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ABSTRACT

Functional Magnetic Resonance Imaging (fMRI) is an imag-
ing technique that allows to explore brain function in vivo.
Many methods dedicated to analyzing these data are based on
graph modeling, each node corresponding to a brain region
and the edges representing their functional link. The objec-
tive of this work is to investigate the interest of methods for
extracting frequent pattern in graphs to compare these data
between two populations. Results are presented in the con-
text of the characterization of a mouse model of Alzheimer’s
disease in comparison with a group of control mice.

Index Terms— Graph, frequent pattern mining, fMRI,
brain function

1. INTRODUCTION

Functional Magnetic Resonance Imaging (fMRI) is widely
used in the field of neuroscience to investigate brain function.
Resting fMRI (rsfMRI) is more particularly used to highlight
and characterize cerebral networks, i.e., sets of regions, which
activate synchronously over time. A large number of methods
for analyzing these data rely on graph modelling, each node
corresponding to a brain region and edges representing the
correlation between the two regions. In order to compare this
data across groups of subjects, two strategies are generally
used, either by performing univariate or multivariate statisti-
cal tests on the correlation coefficients between the different
regions, either by characterizing the global or local topology
of these graphs, via parameters such as degree, hubness, clus-
tering coefficient, average path length, that are extracted for
each individual and then compared at group level using statis-
tical tests [1].

The aim of this work is to show the potential of graph
frequent pattern mining methods for comparing rsfMRI se-
quences between two populations. It focuses on the charac-
terization of a murine model of Alzheimer’s disease in com-
parison with a group of control mice.

Searching for structures in graphs is a core problem with
many applications, such as the characterization of chemical
structures or the study of social networks. Different ap-
proaches have been proposed to extract frequent subgraphs,
either from a single large graph, or from a set of graphs.
One of the first generic algorithms, AGM [2] is based on an
extension of Apriori frequent pattern mining algorithm [3].
It allows to find frequent subgraphs in a graph database. On
the same basis, algorithms FSG [4] and gSpan [5] were then
designed. We use the latter in this work. More recently, [6]
have proposed an approach for frequent pattern mining in a
single large graph.

In the following, we first describe the data and the pre-
processing pipeline (Sect. 2). Then, we present the proposed
approach for extracting and comparing common subgraphs
between two groups (Sect. 3). Results are detailed and dis-
cussed in Sect. 4, while Section 5 gives some conclusions and
perspectives of this work.

2. DATA DESCRIPTION AND PREPROCESSING

The study focuses on a mouse model of Alzheimer’s disease
(Thy-Tau22) [7]. A group of naj, = 16 Alzheimer’s mice
is compared to a group of ncy) = 13 control mice. rsfMRI
were acquired on a 7T MR scanner (BioSpec 70/30, Bruker,
Germany) using a GE-EPI sequence with the following pa-
rameters: 500 volumes, TE: 15ms, TR: 2000ms, 27 axial
slices, slice thickness: 0.4mm, in-plane spatial resolution:
0.14x0.22mm. Data were preprocessed with SPM8 ! and
SPMmouse? libraries according to the following pipeline: (i)
motion correction, (i) affine registration on the Allen Brain
atlas®, (iii) Gaussian spatial filtering (FWHM: 2mm), (iv)
temporal bandpass filtering (0.01-0.1Hz) and (v) regressing
out the signal of the cerebrospinal fluid (see [7] for details).
Twenty-two regions known to be involved in Alzheimer’s

"http://www.fil.ion.ucl.ac.uk/spm/
Zwww.spmmouse.org
3http://mouse.brain-map.org/static/atlas



disease were considered. The partial correlation coefficients
between the average time course of each pair of regions were
calculated to build a correlation matrix for each mouse (see
Fig. 1.a). These matrices were then binarized by retaining
only the correlations greater than a given threshold 6 (Fig.
1.b). To reduce the influence of choosing one arbitrary thresh-
old, a range of threshold values was considered.

Each binarized matrix is then modeled by a graph G¢ =
(S, AL), representative of the i*" mouse (i € {1,...n,}) of
group x (z € {Ctrl, Alz}) (see Fig. 1.c). The set of vertices
8! C S represents the brain areas and the set of edges A’
represent the links between these areas. Note that each ver-
tex of S occurs at most only once in each graph G. By this
way, each mouse population is represented by a set of graphs,
denoted Day, and D¢y for Alzheimer and control group, re-
spectively.

3. EXTRACTION AND COMPARISON OF
FREQUENT PATTERNS

The proposed approach is composed of two steps: (i) the ex-
traction of frequent patterns in all subjects regardless to their
belonging group and then (ii) the statistical comparison of the
frequency of these patterns within each group. The aim is to
highlight brain networks that are altered (i.e., less frequent or
even absent) in one of the two groups.

3.1. Subgraph pattern extraction

Let D be a set of graphs, and M a subgraph that is present in
one or more graphs of D. The set of graphs of D, that contain
the subgraph M is refered as the support of M and is denoted
by support ,,. The frequency faq of M in D is defined as
the ratio of M support cardinality and the total number of
graphs, i.e., fam = %. A subgraph M is classified as
a frequent pattern if its frequency fa is greater than a given
threshold o [4].

To perform this task, we used an implementation* of
gSPan algorithm [5]. It is based on an in-depth search for a
hierarchical space to eliminate candidate subgraphs. Techni-
cally, each graph is associated to a code defined as a sequence,
so that isomorphic graphs (i.e., graphs for which there is a
bijection between the vertices preserving the edges) share the
same code. By this way, the problem of frequent patterns
mining in a set of graphs boils down to a mining problem of
a set of sequences, which can be solved far more efficiently.

Practically, we applied gSPan algorithm to the set D¢y U
Dy, with a given frequency threshold o, in order to extract
subgraphs that are common to at least (nct;1 + nalz) * 0 sub-
jects, regardless to the group they belong.

“https://github.com/betterenvi/gSpan

3.2. Subgraph frequency analysis

The second step of the proposed framework consists in an-
alyzing the extracted subgraphs while now considering the
belonging group of each subject. The goal is to identify the
subgraphs that may be statistically less frequent in one of the
two groups. To this end, the frequency of each pattern M in
group x is computed as follows:

fixq = |support o, N Dx|/| Dx]|

Then, a bilateral z-test for comparing proportions between
two independent samples is carried out:

fAlZ _ fCtrl
Z= Al fﬁ» Ag 1 Ctrl AJAfahl)
\/fM‘(lffM‘) Vi
MNAlz N Ctrl

Thus, a pattern is labeled as statistically different at the sig-
nificance level « = 0,05 if |Z| > 1.96. In order to associate
to each detected graph a degree of confidence, the p-value of
the statistical test (i.e., probability under hypothesis H, that a
pattern is detected by chance) is also calculated.

4. EXPERIMENTS

4.1. Results

To reduce the influence of the choice of the threshold 6 on
the correlations, experiments were conducted for correlation
thresholds varying from 0.3 to 0.6 with 0.1 increment. The
threshold for the support has been set to o = 0.25. The pat-
terns detected and labeled as different between the two popu-
lations are summarized in Tab. 1. At the threshold § = 0.4,
two subgraphs are found to be statistically different between
the two group: g1 (with frequencies 0.375 for Alz group vs.
0.769 for Ctrl group) and go (with frequencies 0.625 vs. 1).
At the threshold § = 0.3, only the graph g3 is found to be sta-
tistically different. Interestingly, gs includes go, but in con-
trast to go which was more frequent in the Ctrl group (13/13)
as compared to the Alz group (10/16), g3 appears to be quasi-
absent in the Ctrl group (2/13) while the frequency remains
almost the same in the Alz group (9/16).

To allow a more detailed interpretation of the results and
to understand the seemingly contradictory behavior between
g2 and g3, it is necessary to analyze the frequencies of the
edges constituting the graphs as well as the associated p-
values (see the right side of Tab. 1). If we examine the edges
of graph g1, we can notice that none of them have a statisti-
cally different frequency between the two populations. This is
of great interest since the commonly used approach that relies
on univariate statistical test conducted on each edge indepen-
dently would fail to detect this network. In fact, this network
appears to be remarkably stable in the Ctrl group while ex-
hibiting much more variability in the Alzhheimer group: most
of the mice of Alz group have one or two altered connections
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Fig. 1. Representations of the functional relationships between brain areas for a mouse: (a) correlation matrix (¢ € [—1;1]); (b)
binarized correlation matrix (thresholding : ¢ > 6 = 0, 35); (c) corresponding graph representation.

but not always the same. For graph g», only a single edge
has a significantly lower frequency in the Alz group, thus
explaining the lower frequency of the whole graph. For graph
g3 that includes graph g-, the edge Both_ACA - Both_MOp is
no longer statistically different (decreasing the threshold on
the correlation makes the frequency of this edge increase in
Alz group), while the edge Both-MOp - Right_SS (which is
not included in go) is, this time, less frequent in Ctrl mice.
This emphasizes the main added value of the proposed frame-
work as compared to the standard approach that focuses only
on edges analysis: the proposed approach does not only high-
light deficient connection, but rather altered networks, with
sometimes only one or even none statistically different edge
between the groups. Reporting alteration at both network and
connection levels is really of great interest for neuroscientists
to help them in the interpretation of the observed functionnal
connectivity disorders.

4.2. Relevance of identified networks

Despite the fact that the analysis was conducted at the early
beginning of the disease (prodromal stage) in the Thy-Tau22
mice - meaning that only subtle changes were expected - re-
sults show a significant decrease in the frequency of appear-
ance of the network connecting the primary motor (MOp),
secondary motor (MOs) and anterior cingulate cortex (ACA)
(graph g2). An alteration of the functional connectivity of the
ACA, that plays an important role in particular in the con-
trol of motor decisions, has already been shown in patients
with mild cognitive impairment (MCI) [8]. A second network
(graph g1), that appears significantly less frequently in Alz
mice than Ctrl mice, is of particular interest since it gather
key regions involved in memory, namely the hippocampus
(CA1, CA2, CA3, DG), the entorhinal (ENT) and perirhi-
nal (PERI) cortex, and the subiculum (SUB). This is consis-
tent with microstructural alterations that were detected in the
main connection pathway of these regions for the same mice,
as well as a significantly higher concentration of pathologi-

cal proteins in the hippocampus [7]. These alterations could
therefore reflect an overall dysfunction of the memory net-
work, that may be responsible of potential memory distur-
bances at more advanced stages of the pathology. Contrary
to the two previous networks, the third network (graph gs3)
involving the somatomotor network is more frequent in Alz
group. This suggests a hypersynchrony of this network which
may be linked to a potential compensation mechanism in Alz
mice, consistent with previous analyzes on the same animals
revealing a functional hyperconnectivity of the somatosen-
sory cortex (SS) [7]. A study conducted on MCI patients us-
ing magnetoencephalography also showed an increase in the
amplitude of response of the SS in these patients [9].

5. CONCLUSION AND FUTURE WORKS

In this article, we have shown the interest of graph frequent
pattern mining methods for the comparison of resting fMRI
sequences between two populations. Unlike conventionally
approaches which are based on univariate statistical tests
conducted independently on each edge, the proposed method
does not only detect deficient links between regions in one
group as compared to the other, but also larger networks of
altered regions. The method was even able to highlight a
key network involved in Alzheimer’s pathology in which no
edge was statistically altered. The proposed approach has
thus demonstrated a greater sensitivity to detect functional
anomalies between populations. In addition, it offers a more
global view of altered networks, making result analysis and
interpretation easier for biologists and neuroscientists.

One of the limits of the current approach is the sensitivity
to the choice of the threshold on the correlations. One per-
spective would be to explore all possible binarizations and
then associate to each extracted subgraph a weight related
to the size of the interval of correlation where it is statis-
tically significant. Another limit is related to the fact the
same threshold has been considered for all individuals. An



Graph Param graph Alz freq. | graph Ctrl freq. | graph pval Edges Edge Alz freq. | Edge Ctrl freq. | Edge pval

Both_PERI - Both_ ENT 16/16 13/13 1

Both_CA2 - Both_.CA1 15/16 13/13 0.359

Both_CA2 - Both_.CA3 13/16 13/13 0.099

Both_DG - Both_SUB 15/16 13/13 0.359

g1 o=025 6/16 10/13 0.034 Both_DG - Both_CA1 14716 12/13 0.672

=04 Both_DG - Both_.CA3 10/16 10/13 0.404

Both_CA3 - Both_CAl 14716 12/13 0.672
Both_ENT - Both_SUB 16/16 13/13 1

Both_CALl - Both_SUB 15/16 13/13 0.359

o =0.25 Both_ACA - Both_.MOp 10/16 13/13 0.013
g2 0=04 10/16 13/13 0.013 Both_ACA - Both_.MOs 16/16 13/13 1
Both-MOp - Both-MOs 16/16 13/13 1

Both_ACA - Both.MOp 14/16 13/13 0.186
Both_MOp - Both_-MOs 16/16 13/13 1

g3 o=0.25 9/16 2/13 0.024 Both_MOp - Left_SS 12/16 7/13 0.233

0=0.3 Both_MOp - Right_SS 15/16 4/13 0.000
Both_MOs - Both_ ACA 16/16 13/13 1

Table 1. Subgraphs detected as different between the two populations

alternative would be to consider a proportional thresholding,
i.e., a subject specific threshold that ensure that all individ-
uals will have graphs with the same density of edges. Fi-
nally, another perspective would be to extend the approach to
weighted graphs [10].
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