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Mining Graph Topological Patterns: Finding
Covariations among Vertex Descriptors

Adriana Prado, Marc Plantevit, Member, IEEE, Céline Robardet, and Jean-Francois Boulicaut

Abstract—We propose to mine the graph topology of a large attributed graph by finding regularities among vertex descriptors. Such
descriptors are of two types: 1) the vertex attributes that convey the information of the vertices themselves and 2) some topological
properties used to describe the connectivity of the vertices. These descriptors are mostly of numerical or ordinal types and their
similarity can be captured by quantifying their covariation. Mining topological patterns relies on frequent pattern mining and graph
topology analysis to reveal the links that exist between the relation encoded by the graph and the vertex attributes. We propose three
interestingness measures of topological patterns that differ by the pairs of vertices considered while evaluating up and down co-
variations between vertex descriptors. An efficient algorithm that combines search and pruning strategies to look for the most relevant
topological patterns is presented. Besides a classical empirical study, we report case studies on four real-life networks showing that

our approach provides valuable knowledge.

Index Terms—Data mining, mining methods and analysis, attributed graph mining, topological patterns

1 INTRODUCTION

EAL-WORLD phenomena are often depicted by graphs
where vertices represent entities and edges represent
their relationships or interactions. Entities are also described
by one or more attributes that constitute the attribute vectors
associated with the vertices of the attributed graph. Existing
methods that support the discovery of local patterns
in graphs mainly focus on the topological structure of the
patterns, by extracting specific subgraphs while ignoring
the vertex properties (cliques [22], quasi-cliques [21], [31]),
or compute frequent relationships between vertex attribute
values (frequent subgraphs in a collection of graphs [17] or
in a single graph [4]), while ignoring the topological status
of the vertices within the whole graph, for example, the
vertex connectivity or centrality. The same limitation holds
for the methods proposed in [19], [24], [28], and [29], which
identify sets of vertices that share local attributes and that
are close neighbors. Such approaches only focus on a local
neighborhood of the vertices and do not consider the
connectivity of the vertex in the whole graph. In this paper,
we propose to compute relevant patterns that integrate
information about the connectivity of the vertices and their
attribute values.
The connectivity of each vertex is described by topolo-
gical properties that quantify its topological status in the
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graph. Some of these properties are based on the close
neighborhood of the vertices (e.g., the vertex degree), while
others describe the connectivity of a vertex by considering
its relationship with all other vertices (e.g., the centrality
measures). Combining such microscopic and macroscopic
properties characterizes the connectivity of the vertices and
it may be a sound basis to explain why some vertices have
similar attribute values.

Such topological properties and vertex attributes are
mostly of numerical or ordinal types and their similarity
can be captured by quantifying their covariation. Such
covariation indicates how a set of vertex descriptors tend to
monotonically increase or decrease all together. Therefore,
following the way paved by Calders et al. [5], we propose to
mine rank-correlated sets over graph descriptors by extract-
ing topological patterns defined as a set of vertex properties
and attributes that strongly covary over the vertices of the
graph. We introduce several interestingness measures of
topological patterns that differ by the pairs of vertices that are
considered while evaluating up and down covariations
between descriptors: 1) Considering all the vertex pairs
enables to find patterns that are true all over the graph;
2) Including only the vertex pairs that are in a specific order
regarding a selected numerical or ordinal attribute reveals
the topological patterns that emerge with this attribute;
3) Examining the vertex pairs that are connected in the graph
makes it possible to identify patterns that are structurally
correlated to the relationship encoded by the graph. We also
design an operator that identifies the top k representative
vertices of a topological pattern.

Let us illustrate our proposal on a coauthorship graph
depicted in Fig. 1, where vertices (from A to P) denote
authors, edges encode coauthorship relations, and three
attributes describe author: h corresponds to the author h-
index, which attempts to measure both the productivity
and the impact of the published work of each author [16];
i denotes the average number of hours per week spent by
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Fig. 1. A coauthorship attributed graph toy example.

each author on instructional duties; and ¢ designates the
number of publications the author had in the IEEE TKDE
journal. As topological property, we consider the between-
ness centrality measure that is the number of times a
vertex appears on a shortest path of the graph (see
Section 2). This value is in a circle associated with each
vertex on Fig. 1. For instance, vertex D has attribute
values h =25, 1=1.5, and ¢t =18 and a betweenness
centrality value equal to 73. One of the topological
patterns extracted from this attributed graph is
P={h",i",BETW'}, whose meaning is the higher the
value of attribute h, the lower the value of attribute i and the
higher the betweenness centrality of a vertex. In other words,
authors that tend to have a high h-index, tend to have a
low instructional duty and publish articles with coauthors
that are also central in the graph, inducing a rather small
distance to other vertices. This topological pattern com-
bines a topological property (BETW) with two vertex
attributes (h and ) and is supported by 89 pairs of
vertices among the (%)) possible pairs over the graph. Its
top three representative vertices are E,I, and D (sha-
dowed on Fig. 1). These vertices have the highest values
on h and BETW, and the lowest values on attribute i
compared to other vertices. Therefore, these dominant
vertices have a significant impact on the support of this
pattern.

In this paper, we design an algorithm, called Top-
GraphMiner, which discovers topological patterns. Given
an attributed graph, such as the one in Fig. 1, it first
computes a set of topological properties for every of its
vertices. TopGraphMiner then integrates search and prun-
ing strategies to look for the most relevant topological
patterns. Finally, it gives to the user the ability to visualize
every pattern on the input graph by identifying its top &
representative vertices.

Our main contributions are as follows: First, we propose
a new kind of graph analysis that exploits attributes and
topological properties of vertices. Second, to produce such
an analysis, we provide new insights into simpler covaria-
tion pattern mining [5] by considering up and down
covariations. We define new upper bounds on the support
of such covariations. We also introduce several interesting-
ness measures for topological patterns, and a valuable

support to pattern visualization on the original graph
thanks to the identification of its top k representative
vertices. Third, we present an empirical study that includes:

1. A comparison of TopGraphMiner with a baseline

approach;

2. A study of its empirical complexity;

3. An analysis of the pruning capability of the

proposed upper bound; and

4. A qualitative feedback on some patterns extracted

from four real-life networks: a coauthorship net-
work, a movie coactor network, a patent citation
network, and a gene interaction network.

This paper is structured as follows: Section 2 presents
topological vertex properties. Sections 3 and 4 introduce our
new model for mining topological patterns. Our algorithm
is defined in Section 5. Its efficiency and its effectiveness are
discussed in Sections 6 and 7. Section 8 addresses the
related work and Section 9 concludes.

2 TopoLOGICAL VERTEX PROPERTIES

The input of our mining task is a nondirected attributed
graph G = (V, E, L), where V is a set of n vertices, E a set of
m edges, and L = {l;,...,[,} a set of p attributes associated
with each vertex of V, which may be numerical or ordinal.
Important properties of the vertices are also encoded by
the edges of the graph, which describe inter-relations
between vertices. From this relation, we can compute some
topological properties that synthesize the role played by
each vertex in the graph. The topological properties we are
interested in range from a microscopic level—those that
described a vertex based on its direct neighborhood—to a
macroscopic level—those that characterize a vertex by
considering its relationship to all other vertices in the
graph. Statistical distributions of these properties are
generally used to depict large graphs (see, e.g., [2], [18]).
We propose here to use them as vertex descriptors. Some
examples of these properties are given from Fig. 1.

2.1 Microscopic Properties

We propose to use four topological properties to describe
the direct neighborhood of a vertex v:

e The degree of v is the number of edges incident to v
(deg(v) = |{u € V, {u,v} € E}|). When normalized
by the maximum number of edges a vertex can
have, it is called the degree centrality coefficient:
DEGREE(v) = “) (e.g., DEGREE(B) = ).

e The clustering coefficient evaluates the connectivity

of the neighbors of v and thus its local density:

2| {{u,w} € B, {u,v} € EA{v,w} € E}|

CLUST(v) = deg(v)(deg(v) — 1)

(e.g., CLUST(B) = AUADUODH] _ 2

e To better understand the structure of the neighbor-
hood of v, we also consider the quasi-cliques [21]
that involve v. v belongs to a vy-quasi clique @ iff the
graph Gg induced by the set of vertices @ is
connected and satisfies
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Yu € Q, degg,(u) > [v(|Q] — 1)1,

where degg, (u) is the degree of u in G¢ (e.g..{4, B,
C, D} is a 2/3-quasi clique since

degg,(A) = degg,(c) =2 > g (4- 1)—‘ and

degc,(B) = degg, (D) = 3 > 2).

We consider two properties based on the quasi-
cliques involving v: the size of the largest quasi-
clique (SZQC(v)) and the number of quasi-cliques
(NBQC(v)).

2.2 Macroscopic Properties

We consider five macroscopic topological properties to
characterize a vertex while taking into account its con-
nectivity to all other vertices of the graph.

e Vertex communities can be computed by looking for
a partition of V that maximizes the Newman’s
modularity measure [25]. This criterion is based on
the proportion of edges that fall within the commu-
nity minus the expected such proportion if edges
were distributed at random:

Q = LZ (]lE({u7 U}) - M) 60“,@:

4m 2m
uw,

where ¢, is the community assigned to v, &, is
the Kronecker delta (6., =1 if ¢, = ¢, and 6., ., =
0 otherwise), 1 z({u,v}) is the indicator function of
the set E (ILg({u,v}) =1 if {u,v} € E, 0 otherwise).
For example, according to such a definition, the
four communities on Fig. 1 are {A, B,C,D},{E, N,
O,P}{F,G,H},{I,J,K,L,M}. As topological
property, we consider the size of the community
of v(SZCOM(v)).

e  The relative importance of vertices in a graph can be
obtained through centrality measures [11]. Close-
ness centrality CLOSE(v) is defined as the inverse of
the average distance between v and all other vertices
that are reachable from it. The distance between two
vertices is defined as the number of edges of the
shortest path between them:

n
> uev |shortest_path(u, v)|

(e.g., CLOSE(B) = 0.021 and CLOSE(FE) = 0.037).

o The betweenness centrality BETW(v) of v is equal to
the number of times a vertex appears on a shortest
pathin the graph. Itis evaluated by first computing all
the shortest paths between every pair of vertices, and
then counting the number of times a vertex appears
on these paths: BETW(v) = 3_, , Wsnortest_path(u.w) (V)
(e.g.,, BETW(B) = 1 and BETW(E) = 166).

e The eigenvector centrality measure (EGVECT) favors
vertices that are connected to vertices with high
eigenvector centrality. This recursive definition can
be expressed by the following eigenvector equation
Az = Az which is solved by the eigenvector z
associated with the largest eigenvalue X\ of the

CLOSE(v) =

adjacency matrix A of the graph (e.g., EGVECT(B) =
0.093 and EGVECT(E) = 0.114).

e The PAGERANK index [3] is based on a random walk
on the vertices of the graph, where the probability to
go from one vertex to another is modelled as a
Markov chain in which the states are vertices and the
transition probabilities are computed based on the
edges of the graph. This index reflects the prob-
ability that the random walk ends at the vertex itself:

PAGERANK (u)

PAGERANK(v) = « Z Lp({u, v}) deg(u)
1'}— a
+—,

where the parameter o is the probability that a
random jump to vertex v occurs (e.g.,

PAGERANK(B) = 1.11 and
PAGERANK(E) = 1.50).

These nine topological properties characterizes the graph
relationship encoded by E. These properties, along with the
set of vertex attributes L, constitutes the set of vertex
descriptors D used in this paper.

3 TopPoLOGICAL PATTERNS

Let us now consider topological patterns as a set of vertex
attributes and topological properties that behave similarly
over a large part of the vertices of the graph. We assume
that all topological properties and vertex attributes are of
numerical or ordinal type, and we propose to capture their
similarity by quantifying their covariation over the vertices
of the graph. Topological patterns are defined as
P={D:",...,D,}, where D; is a vertex descriptor from
D and s; € {+,—} is its covariation sign. Following the
example of Fig. 1, the trend “the more papers in IEEE TKDE
(t) the lower the average number of hours per week spent on
instructional duties (1)” is represented by the pattern {t*, i~ }.
In the following, we propose three interestingness measures
that are different with respect to the pairs of vertices
considered while evaluating the support of such patterns.

3.1 Topological Patterns over the Whole Graph
Several signed vertex descriptors covary if the orders
induced by each of them on the set of vertices are consistent.
This consistency is evaluated by the number of vertex pairs
ordered the same way by all descriptors. The number of
such pairs constitutes the so-called support of the pattern.
This measure can be seen as a generalization of the
Kendall’s 7 measure. When we consider all possible vertex
pairs, this interestingness measure is defined as follows.

Definition 1 (Suppay). The support of a topological pattern P
over all possible pairs of vertices is
_l{(w,v) € V2| ¥D} € P: Dyw)b, Di(0)}]
(2) ’
where >, denotes < when s; is equal to +, and >, denotes >
when s; is equal to —.

Suppau(P)




This measure gives the number of vertex pairs (u,v) such
that u is strictly lower than v on all descriptors with sign +,
and u is strictly higher than v on descriptors with sign —. For
instance, the pattern P = {t*,:"} is supported by 85 pairs
among the 120 possibles ones, hence Supp.;(P) = 0.71.

As mentioned in [5], Supp,y is an antimonotonic measure
for positively signed descriptors. This is still true when
considering negatively signed ones: adding D;,, to a
pattern P leads to a support lower than or equal to that of
P since the pairs (u,v) that support P must also satisfy
Dyy1(u) > Dyyq(v). Besides, when adding descriptors with
negative sign, the support of some patterns can be deduced
from others, the latter referred to as symmetrical patterns.

Property 1 (Support of Symmetrical Patterns). Let P be a
togological pattern and Pbeits symmetrical, that is, VD;” e P,
DY € P, with 55 ={+,-}\{s;}. If a pair (u,v) of V?
contributes to the support of P, then the pair (v, u) contributes
to the support of P. Thus, we have Suppa(P) = Suppa(P).

Topological patterns and their symmetrical patterns are
semantically equivalent. To avoid the irrelevant computa-
tion of duplicate topological patterns, we exploit Property 1.

Thus, mining frequent topological patterns consists in
computing all sets of signed descriptors P, but not their
symmetrical ones, such that Supp.;(P) > minsup, where
minsup is a user-defined minimum support threshold.

3.2 Other Interestingness Measures

To identify most interesting topological patterns, we
propose to give to the end-user the possibility of guiding
its data mining process by querying the patterns with
respect to their correlation with the relationship encoded by
the graph or with a selected descriptor. Therefore, we revisit
the notion of emerging patterns [10] by identifying the
patterns whose support is significantly greater (i.e., accord-
ing to a growth-rate threshold) in a specific subset of vertex
pairs than in the remaining ones. This subset can be defined
in different ways according to the end-user’s motivations:
either it is defined by the vertex pairs that are ordered with
respect to a selected descriptor called the class descriptor, or
it is equal to FE, the set of edges. Whereas the former
highlights the correlation of a pattern with the class
descriptor, the latter enables to characterize the importance
of the graph structure within the support of the topological
pattern. For instance, considering the toy example of Fig. 1,
h*tT and h*t™ are both frequent with minimum support of
20 percent. Note that although these patterns are contra-
dicting, they are both output by our approach when only
the frequency constraint is considered. The extraction of
emerging patterns with respect to ¢ outputs the pattern h*t*
as the frequency of " is significantly greater in ¢* than in ¢~
(with a factor of 2.13). h*¢* is more emerging with respect
to E than h'¢~, their growth rates being, respectively, equal
to 1.23 and 0.59.

3.2.1 Emerging Patterns w.r.t. a Selected Descriptor

Let us consider a selected descriptor C' € D and a sign
r € {+, —}.Thesetof pairs of vertices that are ordered by C" is

Cor = {(u,v) € V* | C(u) >, C(v)}.
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The support measure based on the vertex pairs of Ccr is
defined below.

Definition 2 (Suppcr). The support of a topological pattern P
over C" is

{(u,v) € Ccr

VD] € P: Dj(u) >, D;j(v)}|

Suppo"(P) = |CC'|

Analogously, the support of P over the pairs of vertices that
do not belong to C¢- is denoted Supp.+(P). To evaluate the
impact of C" on the support of P, we consider the growth rate
of the support of P over the partition of vertex pairs
{Ccr,Cei}: Gr(P,CT) = §j;5g;;gl’i; .

If Gr(P,C") is greater than a minimum growth-rate
threshold, then P is referred to as emerging with respect to
C". If Gr(P,C") = 1, P is as frequent in C¢- as in Cgr. If
gr(P,C") > 1, P is much more frequent in C¢» than in Cgs.
For example, Gr({h",i~,BETW'},¢") = 2.31. The intuition
behind this definition is to identify the topological patterns
that are mostly supported by pairs of vertices that are also
ordered by the selected descriptor.

3.2.2 Emerging Patterns w.r.t. the Graph Structure

It is interesting to measure if the graph structure plays an
important role in the support of a topological pattern P. To
this end, we define a similar support measure based on
pairs that belongs to E, the set of edges of the graph:

Cr = {(u,v) € V? | {u,v} € E}.

Based on this set of pairs, we define the support of P as.

Definition 3 (Suppg). The support of a topological pattern P
over the pairs of vertices that are linked in G is

_ 20{(wv) €Cp | YD} € P Dyfu) vy, D))

Suppp(P) Col

. . . .
The maximum value of the numerator is % since: 1) if

(u,v) € Cg then (v,u) € Cp, and 2) it is not possible that
VD"? € P, Dj(u) >, Dj(v), and Dj(v) >y, Dj(u) at the same
time. For instance, the pattern {h*,i"} is supported by all
the 20 possible pairs that are edges, its support is, thus,
equal to 1. The support of P over the pairs of vertices that
do not belong to Cr is denoted Suppz(P).

As before, to evaluate the impact of £ on the support
of P, we consider the growth rate of the support of P over
the partition of vertex pairs {Cp,Cz}: Gr(P,E) = fﬁgﬁggg

Gr(P,E) enables to assess the impact of the graph
structure on the pattern. Therefore, if Gr(P,E) > 1, P is
said to be structurally correlated. If Gr(P, E) < 1, the graph
structure tends to inhibit the support of P. For example, on
Fig. 1, the most structurally correlated pattern is P =
{h*,t*, BETW"} with Gr(P, E) = 1.628.

4 Topr k REPRESENTATIVE VERTICES

The user may be interested in identifying the vertices that
are the most representative of a given topological pattern,
thus enabling the projection of the patterns back into the
graph. For example, the representative vertices of the
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pattern {t*, BETW™} would be researchers with a relatively
large number of IEEE TKDE papers and a low betweenness
centrality measure.

We denote by S(P) the set of vertex pairs (u,v) that
constitutes the support of a topological pattern P:

[>3,; D](U)}a

which forms, with V, a directed graph Gp = (V, S(P)). This
graph satisfies the following property.

S(P) = {(u,v) € V?*| VD;" € P: Dj(u)

Property 2. The graph Gp = (V, S(P)) is transitive and acyclic.

Proof. Let us consider (u,v) € V? and (v,w) € V2 such
that, VD) € P: Dj(u)v, Dj(v) and Dj;(v) >y Dj(w).
Thus, Dj(u)vy, Dj(w) and (u,w) € S(P). Therefore, Gp
is transitive.

Asp, € {<, >}, it stands for a strict inequality. Thus, if
(u,v) € S(P), (v,u) & S(P). Furthermore, as Gp is tran-
sitive, if there exists a path between u and v, there is also
an arc (u,v) € S(P). Therefore, (v,u) € S(P) and we can
conclude that Gp is acyclic. 0

As Gp is acyclic, it admits a topological ordering of its
vertices, which is, in the general case, not unique. The top k&
representative vertices of a topological pattern P are
identified on the basis of such a topological ordering of V'
and are the k last vertices with respect to this ordering.
Considering that an arc (u,v) € S(P) is such that v
dominates u© on P, this vertex set contains the most
dominant vertices on P. The top k representative vertices
of P can be easily identified by ordering the vertices by their
incoming degree as shown in Section 5.3.2.

5 ALGORITHM ToPGRAPHMINER

Having described the topological pattern domain, this
section aims at presenting TopGraphMiner, an efficient
algorithm that combines search and pruning strategies to
identify the most relevant topological patterns. Indeed, as
the support counting is quadratic in the number of vertices,
it is important to avoid, in linear time, some useless
support computation. To this end, we derive an upper
bound on the support used to safely prune nonpromising
topological patterns.

5.1 Upper Bound on the Support Measure

To define an upper bound on the support of a given
topological pattern which benefits from the presence of ties
in the descriptors, a rank value p(D(u)) is associated with
each numerical descriptor value D(u) [5]. p(D(u)) is the
index of u in V when V is sorted in ascending order with
respect to D, such that 1< p(D(u)) <|V|, ties being
handled arbitrarily. Actually, due to the presence of ties,
there are many possible rankings, but in all of them, the
ranks of a given value range in an interval defined by

[p(D(w)), p(D(u))] with:
p(D(u)) = min{p(D(v)) | v € V and D(v) = D(u)},
p(D(u)) = max{p(D(v)) | v € V and D(v) = D(u)}.

For instance, on graph of Fig. 1, p(BETW(B)) =8 and
p(BETW(B)) =9. Given two descriptors A and B and

ro p(A(w) u  p(A)
| | | vl
T T { A
+ p(B(w) u p(B(w))
J ! | | v
T T T B
o pAw) u  plAw)
| | | 4
¥ I 4 A
R p(B(w) u A(B(w))
I | | vl
T T ¥ Z

Fig. 2. lllustration of the computation of Diff 4. g+ .

their respective signs s, and s;, the ranking intervals over
these descriptors can be used to establish a lower bound
on the number of vertices that cannot form a supporting
pair with w. If v, is a vertex such that (A(v,) 5, A(u)), then
the pair (u,v,) cannot support A*B*. On the other hand,
if a vertex v, does not satisfy (B(v,) b5, B(u)), then the pair
(vp, u) cannot support A* B either. We denote I** and J*
the sets of vertices v, and v, respectively. Then, Diff 4. g+
is the set of vertices that cannot form a supporting
pair with wu:

Diff gsa g = {v eV | veI*™ Nv¢ J%}.

Depending on the values of s, and s;, the cardinality of I*
and J* can easily be computed from the end points of the
ranking intervals:

I = [{ve V| A(v) < A(u) and v # u}| = p(A(u)) - 1,
|J7|={ve V| B) < Bu) and v # u}| = B(B(u)) -1,
| =H{veV][A(@) = A(u) and v # u}| = [V]| = p(A(u)),
/7= v eV |B(v) > Bu) and v # u}| = [V| — p(B(u)).

Fig. 2 illustrates these sets. In every case, the line
represents the vertices sorted by the descriptor depicted
on the right, in ascending order. In each line, we distinguish
a given vertex u and the end points of the interval
containing the vertices with the same value as u (p(D(u))
and p(D(u))). Besides, the hatched gray rectangle gives the
set [% or J*.

Since we cannot derive the exact cardinality of Diff 4« g,
given that we do not know how the sets I** and J*
intersect, we compute a lower bound on it. If |I%| > |J%|,
then the cardinality of Diff 4« p+ is minimal when J* C I*.
Analogously, if |I*+] < |J*|, then Diff 4.5 can be empty,
and thus its cardinality is 0. Thus,

[Diff 4+ p+ | > max{0, (p(A(u)) — p(B(w)))},
[Diff 4 p-| > max{0, (p(B(u)) — p(A(w)))},
[Diff 4 p-| > max{0, (p(A(u)) — 1 = ([V] = p(B(u))))},
IDiff 4 pr| = max{0, (V] = p(A(u))) = (p(B(u)) — 1))}

To establish an upper bound on the support of a pattern
P, we take, for each vertex u, the pair of signed
descriptors A*B* of P that maximizes Diff s ps:
maxDiff p(u) = max s gwepz|Diffaps|. For instance,
maXDiff{rBETW*}(B) = max{|Diff; ggrvw+|, [Diffgprw: [} =
max{16 —7—-8+1,9—-1—-16+7} =2. This leads to the
following upper bound:
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Theorem 1 (Upper Bound on Supp). Let P be a topological
pattern,

> uey maxDiff p(u)
n(n—1)

Suppau(P) <1— (1)

Proof. For each vertex u, let us consider two descriptors A*
and B* from P such as maxDiffp(u) = |Diff g ps ().
This is a lower bound on the number of vertices v such
that (A(v) >,,A(u)) and —(B(v) s, B(u)). For each such
vertex v, neither (u,v) nor (v, ) contributes to Suppqu(P).
If we sum these numbers over all vertices from V, we get
a lower bound on the number of ordered pairs that
cannot support P. Since every ordered pair of vertices
(u,v) is taken into account twice, we need to divide it
by 2 to get a lower bound on the pairs of vertices that do
not contribute to the support of P. Finally, we divide the
upper bound by (3). O

Observe that this upper bound on Supp., is very
convenient since its computation is in O(|V|), whereas the
computation of Supp, is in O(]V[?). On the one hand, it
requires storing two additional values for every descriptor
and every vertex (the end points of the ranking intervals).
On the other hand, since we are enumerating descriptors
and not descriptor values (as in item set mining) this is not
costly in terms of memory usage.

5.2 Algorithm

TopGraphMiner computes frequent topological patterns
and their top k representative vertices from an attributed
graph (see Algorithms 1 and 2). It takes in input the graph
G = (V,E, L) and two parameters: minsup and k. In Line 1
of Algorithm 1, it performs the computation of topological
vertex properties. The computation of topological patterns
is done in an ECLAT-based way [32]. More precisely, all the
subsets of a pattern P are always evaluated before P itself.
In this way, by storing all frequent patterns in the hash-tree
M, the antimonotonic frequency constraint is fully checked
on the fly (Line 4, in Algorithm 2). We start by enumerating
the singleton positive descriptors to avoid the generation of
duplicate patterns. Larger patterns are recursively gener-
ated by the function EXTEND_PATTERN (see Line 13, in
Algorithm 1). We compute the upper bound on the support
to prune nonpromising topological patterns (function
COMP_UB in Line 8 of Algorithm 1). This function is the
strict application of Theorem 1 (see supplementary material,
which can be found on the Computer Society Digital
Library at http://doi.ieeecomputersociety.org/10.1109/
TKDE.2012.154, for the pseudocode). When this upper
bound is greater than the minimum threshold, the exact
support is computed (function COMP_SUPP in Algorithms 1
and 2). This step and its optimization are discussed in the
following section.

Algorithm 1. TopGraphMiner
Require: G = (V, E, L), minsup, k
Ensure: M: the frequent topological patterns and
their top k representative vertices.
1: Compute T, the set of topological properties of G
that associate a numerical value to vertices of V'
based on the relation E.

22D—TUL
3M—0
4: for all D € D, in descending order do

5: for all v € V do
6: Compute p(D(v)) and p(D(v)).
7: end for -
8: UB«— COMP_UB({D*},7,p)
9:  if (UB > minsup) then N
10: (supp, topk) — COMP_SUPP({D*},k)
11: if (supp > minsup) then
12: M — MU {D*},topk)
13: EXTEND_PATTERN({D*})
14: end if
15: end if
16: end for

Algorithm 2. Extend_Pattern
Require: P a topological pattern, minsup, k, p, p
Ensure: Compute all frequent extensions of P and
add them to the global variable M with their top
k representative vertices
1: for all B € D, B greater than the last descriptor in

P do
2: forall se {+,—} do
3: Q— PU {Bg}
4: if (VR C @, R € M) then
5: UB — min{COMP_UB(Q, p, p),
COMP_DEDUC(Q, M)}
6: if (UB > minsup) then
7: (supp, topk) «— COMP_SUPP(Q, k)
8: if (supp > minsup) then
9: M — MU (Q,topk)
10: Extend_Pattern(Q)
11: end if
12: end if
13: end if
14: end for
15: end for

Another optimization is based on the deduction of the
support from already evaluated patterns (function COMP_
DEDUC in Line 5 of Algorithm 2). A pair of vertices that
supports a pattern P can support pattern PA" or pattern
PA~, or none of them. Thus, another upper bound on
Suppai(PA™) is Suppai(P) — Suppai(PA™). Note that these
patterns have already been considered before the evaluation
of PA~. So, to be stringent, we bound the support by taking
the minimum between this value and the upper bound
defined in Theorem 1 (see Line 5 in Algorithm 2). When
computing the support of the pattern, the top k representa-
tive vertices are also identified (see Section 5.3.2).

5.3 Discussion and Optimizations

We discuss other optimizations used in TopGraphMiner
algorithm and how emerging topological patterns are
computed.

5.3.1 Computation of Suppu
The support of P is evaluated by function COMP_SUPP that
counts the number of pairs of vertices (u,v) such that
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TABLE 1
Main Characteristics of the Graphs DBLP, Movies, PATENTS, and GENES

[ Autributed graph ] DBLP 11 MOVIES i PATENTS 11 GENES
#Vertices 12,252 5,972 24,282 4,711
#Edges 210, 320 64,338 100, 246 6,036
#Vertex attributes 29 5 10 348
Density 2% 10 7F 3.6x 10" 1.7x 10 ¢ 0.54 x 10°°
#Connected Comp. 577 33 67 11
#Communities 1016 56 169 30

[ Topo. prop. i Max [ Mean [ Sd. Dev. ] Max [ Mean [ Std. Dev. | Max [ Mean [ Std.Dev. [ Max | Mean [ Std. Dev. |
Raw degree 304 9.73 14.22 118 21.16 19.13 186 1.98 5.47 68 2.28 6.66
DEGREE 7.3x107" 2.4 x 1074 3.4 x 1074 22x1072 | 4x107% | 35x107° 2.5 x 10~2 3.6 x10~% | 5.6 x10~% 0.04 1.75 x 1072 | 4.5 x 1072
CLUST 1 0.31 0.29 1.57 0.34 0.26 - - - 1.69 0.06 0.18
NBQC 4.6 x 10° 2.2 x 107 7.8 x 10 503 2.96 19.93 - - - 22 0.16 1.26
52QC 35 2.75 1.83 52 13.87 11.35 = = = 16 0.84 1.96
SzCom 9,342 10.67 5 x 10 1,563 11.5 X 10 5.6 x 10° 8,178 50.9 x 10> | 25.9 x 10 394 48.73 93.9
CLOSE 1 0.024 0.137 1 0.010 0.099 1 0.005 0.067 1 4% 107° 0.06
BETW 2.6 x 10° 1.4 x 105 5.7 x 10° 1.6 x 10° 1.1 x 107 1.6 x 107 20.2 x 10° 10.8 x 107 40.4 x 107 1.4 x 10° 1.4 x 10 5.5 x 10
EGVECT 0.003 236 x107° [ 9.91x10° [[ 84x10°° [ 1.6x10° 7 [ 7.5 x 10~ 7 [ 11.6 x 102 [ 411 x 10 ° | 2.8 x 10~ * 0.021 2.00x 10-T | 2x10~°
PAGERANK 21.53 0.98 0.98 0.59 0.88 0.59 35.98 0.93 0.91 7.69 0.31 0.62

VA% € P, A(u) s, A(v). This computation requires to per-
form a quadratic operation on the number of vertices.
However, as proposed in [5], a more directed search for all
vertices that have smaller or greater values on all
descriptors in P is implemented by using range trees and
it enable good performances when |P]| is not too large. For
a singleton pattern {D*}, the range tree is simply a binary
search tree where each node contains a value x of D along
with two values: y*, that is, the number of vertices that is
lower than or equal to z, and y~, that is, the number of
vertices having a value greater or equal to z. Then, to
compute the support of {D*}, we simply loop over the
vertices of the graph, find their corresponding nodes in the
range tree and sum the y* values of their left subtrees.
When extending a pattern P, every node in the range tree
is expanded to contain a nested range tree that corresponds
to the added descriptor. To compute the support, we loop
over the graph vertices, find their corresponding nodes in
the inner range trees and sum up the y* (resp. y~) values
for positive (resp. negative) descriptors of their left (resp.
right) subtrees.

5.3.2 Computation of the Top k Representatives

As explained in Section 4, the vertex pairs S(P) that support
a topological pattern P define a transitive acyclic directed
graph Gp = (V,S(P)) (see Property 2) that admits at least
one topological ordering of its vertices. The top k
representative vertices are the k last vertices with respect
to one of these orderings.

Property 3. Let G = (V, A) be a transitive directed graph and let
Deg~(v) be the incoming degree of the vertex veV
(deg—(v) = {Vu € V such that (u,v) € A}|). For any arc
(u,v) € A, deg™ (u) < deg™(v) + 1.

Proof. Given an arc (u,v) € A, Vt € V such that (t,u) € A, by
transitivity of G there exists an arc (¢,v) € A. Therefore,
deg (u) < deg™(v) + 1. 0

As a result, ordering V' with respect to deg™ constitutes a
topological sorting of Gp. The range trees used for
computing the support of P is exploited to retrieve the
top k representative vertices of P: during the loop over the
vertices of the graph, their incoming degree is considered
and the set of k vertices having the largest incoming degree
is maintained in a heap, using operations in O(logk).

5.3.3 Computation of Suppcr, Suppg, and Gr

Emerging topological patterns can easily be computed by
adapting Algorithm 1: the selected descriptor C" is the last
one in the pattern being enumerated (in the ECLAT
enumeration fashion, the last descriptor in the pattern is
the first to be enumerated), and when enumerated, its
support provides Suppc(P). When subtracting this value
from the support of its direct ancestor, it provides
SuppC;(P). We, therefore, retrieve only those patterns with
a growth-rate higher than a threshold. The computation of
Suppg(P) can be done in a time complexity proportional to
the number of edges in the graph. Finally, Gr(P, E) can be
deduced from Suppg(P) and Supp.u(P).

6 PERFORMANCE STUDY

We report experimental results to illustrate the interest of
our approach. We start by describing the four attributed
graphs we use in our experiments. Then, we provide a
performance study. Qualitative results are given in the next
section. All experiments were performed on a cluster.
Nodes are equipped with 16 processors at 2.5 GHz and
16 GB of RAM under Linux operating systems. TopGraph-
Miner algorithm is implemented in C.

6.1 Real-World Attributed Graphs

We considered four real-world attributed graphs whose
characteristics are given in Table 1:

1. DBLP: This coauthorship graph is built from the
DBLP digital library. Each vertex represents an
author who published at least one paper in one of
the major conferences and journals of the data
mining and database communities' between January
1990 and February 2011. Each edge links two authors
who coauthored at least one paper (no matter the
conference or journal). The vertex properties are the
number of publications in each of the 29 selected
conferences or journals.

MOVIES: Each vertex of this graph represents a
movie and an edge exists between two movies if

1. Conferences: KDD, ICDM, ECML/PKDD, PAKDD, SIAM DM, AAAI,
ICML, IJCAI, IDA, DASFAA, VLDB, CIKM, SIGMOD, PODS, ICDE, EDBT,
ICDT, SAC—Journals: IEEE TKDE, DAMI, IEEE International Systems,
SIGKDD Exploration, Communication ACM, IDA Journal, KAIS, SADM,
PVLDB, VLDB Journal, ACM TKDD.
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Fig. 3. Comparison w.r.t. a baseline technique: (A) execution time ratio, (B) execution time w.r.t. the number of descriptors (MOVIES, minsup = 20%),

and (C) execution time w.r.t. a replication factor (MOVIES, minsup = 20%).

they have an actor in common.” The vertex attributes
are based on movie ratings from Netflix customers:
the number of ratings, their average and standard
deviation values, the release year of the movie and
its number of actors.

3. PATENTS: It is a graph derived from a subset of the
citation graph of US patents granted between
January 1963 and December 1999.> We selected only
patents of the subcategory “Computer Peripherals.”
There are 10 vertex attributes as, for example, the
grant year and the corresponding number of claims.

4. GENES: This graph contains gene-gene interactions
[30], that is, each vertex stands for a gene and an
edge links two vertices if they are known to interact
during the biological transcription process. The
vertex attributes associated with each gene are its
expression values in each of 348 biological situations.
Those situations are as many human tissues from
several organs that are healthy or cancerous.

The main characteristics of these graphs are reported in
Table 1. All these properties have a minimum value of 0.
Many of these properties have a standard-deviation greater
than their average, suggesting that they follow power law
distributions. The computation of the topological descriptor
values in these networks take few hours. For instance, the
computation of centrality measures in DBLP, which is the
most expensive, takes around 4 hours. Note that we do not
compute NBQC, SZQC, and CLUST for the attributed graph
PATENTS, since it is a directed graph and, as such, there are
very few dense quasi-cliques and triangles.

6.2 Performance Study

6.2.1 Comparison with a Baseline Approach

Since there is no other algorithm that simultaneously
computes up and down covariations using the same
support measure as in our approach, we first study the
performance of TopGraphMiner by comparing it with a
baseline approach. It consists in using the algorithm of [5],
which only computes up covariations, after having dupli-
cate and reverse each descriptor. For instance, the vertex
ranked first with respect to the descriptor D" is ranked last
with respect to D~. Notice that nonsensible patterns, such
as {D*, D"}, will be discarded in linear time since their
support is 0. Besides, it is necessary to postprocess the
output patterns to remove the symmetrical patterns. This

2. http://www.imdb.com/.
3. http:/ /www.nber.org/patents/.

additional step is quadratic in the size of the output and can
be computationnaly expensive. However, for these experi-
ments, we do not take into account the execution time of
this postprocessing step.

Fig. 3A gives the ratio of the execution time of the
baseline approach to the execution time of our approach on
the four attributed graphs. We can see that for the graphs
MOVIES, PATENTS, and GENES, our approach is at least
twice as faster as the baseline. Besides, the lower the
support, the higher this ratio is. Notice that we were not
able to compute topological patterns for low support values
on the graph GENES, since there are many vertex attributes.
This behavior shows that our approach is more efficient
than the baseline one and that this efficiency does not only
rely on the fact that the number of descriptors of the graphs
is twice as smaller than the one used by the baseline
approach, but also on the pruning capability. With the DBLP
graph, however, the ratio decreases for lower supports. This
can be explained by the fact that there are many non-
frequent topological patterns with negative signs that are
early pruned by the baseline approach. Fig. 3B shows the
execution time spent by both algorithms with respect to
different numbers of randomly chosen original descriptors
from the MOVIES graph, with minimum support of
20 percent. We can observe that our approach outperforms
the baseline one and the gain is more important when the
number of descriptors increases. Fig. 3C gives the execution
time spent by both algorithms with respect to the number of
vertices in the attributed graph MOVIES, with minimum
support of 20 percent (the z-axis gives the replication
factor). We can notice that TopGraphMiner is faster than the
baseline approach and this especially as the number of
vertices increases. Although the computation of the support
of the patterns is quadratic in the number of vertices,
the execution times do not increase accordingly due to the
use of the range trees. We can, therefore, conclude that the
results shown in Fig. 3A are more influenced by the number
of descriptors than that of vertices.

6.2.2 Empirical Complexity of TopGraphMiner

Figs. 4A and 4B present, respectively, the execution time of
TopGraphMiner and the number of obtained frequent
patterns according to the minimum support threshold.
The execution time is strongly related to the number of
frequent topological patterns, even if the computation of the
support may impact the execution time when the number of
vertices is high. For example, for minimum supports greater
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Fig. 4. (A) Execution time, (B) number of patterns, and (C) pruning recall w.r.t. minimum support threshold.

than 60 percent, the number of frequent patterns in the
graphs MOVIES and PATENTS is greater than that in DBLP.
Nevertheless, the extraction of the patterns is faster in the
former two since they have fewer vertices than the latter.

Regarding the efficiency of our pruning technique (i.e.,
the upper bound on the support), Fig. 4C gives, for every
minimum support, the ratio of the number of pruned
patterns, thanks to (1), to the number of patterns that, in the
end, turned out to be indeed nonfrequent. In other words, it
gives the recall of our pruning technique. It can be seen
from this figure that the technique is very efficient for high
minimum support values on the four attributed graphs. In
fact, when the minimum support is higher than 70 percent,
almost all nonfrequent patterns are pruned without
computing their exact support.

However, for lower support values, we observe that the
upper bound is less stringent on MOVIES and PATENTS,
while keeping its performance for the graphs GENES and
DBLP. This behavior can be explained by the fact that the
upper bound exploits tie values, whose ratio is higher in the
latter two. Let us consider the ratio of tie values defined as

_ ZDeD Zu7v€V2u<v D(u) = D(U)

Ties(G)
DI.()
In the four real-world attributed graphs, this ratio is
Graphs | DBLP | MOVIES | PATENTS | GENES
Ties(G) | 08 0.16 0.32 0.69

The presence of many tie values in DBLP and GENES
descriptors may explain the robustness of the upper bound
with respect to the minimum support threshold.

Fig. 5 shows the execution time of TopGraphMiner
with and without using the upper bound. To show that

Genes with UB —e— |
90 Genes without UB -—-=——

Runtime (in seconds)

2 3 4

5 6 7 8 9 10
Replication Factor

Fig. 5. Impact of the upper bound on the execution time with respect to a
replication factor (GENES, minsup = 40 percent).

the use of the upper bound is more and more advanta-
geous as the number of vertices of the graph grows, we
plot the execution time of TopGraphMiner on GENES
graph with respect to a replication factor. We can observe
that the use of the upper bound reduces the execution
time and that this difference increases with the number of
vertices. Note that this difference is lightened by the use
of range trees, which reduce the impact of the computa-
tion of unpromising patterns.

7 CASE STUDIES

We now analyze the effectiveness of our approach on the
real-world attributed graphs.

7.1 Tell Us Where You Publish, We Tell You How
Important You Are

We examine the results obtained by TopGraphMiner on the
DBLP attributed graph regarding the following questions:

e Are there any interesting patterns among publica-

tions?

e  Are there interesting trends between some authors’

publications and topological properties?

e  What about IEEE TKDE authors?

Before extracting topological patterns with TopGraph-
Miner, we compute correlations between descriptors.
The resulting correlation matrix is reported in Fig. 6A.
The vertex attributes that have a correlation higher than
0.7 are VLDB, ICDE, and SIGMOD. The most correlated
topological properties are, on the one hand, BETW, DEGREE,
and PAGERANK and, on the other hand, SZQC and NBQC.
The vertex attributes and the topological properties that
are not correlated with any other (with a correlation
always lower than 0.2) are: SAC, Communication of

Cluster

04 o
Silhouette Value

(A) (B)

Fig. 6. (A) Correlation matrix between vertex attributes (1 to 29) and
topological properties (30 to 38) in DBLP. (B) Silhouette plot of the K-
means clustering on some topological patterns.
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TABLE 2
Most Frequent Vertex Attributes in Clusters of Patterns Found in
the DBLP Attributed Graph

| Cluster | # patterns | Most frequent vertex Cluster | # patterns | Most frequent vertex
attributes attributes
1 32 SAC—, IICAIT 6 17 KAIS™, SDMT,
PAKDD*, KDD+
2 34 CIKMT, PAKDD™ 7 13 IEEE TKDET
3 28 SIGMOD* 8 24 VLDBT, VLDBJT,
PVLDB*
4 15 AAATT 9 34 ICDMT, PKDDT,
KDD*
5 15 CommACM T 10 46 ICDET, SIGMODT,
TKDE*, VLDB+

ACM, IEEE International Systems, CLOSE and CLUST. These
correlation measures will help us in the interpretation of the
following results.

7.1.1 Topological Patterns on Conferences and Journals

Let us first consider topological patterns among publica-
tions venues. Mining all frequent topological patterns with
a support threshold of 1 percent takes 68 seconds. The
output contains 263 topological patterns, from which 58
(22 percent) involve negatively signed attributes. To better
understand the type of information retrieved by these
263 patterns, we performed a clustering analysis of
the topological patterns. We use K-means algorithm on
the 263 x 57 Boolean matrix where the rows correspond to
the patterns and the columns to the signed vertex attributes
(2 x29—1). We use the cosine distance and employ the
silhouette plot to determine the number of clusters. It
suggests 10 clusters (see Fig. 6B). The most frequent vertex
attributes of each cluster are shown in Table 2, that is the
vertex attributes that appear in at least in 2/3 of the cluster
patterns. We can observe that the majority of the clusters are
homogeneous, referring either to data mining or to database
publications. For instance, Clusters 1, 2, 6, and 9 refer to
data mining publications, while Clusters 3, 8, and 10 clearly
refer to database publications. Other clusters are related to a
specific conference/journal.

Interestingly, 20 of these patterns contain the attribute
SAC™ together with positively signed attributes. Examples of
such patterns are {SAC™,KDD"}, {SAC™,ECML/PKDD™},
{SAC™,VLDB"}, and {SAC™,SIGMOD"}. This type of
pattern can be explained by the fact that SAC scope is larger
than that of the other selected conferences, which are more

Va

/
Peter Bollen™ /

[Matthew M. Huntbach
Peter Rittgen']

Ramon E. Moore] Sub Ramakrishnan

CFadi N. Sibai
[Claudia Leopold

\ CJohn R. Fisher

Donald J. Alamed:
Anthony. Duben ) 0

— N

A)

Rakesh Agrawal
= }effreyF,Naughtoﬁv .
N

TABLE 3
Top Topological Patterns in the DBLP Attributed Graph

P Descriptors Measures Top-5 Representative vertices

Potl SACT, SzCoM~ | Suppay = 0.19 #1 F. N. Sibai, #2 M. M. Huntbach,
Gr(P,E) =0.21 #3 C. Leopold, #4 A. J. Duben, #5

P. Rittgen,
Porcerank+ | ICDET, Gr(P,PAGERANKT) = #1 H. Garcia-Molina, #2 M. Stone-
DEGREET, 253,933 braker, #3 G. Weikum #4 R.

BETW*, CLUST,
NBQCH, SzQC*
Pg PVLDBT,
DEGREET,
BETWT

Gr(P,E) =48
Suppay = 0.12
Gr(P,E) = 6.9682

Agrawal, #5 M. J. Franklin,

#1 G. Weikum, #2 J. Han, #3 D.
Maier #4 P. S. Yu, #5 H. Garcia-
Molina,

focused either on database or data mining topics. Since the
topics covered by SAC are much more general (e.g.,
programming languages, geometric constraints and reason-
ing, and applied biometrics), it is not surprising that many
authors that have several publications in SAC conference
series have none or few publications in the data mining or
database areas.

7.1.2 Are There Interesting Trends between Author
Publications and Topological Properties?
Table 3 reports the most frequent topological pattern (Fy;),
the most emerging pattern (FPpygrrank+) With respect to
PAGERANK™ and the most structurally correlated topolo-
gical pattern (Pg). Py is formed by descriptors SAC™ and
SZCOM™. Its meaning is that SAC authors tend to belong to
small communities, that is, these authors are rather isolated
in the graph as illustrated in Fig. 7A, where the top-10
representative vertices and their direct neighborhoods are
displayed. These vertices have a low degree. As mentioned
in Section 7.1.1, the scope of the SAC conference is much
wider than database and data mining topics. This makes
this pattern sensible and justifies that 1) this pattern is not
much correlated to the graph structure (Gr(P, E) = 0.21),
and 2) its top-five supporting vertices are mostly research-
ers from software engineering and network areas.

The computation of emerging patterns with respect to
PAGERANK, with a support threshold of 1 percent and a
growth-rate threshold of 3, takes around 6 hours and
produces 4,313 patterns. The most emerging pattern
Ppscerankt (see Table 3) contains many topological proper-
ties with a positive sign, except CLUST, which has a
negative sign. As we have seen before, PAGERANK is highly

R
Gerhard Weikt{ny\

7 A 17

X

Fig. 7. (A) Top 10 vertices supporting P, (B) Ppagerank, and (C) Pr and their connected vertices in DBLP.
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TABLE 4
Top-Five “Impacting” Publications in the Emergence of
DEGREET and BETW' w.rt. PAGERANK™ (A) along with
Their Top-Five Authors (B)

(A)
Rank PTopol PT0p02
Publication | Factor Publication | Factor
1 ECML/PKDD+ 2.5 PVLDB+ 5.67
2 IEEE TKDET 2.28 EDBT™ 5.11
3 PAKDDT 2.21 VLDB J.© 4.35
4 DASFAAT 2.09 SIGMOD ™ 4.25
5 ICDMT 1.95 ICDET 3.42
(B)
PAGERANKT DEGREET PAGERANKT BETWT
ECML/PKDD*t PVLDB+
Christos Faloutsos Gerhard Weikum
Jiawei Han Jiawei Han
Philip S. Yu David Maier
Bing Liu Philip S. Yu
C. Lee Giles Hector Garcia-Molina

correlated with DEGREE and BETW. Therefore, it is not
surprising that both appear in the pattern. On the other
hand, the presence of the property CLUST™ suggests that
the higher the PAGERANK of the authors (and consequently
their DEGREE and BETW), the lower the connectivity of their
coauthors. In other words, authors with high PAGERANK
have many coauthors that do not publish together. This can
be observed on Fig. 7B where the connectivity between
coauthors of the top-10 representative vertices is low. Those
that advise many PhD students can be seen as typical
examples of these authors.

The most structurally correlated topological pattern Py
gathers the descriptors PVLDB", DEGREE", and BETW™.
PVLDB is at the same time a well-established conference
and journal in the data mining and database communities.
This pattern is strongly structurally correlated (Gr(P,
E) > 5), ie, it tends to be more supported by pairs that
are edges than arbitrary pairs of vertices. Fig. 7C displays its
top-10 representative vertices.

We can also use emerging topological patterns, made
only of topological properties, to compare the relative
importance of conferences and journals. Let us consider

Propo, = {PAGERANK* DEGREE"} and
Propo, = {PAGERANK", BETW™},

two such emerging patterns whose respective growth-rates
are Gr(Propo, PAGERANK") =124.69 and Gr(Propo,,
PAGERANK™) = 584.46. These emerging patterns reveal
which conferences or journals are more related to the
topological properties BETW* and DEGREE™. To that end,
for each publication venue C and both emerging patterns
Propo, and Pryp,,, we compute the ratio Ggﬁgﬁ’ Cgﬁé;ﬁiﬁ?? .
Table 4A gives the top-five publications witﬁp;’éspect to this
ratio. Surprisingly, we observe that data mining conferences
have a higher impact on the pattern {PAGERANK",
DEGREE"}, while database conferences positively influ-
ence the growth-rate of the pattern {PAGERANK,
BETW™}. Since data mining intersects many other research

TABLE 5
Patterns Found in Movies and Their Top-Five Movies

Measures
Suppay = 0.7
Gr(P,E) =1.05

P | Descriptors
Pp | AVG_RATINGT
NB_RATINGS™

Top-5 movies

#1 The Green Mile, #2 Forrest Gump, #3 The Sixth
Sense, #4 Indiana Jones and the Last Crusade,

#5 Gladiator

#1 The Rock, #2 Fahrenheit 9/11, #3 The Godfather,
#4 Enemy of the State, #5 Men of Honor

#1 There’s no Business Like Show Business,

#2 Michael Moore Hates America, #3 Digimon: The
Movie, #4 Blown Away, #5 Benjamin Smoke

#1 Day of the Dead 2: Contagium, #2 raging sharks,
#3 My Big Phat Hip Hop Family, #4 The Fallen Ones,
#5 Last Days

Py | NB_RATINGST
CrLoset

P3 | STD_RATINGT
PAGERANK™

Suppa = 0.6
Gr(P,E) = 0.87
Suppay = 0.58
Gr(P,E) =0.89

Py | YEART
AVG_RATING ™

Suppan = 0.57
Gr(P,E) = 0.94

areas, these results may be explained by the fact that data
mining authors may also publish with many others from
different areas, such as database and machine learning ones.
On the other hand, as database is an older well-established
research field, database authors tend to appear at the center
of the graph. For the most impacting publications, we
identify the top-five representative authors. They are shown
in Table 4B.

7.1.3 What about the IEEE TKDE Authors?

We also look for the emerging patterns with respect to the
attribute IEEE TKDE, with support threshold of 1 percent
and growth-rate threshold of 3 (their computation takes
around 5 hours). We obtain 745 emerging patterns with
respect to the class [IEEE TKDE*. The most emerging pattern
is Prgpr = ICDE", VLDB", BETW", PAGERANK™", with
Gr(Prxpe, TKDE") = 11.75. This pattern indicates that
authors publishing in IEEE TKDE journal tend also to
publish papers in the conferences ICDE and VLDB.
BETW suggests that these authors are located at the center
of the coauthorship graph, while PAGERANK™ means that
they coauthored papers with other researchers that also
appear at the center of the graph. It is important to observe
that this pattern is also highly structurally correlated
(Gr(Prkpg, E) = 6.5758). Furthermore, this pattern is sensi-
ble since it is supported by well-established researchers in
the Database community: Christos Faloutsos, Jiawei Han,
Philip S. Yu, Beng Chin Ooi, and Hector Garcia-Molina are its
top-five representative authors.

7.2 Do We Only Appreciate Blockbusters?

Let us now consider the real-world attributed graph
MOVIES. Table 5 shows the four most frequent topological
patterns (with at least two descriptors) with their top-five
representative movies. Pattern P; suggests that Netflix users
tend to rate movies they like. Its top-10 representative
movies are connected (see Fig. 8A), which indicates they
have at least one actor in common. The second pattern P,
reveals that many users tend to rate movies located at the
center of the graph, that is, movies with “major” actors (e.g.,
R. de Niro, S. Connery, T. Hanks, B. Willis, H. Ford, etc.).
Therefore, the supporting vertices of this pattern is made of
major blockbusters (see Fig. 8B). Pattern P; indicates that
controversial movies (those with a high rating standard
deviation) tend to be isolated within the graph (lower
PAGERANK): they are more independent films without
well-known actors. Note that all the supporting movies of
this pattern have a degree of 0. Finally, pattern P, suggests
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Fig. 8. (A) Top 10 vertices supporting P;, (B) P», and (C) Py and their connected vertices in MOVIES.

that older movies are better rated. This can be due to the
fact that the ratings were given between 1998 and 2005.
Therefore, Netflix users tend to rate only noncontemporary
movies they like and to forget those they did not like
over time.

Table 6 shows the most emerging topological pattern
with respect to the PAGERANK and the most structurally
correlated pattern. Pattern Ppagrrank gathers descriptors
NB_ACTORS" and all the centrality measures, plus
STD_RATING™ and NB_RATINGS'. As the edges of
MOVIES encode the fact that two movies share at least one
actor, it is not surprising that this pattern associates
NB_ACTORS™ with all centrality measures. Furthermore,
the attribute STD_RATING™ indicates that the representa-
tive movies of this pattern are consensual.

The most structurally correlated topological pattern Py
reveals that recent movies (YEAR") tend to play a central
role within the graph (BETW', EGVECT', PAGERANK™)
and their neighbors tend to be not connected (CLUST™),
since it is not common that several movies share the same
casting. The projection of its top-10 representative vertices
on the graph is given in Fig. 8C.

7.3 How Do Patents Cite Each Other?

We now present some topological patterns found in
PATENTS. Table 7 shows the four most frequent patterns
that involve vertex attributes and topological properties.
The companies associated with the top-five representative
vertices of these patterns are also shown. For the pattern
Py, all five representatives belong to the same company
Canon Kabushiki Kaisha. For the other patterns, at least

TABLE 6
Top Topological Patterns in MoviES

P Descriptors Measures Top-5 movies

Pppcerank+ | NB_ACTORST Suppau = 0.052 #1 The Godfather,
STD_RATING™ Gr(P,PAGERANKT) = | #2 Crimson Tide,
NB_RATINGST 11,789 #3 The Untouchables,
DEGREE™ CLOSET | Gr(P,E) =0.32 #4 The Hunt for
BETWT EGVECTT Red October,
NBQC* $zQC+t #5 Apollo 13,
SzCom*

P YEART, BETWT, | Supp.; = 0.05 #1 Catch me if you can,
EGVECTT, Gr(P,E) =2.78 #2 True Crime,
PAGERANKT, CLUST— #3 Batman Begins,

#4 The Quiet Ameri-
can,
#5 Scenes of the Crime,

two of the top-five representative patents belong to the
same company.

Patterns P, and P, are sensible since to have a high
PAGERANK value, a vertex must have high inner or outer
degree (see Figs. 9A and 9B). P; means that “the younger
the patents, the lower the PAGERANK.” This knowledge
nugget is meaningful as older patents are more widely cited
than younger ones. All its top-10 representative patents
have a degree of 0. P, reveals that the higher the number of
claims, the higher the PAGERANK of the patent. This can be
explained by the fact that the claims of the patents may refer
to many previously granted patents.

The most emerging topological pattern with respect to
PAGERANK indicates that the more generic a patent is, the
more its location tends to be central in the graph (see
Table 8). The vertex attribute named GENERAL is related to
the number of times the patent is cited by subsequent
patents that belong to a wide range of fields. Py discloses
the fact that the more recent a patent is, the higher the
number of citations to previously granted patents, whereas
it tends to be not cited and consequently its PAGERANK
tends to be low (see Fig. 9C).

7.4 Are Topological Patterns in GENES Relevant with
Respect to Prior Knowledge?
To validate our approach using the attributed graph GENES,
we analyze four specific patterns given in Table 9, along
with their corresponding measures. Each pattern is com-
posed of two vertex attributes. The first attribute is a
biological situation that corresponds to a healthy tissue:
normal pancreas (P, and P») or normal colon (P; and Py).
The second attribute is a biological situation that corre-
sponds to the same but cancerous tissue (adenocarcinoma

TABLE 7
Frequent Patterns in PATENTS with the Associated Companies of
Their Top-Five Patents

Descriptors Measures Companies associated with the Top-5 patents

Py INNER_DEGREET,[ Supp,;; = 0.62 #1 Canon Kabushiki Kaisha
PAGERANK Gr(P,E) = 1.82

P, | OUTER_DEGREET] Supp,y = 0.59 #1 Hewlett-Packard Company, #2 Colorado Mi-
PAGERANK™ Gr(P,E) =0.82 | crodisplay

P3 | GRAND_YEART, Suppay = 0.52 #1 Nippondenso Co., #2 Canon Kabushiki
PAGERANK ~ Gr(P,E) =1.28 | Kaisha #3 Sony Co., #4 Intel Co., #4 Ricoh

Company

Py NB_CLAIMST, Suppan = 0.51 #1 Canon Kabushiki Kaisha, #2 National Instru-

PAGERANK™ Gr(P,E) =1.01 ments #3 VPL Research Inc., #4 Xerox Co.
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Fig. 9. (A) Top 10 vertices supporting Py, (B) P», and (C) P and their connected vertices of PATENTS.

for P, and P;, and carcinoma for P, and P,). Moreover, the
first attribute is negatively signed, whereas the second one
is positively signed. So, the most representative genes of
these patterns are those that are inhibited in a normal tissue
but are overexpressed in a cancerous one.

To verify whether the given patterns are sensible, we
study their supporting genes. More precisely, for each
pattern, we consider the ranks achieved by some of their
supporting genes known to be involved in pancreatic and
colon cancer. We compute the normalized average ranks of
two specific sets of genes known to be overexpressed in
pancreatic cancer (HLA-DRB4, PPAPDC1B, THBS1) [6] and
also in colon cancer (ANXA1, GJB2, PSMC5, RPS7) [26]. The
lower the ranks achieved by such genes, the more
representative they are.

The computed average ranks are given in the fourth and
fifth columns of Table 9. As can be observed from the
fourth column, the genes defined as associated with
pancreatic cancer in [6] indeed highly support the patterns
related to pancreatic tissue, P; and P. On average, they are
ranked above the first half of the ranks. We can also
observe that the same genes are not the most representative
of the patterns related to colon cancer (P; and P;), since
they achieved high average ranks for these patterns (above
0.8). From the fifth column of the same table, we can
observe that the genes identified in [26] as associated with
colon cancer are not only related to this type of cancer, but
also to pancreatic cancer, as they have low average ranks
for all four patterns. This is exactly what is claimed in [26]:
“the genes ANXAI1, GJB2, RPS7 were ALSO identified as
metastasis-specific of pancreatic metastatic tumor cells versus
their nonmetastatic counterparts.” Finally, all patterns are
positively correlated to the graph structure, which means
that they are more supported by pairs of genes that are
known to interact than arbitrary gene pairs.

TABLE 8
Top Topological Patterns in PATENTS

8 RELATED WORK

Graph mining is an active topic in data mining. In the
literature, there exist two main trends to analyze graphs. On
the one hand, graphs are studied at a macroscopic level by
considering statistical graph properties (e.g., diameter,
degree distribution) [2], [7]. On the other hand, sophisti-
cated graph properties are discovered by using a local
pattern mining approach. Recent approaches mine attrib-
uted graphs which convey more information. In such
graphs, information is locally available on vertices by
means of attribute values. As argued by Moser et al. [23],
“often features and edges contain complementary information,
i.e., neither the relationships can be derived from the feature
vectors nor vice versa.”

Attributed graphs are extensively studied by means of
clustering techniques (see, e.g., [1], [8], [13], [15], [20], [33])
whereas pattern mining techniques in such graphs have
been less investigated. The pioneering work [23] proposes a
method to find dense homogeneous subgraphs (i.e.,
subgraphs whose vertices share a large set of attributes).
Similar to this work, Giinnemann et al. [14] propose a
method based on subspace clustering and dense subgraph
mining to extract nonredundant subgraphs that are homo-
genous with respect to vertex attributes. Silva et al. [29]
extract pairs of dense subgraphs and Boolean attribute sets
such that the Boolean attributes are strongly associated with
the dense subgraphs. In [24], Mougel et al. propose the task
of finding the collections of homogeneous k-clique perco-
lated components (i.e., components made of overlapping
cliques sharing a common set of true valued attributes) in
Boolean attributed graphs. Another approach is presented
in [19], where a larger neighborhood is considered. This
pattern type relies on a relaxation of the accurate structure

TABLE 9
Four Specific Patterns in GENES

P | Pattern Measures PANCREAS | COLON
P Descriptors Measures Top-5 companies AVG RANK | AVG RANK
Ppyoerank+ | INNER_DEGREET, | Supp,; = 0.02 | #1 VISUA #2 University of Pitts- Pr | PANCREAS NORMAL™ Suppay = 0.0125 0.378 0.308
GENERALT, Gr(P, E) =1094.08 | burgh #3 Sony #4 CADWARE #5 PANCREAS ADENOCARCINOMA™ | Gr(P, E) = 1.877
CLoSE™, BETWT, TALIGENT P> | PANCREAS NORMAL™ Suppq = 0.0097 0.510 0.183
PAGERANK ™ PANCREAS CARCINOMA T Gr(P,E) = 1.941
Pp GRAND_YEART, Suppa = 0.03 | #1 Immersion Corp., #2 MIT, #3 P3| COLON NORMAL Suppay = 0.0162 0.821 0.230
OUTER_DEGREE™, | Gr(P,E) =T7.47 Immersion Human Interface Corp., COLON ADENOCARCINOMA T Gr(P,E) = 1.586
INNER_DEGREE™, #4 Fed Corp., #5 Time Warner En- Py | COLON NORMAL™ Suppay = 0.0133 0.806 0.306
PAGERANK ™ tertai COLON CARCINOMAT Gr(P, E) = 1.050
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constraint on subgraphs. Roughly speaking, they propose a
probabilistic approach to both construct the neighborhood
of a vertex and propagate information into this neighbor-
hood. Following the same motivation, Sese et al. [27] extract
(not necessarily dense) subgraph with common item sets.

Note that these approaches use a single type of
topological information based on the neighborhood of the
vertices. Furthermore, they do not handle numerical
attributes as in our proposal. However, global statistical
analysis [11] of a single graph considers several measures to
describe the graph topology, but does not benefit from
vertex attributes. Besides, current local pattern mining
techniques on attributed graphs do not consider numerical
attributes nor macroscopic topological properties. To the
best of our knowledge, our paper represents a first attempt
to combine both microscopic and macroscopic analysis on
graphs by means of (emerging) topological pattern mining.
Indeed, several approaches aim at building global models
from local patterns [12], but none of them tries to combine
information from different graph granularity levels.

Covariation patterns are also known as gradual patterns
[9] or rank-correlated item sets [5]. Do et al. [9] use a
support measure based on the length of the longest path
between ordered objects. This measure has some draw-
backs w.r.t. computational and semantics aspects. Calders
et al. [5] introduce a support measure based on the
Kendall’s 7 statistical measure. However, their approach is
not defined to simultaneously discover up and down
covariation patterns as does our approach. Another
novelty of our work is the definition of other interesting-
ness measures to capture emerging covariations. Finally,
this work is also the first attempt to use covariation pattern
mining in attributed graphs.

9 CoNcLUSION AND FUTURE DIRECTIONS

We propose TopGraphMiner, an algorithm that supports
network analysis by finding regularities among vertex
topological properties and attributes. It mines frequent
topological patterns as up and down covariations involving
both attributes and topological properties of graph vertices.
In addition, we define two interestingness measures to
capture the significance of a pattern with respect to either a
given descriptor, or the relationship encoded by the graph
edges. Furthermore, by identifying the top k representative
vertices of a topological pattern, we support a better
interaction with end-users. Experimental results illustrate
the added value of our approach. In particular, we report
on four real-world case studies: a coauthorship graph built
from the DBLP digital library, a graph derived from
movies’ characteristics, a citation graph of US patents,
and a protein-protein interaction graph. These case studies
show the capability of TopGraphMiner to discover sensible
patterns. Our work opens several perspectives. A short-
term perspective would be to extend our framework to take
into account the information conveyed by categorical vertex
descriptors. Another interesting perspective would be to
adapt the topological pattern mining approach to dynamic
graphs by, for instance, identifying unexpected topological
patterns over time.
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