0.597 0.634 0.552 0.839 0.873 0.887 0.724 0.780
0.608 0.625 0.566 0.819 0.859 0.854 0.718 0.786
0.608 0.634 0597 0.814 0.836 0.839 0.713 0.766

XXX X~X
[T T
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Table 2: Average runtime and standard deviation (in sedasfdbe different methods for a single pairwise comparison.
method RW SP SPSA FP
runtime  65.51 £89.07  9.75+97.77  574.43 £4089.70 2.05 £ 3.66

method FFP FFRcx GA GAVEO
runtime 53.99 £ 121.01 17.90£66.34 121.74 & 418.02 > 5 min

our kernel matrix are all very similar. Moreover, in the ran- K. M. Borgwardt. Graph Kernels PhD thesis, Ludwig-
dom walk kernel, nodes and edges can appear more than Maximilians-Universiat Miinchen, Germany, 2007.

once in a random walk, a problem knowntaiering This  Horst Bunke and Xiaoyi Jiang. Graph matching and simi-
problem becomes especially severe in the presence of many |arity. Intelligent systems and interfageks:281 — 304,
cycles within a graph, a property which, as mentioned ear- 5.

lier, our graph descriptors of protein binding sites wil in . - )
evitably exhibit. The shortest path kernel avoids totigrin - Féchner, G. Hinseimann, and A. Zell. Implicitly defined
but has another problem knownlaiting: As it only looks substructure fingerprints for support vector machines. In
at shortest paths, it tends to be dominated by a large num- German Conference on Chemoinformatiz806.

ber of paths with very few nodes. As we consider graphR. W. Floyd. Algorithm 97: Shortest pathCommunica-
representing geometric constraints within a binding pgcke  tions of the ACM5(6):345, 1962.

this is likely to result in a loss of information. Thomas Fober, Marco Mernberger, Gerhard Klebe, and
The strong performance of the fingerprint kernel sug- Eyke Hillermeier. Evolutionary construction of mul-

gests to elaborate on this approach in more detail. In fact, tiple graph alignments for the structural analysis of

the approach presented in this paper is rather simple and phjomoleculesBioinformatics 2009.

;:han be %xtendhed "]? d_|ffe;ent_w€ty§. Fwst,zubsguctureﬁ]oth Thomas Gurtner. A survey of kernels for structured data.
an subgraphs of size 3 might be considered, even though g~ kp Explorations5(1):49 — 58, 2003.

our experience so far has shown that this class of patterns ) ) o o

is able to capture considerable information while stilifgei  J- F- Gibrat, T. Madej, and S. H. Bryant. Surprising similar-

manageable in terms of complexity. Second, the fingerprint 1ties in structure comparisorCurrent Opinion in Struc-

vectors could be constructed (and compared) in a more so- tural Biology, 6(3):377-385, 1996.

phisticated way. For example, instead of just indicatirgg th M. Hendlich, F. Rippmann, and G. Barnickel. LIGSITE:

presence or absence of a pattern, one may count its num- Automatic and efficient detection of potential small

ber of occurrences and then apply similarity measures for molecule-binding sites in proteindournal of Molecular

frequency vectors. Graphics and Modelling15:359-363, 1997.
M. Jambon, A. Imberty, G. Deleage, and C. Geourjon. A
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