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graph edit distance [7] and Levenshtein distance [8]. However,
in the context of brain networks, the location of nodes is a key
factor for the graph characterization as reported very recently
[9]. The physical location of vertices in brain networks is a
major factor to measure similarity between graphs. Indeed, two
networks with identical properties but interconnecting different
brain areas should be considered to have low similarity.
Conversely, two graphs with dissimilar properties but
interconnecting similar brain regions should be considered
being closer. Pineda-Pardo et al. [9] showed in a recent study
that the 3D coordinates of the brain vertices are important to
characterize the brain networks.
In this paper, we propose a novel algorithm for computing
the similarity between two graphs. It makes use of the fact that
the topological property represented by the physical location of
vertices is a crucial parameter. On the one side, this algorithm
combines the vertex and edge similarities and on the other side
it takes into account the physical locations (3D coordinates) of
the vertices (brain sub-regions in our case). The performance
of the proposed algorithm is analyzed on synthetic graphs. The
algorithm is then evaluated on a real application aimed at
detecting modules in brain networks during a picture naming
task.
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INTRODUCTION

Functional brain networks represent the interactions
between distinct and distant (sub)cortical regions [1] during
cognitive activity. These networks are usually represented as
graphs where brain regions are denoted by vertices and where
the functional connectivity is denoted by edges [2]. In this
context, graph theory based analysis was shown to be the most
efficient approach to reveal the characteristics of these
networks [3].
Over the past decades, graph theory has enormously
developed and extensive literature exists about the plethora of
methods proposed to characterize graph properties. Briefly,
these measures fall into two categories. Some are related to
vertex properties, such as the degree, the strength and the
presence of hubs [4]. The others are related to the global
features of the considered graph such as density and modularity
[5].
As compared with the large number of methods aiming at
characterizing graph properties [4], less attention has been paid
to algorithms aimed at comparing graphs. So far, few
algorithms have been proposed to measure graph similarity,
such as the use of graphs and subgraphs isomorphism [6],

II.

MATERIALS AND METHODS

A. Definitions
Let us consider undirected, simple, weighted graphs. A graph
G is a pair of sets G (V , E ) , where V is the set of vertices
(with known Cartesian coordinates), and | V | is the order of
the graph (number of vertices). E  V uV defines the edges.
The graph is said to be simple if there is no edge linking a
vertex with itself. We denote by WnG, m the weight of the edge
between vertices n and m in graph G . The graph is said to be
undirected if the adjacency matrix is symmetric. The similarity
measure between two graphs G1 and G2 is denoted
by sim(G1 , G2 ) . A graph G is located into a grid Gr ( u ) where
u is the total number of vertices in Gr. We introduce the
matrix S as the Euclidian distance matrix between all the
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Abstract— Measuring similarity among graphs is recognized as
a non-trivial problem. Most of the algorithms proposed so far
ignore the spatial location of vertices, which is a crucial factor in
the context of brain networks. In this paper, we present a novel
algorithm, called “SimNet”, for measuring the similarity between
two graphs whose vertices represent the position of sources over
the cortex. The novelty is to account for differences at the level of
spatially-registered vertices and edges. Simulated graphs are
used to evaluate the algorithm performance and to compare it
with methods reported elsewhere. Results show that SimNet is
able to quantify the similarity between two graphs under a
spatial constraint based on the 3D location of edges.
The application of SimNet on real data (dense EEG) reveals the
presence of spatially-different brain networks modules activating
during cognitive activity.
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and does not exist in the other, while 0 means an edge exists
for both graphs between the same vertices.

vertices of Gr. Lines and columns in S represent the vertices.
The values of S are the Euclidian distances between vertices
coordinates, S is symmetric with zero values in the diagonal.

diff (WnG,m1 , WnG,m2 ) | WnG,m1  WnG,m2 |

(1)
The distance between two graphs is then calculated by
combining the vertices distance (dv) and the edges distance:

B. Proposed similarity algorithm “SimNet”
Let us consider two graphs G1 (V1 , E1 ) and G2 (V2 , E2 ) with
possibly distinct numbers of vertices and edges. The objective
is to propose a method able to provide a “distance” between
G1 and G2 . To proceed, our method is based on estimating the
minimum number of transformations (deletion, insertion,
substitution of vertices and edges) that are necessary to
transform G2 into G1 . More precisely, we decompose the
problem into two steps:
First step: “vertex distance” between G1 and G2 , this part
can be summarized as following:
x Calculate the Euclidian distances between each pair
of vertices in the grid to obtain the matrix of
distances S
x Initialize the vertices distance dv between G1 and

x
x

G2
Compute the intersection of the sets of
vertices C V1 V2
Define V1' V1  C and V2' V2  C as the sets of
vertices that belong to one graph and do not belong to
the other graph.
Define a sphere with radius R
Route the sphere on each vertex n of V1' in G2

x

Substitute the vertex m of V2' with the vertex n of

x
x

|V |

n 1m 2

(2)

We convert the distance D(G1 , G2 ) to the similarity measure
sim(G1 , G2 ) via the formula sim (1/ (1  D)) . The similarity
score  [0,1] where 0 means that G1 and G2 are totally
dissimilar while 1 means that G1 and G2 are identical.
C. Methods used for measuring graph simialrities
We compare our algorithm, SimNet, with four already existing
algorithms in the state of the art of graph similarity domain:
1Graph edit distance:[10] This distance is based on
the transformation of one graph to another using elementary
operations. If we associate an elementary cost for each
operation, the edit distance is defined as the sequence that
requires the least cost to transform G1 into G2 .

V1  | V2 | 2 | V1  V2 | 

simGED (G1 , G2 )

| E1 |  | E2 | 2 | E1  E2 |
2- DeltaCon method: Assess the similarity between two
graphs on the same number of vertices, details in [11].
3- Vertex/Edge Overlap method (VEO):[12] Two graphs
are similar if they share many vertices and edges. For this
method the similarity between two graphs G1 (V1 , E1 ) and

V1' in G2 , if m located in the sphere, in other words

x

|V |

dv  ¦¦ diff (WnG,m1 ,WnG,m2 )

D(G1 , G2 )

the distance between n and m is less than R, the cost
of substitution is equal to the Euclidian distance
between n and m.
Delete the rest of vertices that belongs to G2 and do
not substitute with any other vertex that belongs
to G1 .

G2 (V2 , E2 ) is defined as:
simVEO (G1 , G2 )

2

| V1  V2 |  | E1  E2 |
| V1 |  | V2 |  | E1 |  | E2 |

x

Insert vertices in G2 that belong to G1 and do not
belong to G2 .
The cost of substitution between two vertices is equal to the
Euclidian distance between these two vertices. This cost is less
than the cost of insertion and the cost of deletion of a vertex
which are equal to a constant value. In our study, the cost of
insertion or deletion of a vertex is equal to the maximal
distance between two vertices, which is the maximal value in
the matrix S .
Second step: edge distance between G1 and G2 :

4-

L

d λ (G1 , G2 )

¦ (λ

1l

 λ2l )2 ,

where

l 1

^λ `

G2

2l

are the set of eigenvalues of the

^λ `

G1

1l

and

adjacency

and
where l is the index of the
matrices of
eigenvalue and L the total number.
D. Real Data
We used real data obtained from EEG signals measured on
subjects performing a picture naming task. We asked twenty
one subjects to name pictures shown on a screen using EPrime 2.0 software (Psychology Software Tools, Pittsburgh,
PA). The 148 pictures were selected from a database of 400
pictures standardized for French [14] and were used during
two sessions of 74 stimuli. We recorded the brain activity

In this step, the distance between the edges of G1 and G2 is
computed. It consists in calculating the weight difference
between two edges into two different graphs. We use equation
(1) to calculate the edge distance, the

λ-distance method ( Spectral method): [13]

diff (WnG,m1 ,WnG,m2 ) score

 >0,1@ where 1 means that an edge exists just in one graph
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using hr-EEG system (EGI, Electrical Geodesic Inc.). The
collection of EEG signals was made with a 1 kHz sampling
frequency and band-pass filtered between 3 and 45Hz [15, 16].
EEGLAB open source toolbox was used for the preprocessing
steps. This study was approved by the National Ethics
Committee for the Protection of Persons (CPP), (conneXion
study, agreement number 2012-A01227-36, promoter: Rennes
University Hospital). We excluded the electrodes located on
the face as well as the few electrodes showing too high
impedance.
A recent study realized by Hassan et al. [17] showed that the
combination of the Phase Locking Value (PLV) as
connectivity method and weighted Minimum Norm Estimator
(wMNE) as source localization method applied to dense EEG
provides the best performance to study functional connectivity
at source level. The functional connectivity graphs obtained
following this combination of methods are used for our
present purpose.
In this paper, the graph G is defined as a set of vertices V
representing the brain regions segmented from the Destrieux
Atlas [18] and the edges E represent the functional
connectivity computed between the EEG reconstructed
sources.
III.

Typical examples of the generated graphs are shown in figure
1 at three different noise levels. These steps were applied 1000
times and results were averaged for each similarity method. In
figure 1, the dark color represents the averaging result of the
similarity measures and the shadow represents their standard
deviations. Results show that only SimNet algorithm presents
a high ability to detect shifting of the vertices location. The
other algorithms were unable to detect any shifting of vertices
coordinates and their similarity values did not change during
the variation of noise level.
B. Application to brain networks
SimNet was then applied to brain networks computed from the
21 subjects performing a picture naming task, the results being
presented in figure 2. Figure 2A represents the similarity
matrix that contains the similarity scores computed between
all available graphs at each milliseconds scale. To visualize
the highest value of similarities, we applied a threshold to
obtain the matrix B that retains only the highest top 10% of
the similarities score. In figure 2C we detect modules (groups
of graphs that having high similarity values between them) in
the similarity matrix using Louvain algorithm [19]. Three
modules are detected. Module (1) in blue color appears in two
intervals of time, module (2) in red color appears between 280
ms and 370 ms and very briefly around 540 ms. Finally
module (3) in green color appears between 440 ms and 560
ms. We rearrange the three modules to show their lengths
(figure 2D). The representation of the second module, from
three different views is also shown in figure 2E. It shows a
network with long-range occipital-frontal connections.

RESULTS

A. Synthetic test
To study the sensitivity of the five methods based on the
variations of vertex locations, we generate a random graph G
with 20 vertices located into a grid Gr (20 × 20). The
similarity between the graphs was then obtained at each noise
level. Briefly, the noise level is defined as random substitution
between each vertex of the graph and one of its neighbors
(noise=1, the neighbors are the first square around the vertex;
noise= 2, the neighbor are the two squares around the vertex;
...). We recalculate the similarity between the initial graph and
the noised graphs at each noise level.

IV.

DISCUSSION

In this paper, we proposed a new algorithm called SimNet
aiming at measuring the similarity between graphs in the
context of brain networks when the physical location of
vertices is supposed to be crucial.
On synthetic graphs, SimNet algorithm outperforms the other
methods to detect shifting of the vertices location. Note that
the other algorithms were developed for specific applications
where the spatial location of graphs was not the primary
intent.
One of the issues faced in our study is to specify the
substitution zone between two vertices because increasing the
radius (R) may increase the similarity score between two
graphs. This parameter must be studied carefully to find the
relation with the similarity score value. In this study we take
the minimum distance between vertices in S as the radius
value. The application of SimNet on real brain networks
revealed the presence of different modules. These preliminary
results seem to provide a new way of segmenting the cognitive
process into different modules. These results have to be deeply
compared with other algorithms mainly those detecting the socalled functional connectivity states of clusters [16].
In this paper, the distance between vertices was assumed to be
Euclidian which seems to be not fully adequate as the brain
surface is consisting of sulci and gyri (folded brain surface).
Using the geodesic distance instead the Euclidian distance
would likely be more appropriate in this case.

Figure 1: Variation of similarity values computed from the 5 algorithms
under evaluation with respect to the level of noise.
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Figure 2: A-similarity score between connectivity graphs at each millisecond scale during picture naming task. -B-The same matrix in -A- after applying
a threshold that retains only the top 10% of all similarities values. -C- Identified modules using Louvain method[19].–D- Rearrangement of the three
modules. -E- Graphs representation of the second module from three different views (Top, Right, and Left).
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CONCLUSION

In this paper, a new algorithm ‘SimNet’ for detecting
similarity between graphs was proposed. The algorithm
performance was evaluated using synthetic complex graphs.
It shows a high ability to detect shifting of the vertices
location and robustness to noise added to the vertex
locations. SimNet also shows a good performance for the
detection of modules in brain networks during picture
naming task.
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