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Abstract— We present a binary graph classifier (BGC) which
allows to classify large, unweighted, undirected graphs. This
classifier is based on a local decomposition of the graph for each
node in generalized trees. The obtained trees, forming the tree set
of the graph, are then pairwise compared by a generalized treesimilarity-algorithm (GTSA) and the resulting similarity scores
determine a characteristic similarity distribution of the graph.
Classification in this context is defined as mutual consistency
for all pure and mixed tree sets and their resulting similarity
distributions in a graph class. We demonstrate the application
of this method to an artificially generated data set and for data
from microarray experiments of cervical cancer.

I. I NTRODUCTION
The problem of graph similarity and the structural comparison of graphs is an interesting and important question in
many areas of science, e.g. biology [11] and chemistry [17].
Measures of distances between graphs [3] have been frequently
investigated. K ADEN [10] distinguished the following principles for the definition of distances between graphs (by):






a minimal number of changes
maximal matches
graph grammars
which definitions are based on different principles

Thereby many distances on graphs are based on isomorphic
relations and subgraph isomorphism [14], [20], respectively.
An example of such a graph distance is the well-known
Z ELINKA-distance [23]. The Z ELINKA-distance is based on
the principle that two graphs are more similar, the bigger
the common induced subgraph is. In other words, graphs
which have a large common induced subgraph have a small
distance and vice versa. Z ELINKA was the first to introduce
this measure for unlabeled graphs. S OBIK [18], [19] and
K ADEN [8], [9] generalised this measure for arbitrary (also
labeled) graphs of different order and proved that it is a metric.
K ADEN has obtained further similarity measures on graphs by
transforming the graphs by injective mapping. For example,
K ADEN [8] considered line graphs [1] and used the Z ELINKAdistance to compute the similarity of the transformed graphs.

Because the subgraph isomorphism problem is NP-complete
[20], the complexity of those measures is considered to be
unacceptable for practical use. Figure (I) shows the number
of isomorphism classes for undirected Graphs [7]. S HAPIRO
[16] introduced a well-known similarity metric for graphs
based on the corresponding adjacency matrices. Let the graphs
be G1 ; G2 and the corresponding adjacency matrices A1 ; A2 .
Permute the rows and the columns in the matrix A2 in such a
way that the matrix elements coincide with the matrix elements
of A1 as much as possible. Then, S HAPIRO defines the graph
distance between G1 ; G2 by the minimal number of dissenting
matrix elements and proves that it is a metric.
In addition, an important class of similarity measures based
on the edit distance of graphs has been investigated by [3],
[24], [25]. The edit distance is based on basic weighted transformation steps, like deletions, substitutions, and insertions of
vertices and edges. Since there is an infinite number of different possibilities for transforming G2 in G1 , the similarity of
the graphs is defined as the minimum cost of transformations.
Other approaches to inexact graph matching consider distances
between graphs on the basis of graph grammars [6]. These
methods are primarily interesting for theoretical aspects but
not for practical use, since the specific grammar is difficult to
obtain.
In this work we first introduce a similarity measure for a
special class of graphs: unlabeled, hierarchic, and directed
graphs which we call in the following generalized trees.
The main idea of this similarity measure is based on the
derivation of property strings for each generalized tree and
then to align the property stings representing the trees by
a dynamic programming [2] technique. From the resulting
alignment one obtains a value of the scoring function which is
minimized during the alignment process. The similarity of two
generalized trees will be expressed by a cumulation of local
similarity functions which weighs two types of alignments:
outdegree and indegree alignments on a generalized tree level.
In section (II) we will give a mathematical motivation of
the method. In section (III) we will explain the construction
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of the similarity measure in detail. We call this method the
generalized tree-similarity-algorithm (GTSA). In section (IV)
we will use the GTSA to define a binary graph classifier
(BGC) for undirected, unweighted graphs by decomposing a
graph locally in trees. In the results section (V) we present
first results by applying the BGC to two different data sets
consisting of graphs of the order 103 and 104 .
II. S TRUCTURAL A SPECTS

OF GENERALIZED TREES

In the introduction (I), we mentioned some known methods
in order to determine the similarity between graphs. But most
methods are not suitable for practical use, because the complexity is considered to be unacceptable for measuring graphs
of large order. A similarity measure between generalized trees
should have the following properties:






The similarity measure should be efficient in terms of
mass data
The formalization of the similarity measure should be
plausible
Losing of structure while measuring the similarity between two generalized trees should be as minimal as
possible
A weighting of specific structural properties (e.g., specific
edge relations) is desirable

In order to motivate our method we will now state the class of
generalized trees which has been introduced by M EHLER et
al. [13]. Furthermore we examine some properties of degree
sequences of these trees.

^ 1 and H
^ 2 with the same degree sequences.
Fig. 2. Two asymmetric trees H

Definition 2.1: Let be the vertex set

V^ := fv0;1 ; v1;1 ; v1;2 ; : : : ; v1;1 ; v2;1 ;
v2;2 ; : : : ; v2;2 ; : : : ; vh;1 ; vh;2 ; : : : ; vh;h g

Define h as the maximal length of a path from the root v0;1
to a leaf. vi;j denotes the j -th vertex on the i-th level, 0 
i  h; 1  j  i . i is maximal in the sense that there
is no other vertex sequence such that vi;1 ; vi;2 ; : : : ; vi;^i with
^i > i . The edge set (see Figure (1)) E^ is defined by [13]

 (E^1 ) Kernel edges: the kernel hierarchy is induced by the




Kernel edges. Kernel edges associate dominating nodes
with their immediately dominated successor nodes.
(E^2 ) Up edges associate analogously nodes of the kernel
hierarchy with one of their (dominating) predecessor
nodes.
(E^3 ) Down edges associate nodes of the kernel hierarchy
with one of their (dominated) successor nodes in terms
of that kernel hierarchy.
(E^4 ) Cross edges associate nodes of the kernel hierarchy,
none of which is an (immediate) predecessor of the other
in terms of the kernel hierarchy.

^ := (V^ ; E^ ); E^ := E^1 [ E^2 [ E^3 [ E^4 denotes the
Then H
unlabeled, hierarchic, and directed graph which we call a
generalized tree or just tree when no conflict occurs.
Definition 2.2: Let
tree.

H^ = (V^ ; E^ ); jV j < 1 be a generalized

N (v) := f~v 2 V^ nfvgj(v; v~) 2 E^ g
N (v) := f~u 2 V^ nfvgj(~u; v) 2 E^ g
Æout (v) := jN (v)j;
Æin (v) := jN (v)j:
N (v) and N (v) denotes the set of out-neighbors of v
^
and the set of in-neighbors of v , respectively. sout
j (H) 2
in
^
IN; 0  j  kout := maxv2V fÆout(v)g (or si (H) 2
IN; 0  i  kin := maxv2V fÆin (v)g) denotes the number
^ with outdegree j (or indegree i). The vector
of vertices of H
out
in ^
^
^ ; sout (H)
^ ; : : : ; sout
^
s (H) := (sout (H)
kout (H)) or s (H) :=
in
in
in
^
^
^
(s (H); s (H); : : : ; skin (H)) is called the outdegree (or
^.
indegree) sequence of H
+

+

+

0
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Now if we simply compare the outdegree and indegree
sequence of two trees which fulfill Definition (2.1), it is
evident that the concept of degree sequences is only restricted
applicable for matching our trees, because the outdegree and

indegree sequences includes only the number of vertices with
out/(in)degree j=(i). We provide now an example of two
generalized trees which are shown in Figure (2). Clearly, their
topology can not adequately described by the outdegree and
indegree vectors. By definition (2.2), the trees in figure (2)
^1) =
have the same outdegree and indegree sequences, sout (H
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(5; 0; 2; 1) = sout (H^ ) = (5; 0; 2; 1) ^ sin (H^ ) = (1; 7) =
sin (H^ ) = (1; 7): But they are not symmetrically located on
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Level induced outdegree and indegree sequences.
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the symmetry axis, indicated by the dashed lines. Therefore,
we see that degree sequences of the given graphs have no
influence on the embeddings of substructures in the tree.
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2
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If we consider degree sequences in terms of isomorphic
relations, we express the simple Proposition.

^ 1 and H^ 2 be generalized trees. If 
Proposition 2.3: Let H
^ 1 on H^ 2 , it holds for 1  i  jV^ j
is a graph isomorphism of H
Æout (vi ) = (Æout (vi ))

ShH^2

2
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:= vhH22; Æ vhH22; Æ    Æ vhH22; h2 ;
^

^

1

^

2

with respect to a cost function (we distinguish two types
of alignments: vertex-vertex, gap-vertex, vertex-gap). In order
to determine the optimal alignment between two generalized
trees, we define the sequences

and

Æin (vi ) = (Æin (vi )):
But from Proposition (2.3) we conclude immediately, that trees
which are isomorphic have the same outdegree and indegree
sequences. However, the reverse assertion is not always true.

III. C ONSTRUCTING

:= wH2 ;
:= vH; 2 Æ vH; 2 Æ    Æ vH;Æ2out w2H^ 2 ;

SIMILARITY MEASURES FOR

GENERALIZED TREE MATCHING

In section (II), we saw that degree sequences cannot describe the topology of a graph completely. Since we are
examining generalized trees, we will look, in the following, at
the outdegree and indegree sequences (on a level i), induced
by the vertex sequences vi;1 ; vi;2 ; : : : ; vi;i and their edge
relations in terms of definition (2.1), see Figure (3).

S1
S2

:= wH1 Æ vH; 1 Æ vH; 1 Æ    Æ vhH11;h1 ;
:= wH2 Æ vH; 2 Æ vH; 2 Æ    Æ vhH22;h2 ;
^
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where Sk [i℄ denotes the i-th position of the sequence Sk and
^1
^2
it holds S1 [n℄ = vhH1 ;h ; S2 [m℄ = vhH2 ;h ; IN 3 n; m 
1
2
1; Sk [1℄ = wkH^ k ; k 2 f1; 2g. Furthermore we state the
definition of the alignment graph.
Definition 3.1: Let VS1 ;S2 := f(i; j )j0  i  n; 0
j  mg, eDel := (i 1; j ) ! (i; j ); eIns := (i; j 1)
(i; j ); eSubst := (i 1; j 1) ! (i; j ).

8>e
><eDel :: ij 22 [1[1;;nm℄;℄;ffES ;S (e(eDel ))==[S[ [;iS℄; [j℄℄℄
:= >eIns : i 2 [1; n℄; j 2ES[1;S; m℄;Ins
>: Subst
1

ES1 ;S2


!

1

2

1

2

2

fES1 ;S2 (eSubst ) = [S1 [i℄; S2 [j ℄℄:
(i 1; j ) ! (i; j ) equals the deletion of S1 [i℄ in S1 , (i; j
Now, the more similar with respect to a cost function the
1)
! (i; j ) equals the insertion of S2 [j ℄ in S1 at the i-th
outdegree and indegree sequences on the levels i; 0  i  h
position, and (i 1; j 1) ! (i; j ) equals the substitution
are, the more similar is the common structure of the trees.
^k
^k
^ 1 be a given tree S1 [i℄ to S2 [j ℄.
Define wkH := v0H;1 ; k 2 f1; 2g; and let H
1
H^ ; 0  i  h1 ; 1  j  i (upper index on a level i) As an application, we consider the two trees H^ 1 ; H^ 2 repreand vi;j
sented as the sequences S1 := v0 Æ v1 and S2 := v1 Æ v0 Æ v1
^ 1 , analogous to (simplified
denotes the j -th vertex on the i-th level of H
notation). The corresponding alignment graph is
H^ 2 for H^ 2 . Then the problem of determining the structural
vi;j

^ 1 and
similarity between H
the optimal alignment of
1
S0H^
1
S H^
1
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is equivalent to determining
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shown in figure (4). From this figure we can read off (bold
edges) the alignment:

v0 v1
v1 v0 v1
;

With an edge labeling function fES1 ;S2 : ES1 ;S2 ! IR+ for
each possible aligned pair [a; b℄ a cost function ([a; b℄) 2 IR+
is assigned, where a; b are sequence entries of S1 and S2 or the
gap symbol ‘ ’. The algorithm with the complexity O(jV^1 j 

[- ,v0]

[v0 ,-]

[v0 ,-]
[v1 ,-]

[- ,v1]

Alignment graph of a sequence alignment.

jV^ j)

for finding the optimal alignment of the sequences
2
generates a matrix (M(i; j ))ij ; 0  i  n; 0  j  m. Now,
we find the optimal alignment on the basis of the following
recursive algorithm:

M(0; 0) := 0;
M(i; 0) := M(i 1; 0) + (S [i℄; ) : 1  i  n;
M(0; j ) := M(0; j 1) + ( ; S [j ℄) : 1  j  m;
1

2

8
><M(i 1; j ) + (S [i℄; )
M(i; j ) := min >M(i; j 1) + ( ; S [j ℄)
:M(i 1; j 1) + (S [i℄; S [j ℄)

and

1

2

1
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for 1  i  n; 1  j  m. In order to evaluate the alignments
on each level, we defined [4] the functions
out

and

=

out

(i; out ; out )
1

2

= in (i; in ; in );
kout ; kin 2 IR; k 2 f1; 2g in an natural way and constructed
a similarity measure d 2 [0; 1℄ (on the basis of these funcin

1

2

out ; in are two-parametric functions, which detect

tions).
the similarity of an outdegree and indegree alignment (on a
level i). Finally, if we assume a set of units U and a mapping
 : U  U ! [0,1], we called  a backward similarity
measure if it satisfies the conditions

(u; v) = (v; u); 8 u; v 2 U
and

d(H^ ; H^ ) :=
1

2

H^ ; H^ ; 0  i  ;
1

Q

(u; u)  (u; v); 8 u; v 2 U:

Now we state the key result which has been proven in [4] for
measuring the similarity for generalized trees.

2
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(3)

is a backward similarity measure, where f in is defined as

= f in (i; out ; out ; in ; in )
:=   out + (1  )  in ;  2 [0; 1℄:
^ ; H^ ) 2 [0; 1℄.
construction [4] we have d(H
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summary we note that the GTSA measures the similarity of
two generalized trees by applying the technique of sequence
alignments to outdegree and indegree sequences (on a level i).
These alignments have both global and local significance. On
the one hand, the sequence alignments will be implemented
in a global sense, to compute the optimal alignment between
the sequences S1 and S2 . On the other hand, the alignments
will be evaluated on the levels of the generalized trees by the
function f in . With regard to the next section we notice that
our GTSA is suitable for the comparison of large generalized
trees, because its complexity is enormously better then the
complexity of methods which deal with isomorphic relations.
IV. L OCAL

GRAPH DECOMPOSITION

In the preceding sections we introduced a method to measure the similarity between a pair of generalized trees. In
this section we extend this method to construct a binary
classifier for the classification of graphs. That means we
construct a method which allows us to decide if two graphs
are similar or not but gives us no information how similar
they are. The graphs we deal with in the following are
unlabeled, unweighted and undirected, hence, we simply call
them graphs or networks because no special assumptions on
these objects are necessary. The basic idea of this extention
is a local decomposition of a graph in generalized trees. This
decomposition and the construction of the binary classifier will
now be described in detail.
Definition 4.1: A graph G with N nodes can be locally
decomposed in a set of trees by the following algorithm:
Label all nodes from 1 to N . These labels form the label
set LS = f1; : : : ; N g. Choose a desired depth of the trees D.
Choose an arbitrary label from LS , e.g. i. The node with this
label is the root node of a tree.
1) Calculate the shortest distance from node i to all other
nodes in the graph G, e.g. by the algorithm of D IJKSTRA
[5].
2) The nodes with distance k are the nodes in the k ’th
level of the tree. Select all nodes of the graph up
to distance D, including the connections between the
nodes. Connections to nodes with distance > D are
deleted.
3) Delete the label i from the label set LS .

Definition 4.2 maps the question of graph similarity to the
similarity of distributions which can be answered much easier.
In this article we will not introduce and discuss similarity
measures for the comparison of distributions in depth for two
reasons. First, the numerical examples given below allow a
clear distinction between the obtained distributions without the
application of more sophisticated methods. Second, the focus
in this paper is on our novel method rather than on specialized
composite approaches which could shroud our main idea.
Definition 4.2 provides a natural way to define a binary
classifier for graphs.
Definition 4.3 (Binary graph classifier (BGC)): Two
graphs G1 and G2 belong to the same class, iff the graphs
are similar.
Fig. 5. A spherical graph with regular node arrangement on the surface of
a sphere and regular connections between the nodes to the nearest neighbors.
Shown is one local tree, resulting from the selection of the nodes up to depth
D = 2. The root node is in the center of the two surrounding rings of nodes.
(Figure was produced by Molscript [12].)

In the next section we apply this method to two classes
of graphs which are artificially generated and to networks
obtained from microarray experiments for different tumor
stages of cervical cancer.
V. R ESULTS

4) Repeat this procedure if LS is not empty by choosing
an arbitrary label from LS , otherwise terminate.
This definition results in a set SG consisting of N generalized
trees of depth D. We apply to this set the GTSA introduced
above and obtain a distribution of pairwise tree similarities
pT S .
A visualization for the extraction of one tree from a graph
is given in figure 5. For didactical reasons, the nodes are
regularly arranged on the surface of a sphere and the nodes
are connected to its nearest neighbors. Shown are the nodes
which form a tree of depth D = 2. The root node is in the
center of the two node circles.
Suppose now we have two graphs G1 and G2 and we want
to decide, if both graphs are similar or not or more precise are
both graphs from the same class. As a solution to this problem
we suggest not to compare the graphs itself as a whole but
to compare local parts which can be compared in an efficient
way. This decision is based on the trees similarity distributions
pGT S1 and pGT S2 of G1 and G2 and the trees similarity distribution
pM which results form the union of the tree sets of the graphs,
SM = SG1 [ SG2 . In the following we call distributions like
pM mixed and distributions like pGT S1 or pGT S2 pure similarity
distribution. The binary classifier is based on the following
definition.
Definition 4.2: Two graphs G1 and G2 are similar, iff the
G2
M
1
three similarity distributions pG
T S , pT S and p are similar.
The idea behind this definition is a consistency check of the
mutual compatibility of the contributing tree sets, because the
statistics of an entity should not depend on the subset one
chooses to estimate it, provided the subset is sufficient large.

We generated a set of random GRN and small world
networks [21] GSW consisting each of #GRN = #GSW = 5
graphs. Each graph has N = 1000 nodes and in average
k = 10 edges per node. The small world network was
generated with a rewiring parameter prw = 0:1 which leads
to the characteristic small world properties of short mean path
lengths similar to random networks but additionally a high
clustering coefficient which is low for a random network.
This gives us tree sets for all graphs consisting of 1000 trees
each. From each tree set we choose 20000 tree pairs randomly
and calculate their similarity. The cumulative similarity distributions PT S = pT S (x)dx for both classes are shown in
figure 6. Here the upper curves correspond to random and the
lower curves to the small world networks. The mean value
for both graph classes is shown in bold line. We chose the
cumulative similarity distribution because one can easily see,
if the similarity measure covers the whole range or just parts
from [0; 1℄. More precisely, one can immediately read off the
percentage of networks PT S (x) which has a similarity less or
equal x.

R

In figure 6 one can see, that both classes have a clear
characteristic which can easily distinguished. Due to the large
number of trees, the fluctuations around the mean distributions
are small. For random networks the fluctuations are bigger
compared to the small world network. This can be explained
by the construction mechanism for the small world network
[21]. Initially, all nodes are arranged on a ring and the
connections are regular to the next k=2 neighbors to each
side. The small world behavior is obtained by a quite small
rearrangement of the k=2 neighbors to one side. In our graphs
it is 10%. That means the connections differ only by 10% from
a regular connected ring, which makes local neighborhoods
of the graph, e.g. trees, very similar to other local regions

TABLE II
1

M ICROARRAY DATA FROM [22] FOR DIFFERENT TUMOR STAGES , BASED

0.8

ON THE FIGO (I NTERNATIONAL F EDERATION OF G YNECOLOGISTS AND
O BSTETRICS ) TAGING SYSTEM , OF CERVICAL CANCER . E ACH OF THE 32

% of networks

( TOTAL NUMBER OF PATIENTS ) ARRAYS CONTAINED 10692
0.6

FIGO stage
normal
1B
2A
2B

0.4

GENES .

Number of patients
8
11
8
5

0.2

0
0

0.2

0.4
Similarity

0.6

0.8

Fig. 6. Pure cumulative similarity distributions for five random (upper curves)
and small world networks (lower curves). The mean value for both graph
classes is shown in bold line all other curves are dashed.

1) Calculating the pairwise correlation coefficient for all
gene profiles.
2) Prune the connections if the correlation coefficient is
below a threshold Co .
3) Prune the connections to a node i if its clustering
coefficient is below a threshold Cl .

1

% of networks

0.8

0.6

0.4

0.2

0
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Fig. 7.
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Similarity
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0.2

Five cumulative similarity distributions for mixed tree sets
The mean value is shown in bold, all other curves are
G

(S RN ; S SW ).

dashed.

’normal’. In the following we speak of the network resulting
e.g. form the expression profile of tumor tissue of stage 2A, as
the 2A-network. Similarly, we speak of the 2A-tree set. The
networks from the expression data are obtained via a three
step process [15]:

on the same graph. This similarity is steadily reduced by
increasing prw . The explanation follows now from the fact,
that for prw = 1:0 one obtains a random network.
Now we calculate the distributions for mixed tree sets
by choosing randomly 5 different pairs of tree sets
(SGRN ; SGSW ). The results are shown in figure 7. One can
easily see, that the resulting mixed cumulative similarity
distributions are completely different to the pure similarity
distributions in figure 6 and hence, random and small world
networks has to be in different graph classes according to our
similarity measure.
The next data set we applied our method to is from molecular biology resulting from DNA microarray experiments.
We used the data from [22] which investigated the gene
expression levels of different tumor stages of cervical cancer.
For a summary see table II. In general, the higher the integer
numbers and the letters of the tumor stages the more the
cancer has grown and spread. The data include also a normal
expression profile of cervical tissue indicated in table II as

These kind of networks are a prime example for the application of our method for two reasons. First, the networks
are large. Typical microarray experiments involve thousands
of genes which correspond to the number of nodes in the
resulting network. In the data form [22] this gives networks in
the order of 105 nodes. Second, the underlying networks are
unweighted and undirected in its simplest form1
In figure 8 - 13 we compare the cumulative similarity
distributions for all 4 different tissue samples pairwise against
each other applying our binary classifier. Again, the mixed
cumulative similarity distributions (shown as full line in all
figures) are always different to the pure distributions except
to the case in figure 9 were we compared normal- and 2Anetworks.
One can interpret the results in the following way. If the
representation of the expression level of different tissue conditions as undirected, unweighted graph would be appropriate
we should be able to see a clear distinction between the mixed
and pure distributions for all cases in figure 8 - 13, because we
know that the data came from tissues of different conditions.
The fact, that this is not true for the comparison of normaland 2A-tissue suggests, that the statistics of the overall tree
similarities is not sufficient to indicate the tissue’s condition.
This could have two reasons. First, the parameters we
chose for the similarity measure 3 could be too relaxed in
the sense, that different generalized tree pairs are overrated.
The range difference in figure 7 compared to figure 8 - 13 for
the similarity values supports this assumption. In the former
1 This does not mean, that the underlying biomolecular process is best
modeled as an unweighted or undirected graph. It means, that this kind of
information is at least very difficult to extract from the data currently available.
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Fig. 8. Cumulative similarity distributions for the normal- (dashed line), 1B(dotted line) and mixed- (full line) tree set.
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2B- (dotted line) and mixed- (full line) tree set.
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Fig. 9. Cumulative similarity distributions for the normal- (dashed line), 2A(dotted line) and mixed- (full line) tree set.
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Fig. 12. Cumulative similarity distributions for the 1B- (dashed line), 2B(dotted line) and mixed- (full line) tree set.
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Fig. 10. Cumulative similarity distributions for the 1B- (dashed line), 2A(dotted line) and mixed- (full line) tree set.
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Fig. 13. Cumulative similarity distributions for the 2A- (dashed line), 2B(dotted line) and mixed- (full line) tree set.

case the interval is [0; 0:2℄ and in the later sill the maximal
interval [0; 1℄. It is clear, that there is no universal parameter
set for similarity measure 3 which gives the best results for all
network classes. Hence, the parameters seem appropriate for
the comparison between random and small world networks and
only partially appropriate for the differentiation for networks
representing different tissue conditions. Second, the results in
figure 8 - 13 are not primary induced by the parameters of
equation 3 but by the genes which contribute to the network.
The number of genes in all microarray experiments was 10692.
It is clear, that a biased selection of genes, reducing their
number by about 90%, could result in complete new network
characteristics which are buried in current statistics. A short
calculation shows that a subnetwork consisting of 1000 nodes
in a overall network of 10000 nodes contributes only by 19%
to the total number of different tree pairs one can form from
this network. If one excludes the tree pairs were one tree comes
from the subset and one from the rest of the network and only
keeps the tree pairs from the subnetwork this number decreases
further to 1%. Smaller sizes of the subnetwork continue to
decrease these numbers.
VI. C ONCLUSION
In this paper we introduced a binary graph classifier (BGC)
which allows the classification of large undirected, unweighted
graphs. This classifier is based essentially on the generalized
tree-similarity-algorithm (GTSA) which provides a similarity
measure between tree pairs by an alignment of property
strings representing the trees. The application of the GTSA
to undirected, unweighted graphs was enabled by a local
decomposition of the graph in generalized trees resulting in
a tree set on which the GTSA could be applied. The resulting
similarity values for all tree pairs of the tree set determine
the similarity distribution of the graph. Hence, the problem
of graph classification was mapped to the classification of
one dimensional similarity distributions. We demonstrated the
ability to classify large graphs by the application of the BGC
to two data sets consisting of graphs of size 103 and 104 .
We think that the presented framework is a considerable
improvement to existing graph classification approaches because we presented not only a theoretical framework suitable
for small graphs but also for large graphs of sizes which
are relevant for practical applications, e.g. to problems from
molecular biology. Our future work, we will be guided by
experimental data from microarray experiments of cancer cells
to hopefully improve our method towards a reliable prediction
of early tumor stages and to gain insights into the underlying
complex interplay of gene expression regulation.
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