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Abstract. Connectivity networks have been recently used for classification of
neurodegenerative diseases, e.g., mild cognitive impairment (MCI). In typical
connectivity network-based classification, features are often extracted from
(multiple) connectivity networks and concatenated into a long vector for subsequent feature selection and classification. However, some useful network topological information may be lost in this type of approach. In this paper, we
propose a new structural feature selection method which embeds the topological
information of connectivity networks through graph kernel and then uses recursive feature elimination with graph kernel (RFE-GK) to select the most discriminative features. Furthermore, multiple kernel learning (MKL) is also adopted
to combine multiple graph kernels for joint structural feature selection from
multiple connectivity networks. The experimental results show the efficacy of
our proposed method with comparison to the state-of-the-art method in MCI
classification, based on the connectivity networks.

1

Introduction

Many methods have been developed for classification of Alzheimer's disease (AD) or
its prodromal stage, i.e., mild cognitive impairment (MCI), based on either single or
multiple modalities of biomarkers. Recently, connectivity networks have been used
for diagnosis and classification of neurodegenerative diseases, e.g., schizophrenia and
MCI [1, 2]. For example, Wee et al. proposed an effective network-based classification method to accurately identify MCI patients by using a collection of measures
derived from white matter (WM) connectivity networks [1]. In their method, six types
of connectivity networks as shown in Fig. 1 were first constructed from each subject
by using six different physiological parameters, i.e., fiber count (FC), fractional anisotropy (FA), mean diffusivity (MD), and principal diffusivities (λ1, λ2, and λ3), based
on the parcellated 90 regions-of-interest (ROIs) of the brain, and then the clustering
coefficient of each ROI in relation to the remaining ROIs is extracted from these connectivity networks as features for subsequent feature selection and classification.
In the conventional feature selection and classification methods, which solely rely
on the feature vector obtained from previous feature extraction step (e.g., in [1]),
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Fig. 1. Six different connectivity matrices (networks) used in our structural feature selection
method

some useful network topological information may be lost and thus the performance
may be affected. In this paper, we address this problem by proposing a new structural
feature selection method that preserves the network topological information to guide
the feature selection. Specifically, graph kernel [3-5] is adopted to measure the topological similarity between a pair of graphs (i.e., connectivity networks) of individual
subjects, and then support vector machine (SVM) with graph kernel is used to select
the most discriminative features based on similar technique as recursive feature elimination (RFE) [6]. Moreover, to deal with multiple connectivity networks of each subject, we use multiple kernel learning (MKL) [7] to combine the graph kernels of each
connectivity network for joint structural feature selection. The proposed method is
evaluated on 10 MCI patients and 17 healthy controls, and promising experimental
results are obtained.

2

Materials and Method

2.1

Materials

In this study, 10 MCI patients and 17 socio-demographically matched healthy controls were recruited. Informed consent was obtained from all participants, and the
experimental protocols were approved by the institutional ethics board. All the recruited subjects were diagnosed by expert consensus panels.
Data acquisition was performed using a 3.0-Tesla GE Signa EXCITE scanner.
Diffusion-weighted images of each participant were acquired axially parallel to the
anterior and posterior commissures (AC-PC) line with twenty-five-direction diffusion-weighted whole-brain volumes using diffusion weighting values: b=0 and
1000s/mm2, flip angle=90°, TR/TE=17000/78ms. The imaging matrix=128×128 and
FOV=256×256 mm2 were used, leading to a voxel size of 2×2×2 mm3. A total of 72
contiguous slices were acquired.
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Fig. 2. Flowchart of the proposed method

2.2

Overview of Methodology

Fig. 2 shows the flowchart of the proposed method for connectivity network-based
feature selection and classification, which contains three main steps:
i) Connectivity Network Construction and Feature Extraction. We followed
the same procedure as in [1]. Specifically, each brain image was first parcellated into
90 ROIs by propagating the Automated Anatomical Labeling (AAL) ROIs [8] to each
image using a deformable DTI registration algorithm called F-TIMER [9] with tensor
orientation corrected using the method described in [10], and then six connectivity
networks were constructed according to these ROIs and six physiological parameters,
i.e., FC, FA, MD, and principal diffusivities (λ1, λ2, and λ3). Note that each connectivity network is a 90×90 symmetric matrix. After we obtained the connectivity
networks, we computed the clustering coefficient [1] of each ROI in relation to the
remaining ROIs from connectivity networks as features for subsequent feature selection and classification. It is worth noting that each ROI in each connectivity network
corresponds to one feature, and thus there are totally 540 features (90 ROIs × 6 connectivity networks) for each subject.
ii) Feature Selection. We adopted a two-stage feature selection strategy. Specifically, a standard t-test was first performed to screen out those features that are not
significant for discrimination between MCI patients and healthy controls, i.e., those
features with p-value larger than a given threshold (0.05 in this paper) will be omitted.
Since each feature corresponds to a ROI or node in each of six different connectivity
networks, six sub-networks can be constructed for each selected ROI or network node
in each subject, after eliminating those non-significant features (ROIs or nodes) from
all six original connectivity networks. Then, we measured the topological similarity
by computing graph kernel between pair of sub-networks from same network type
across different subjects. Furthermore, to deal with multiple connectivity networks
available in each subject, we used MKL technique to combine the graph kernels from
different connectivity networks. Finally, we used the RFE with the above learned
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graph kernel, denoted as RFE-GK, to select the most discriminative features. It is
worth noting that in each iteration step of RFE-GK, we need to re-compute the graph
kernel according to the current remained feature subsets.
iii) Classification. A SVM classifier was adopted to identify the MCI patients
from healthy controls by using the features selected in the previous steps. The classifier training of standard SVM is implemented using LIBSVM toolbox [11], with a
linear kernel and a default value for the parameter C (i.e., C=1). Here, following [1], a
nested Leave-One-Out (LOO) cross-validation strategy is used to enhance the generalization power of the classifier and to avoid the over-fitting on small sample dataset.
The inner cross-validation loop was performed on the training data to decide the
number of selected features and hyperparameter of the SVM models while the outer
cross-validation loop was used to evaluate the generalizability of SVM models using
unseen subjects.
2.3

Topology-Based Graph Kernel

Kernel-based learning methods work by first embedding the data into a higher dimensional feature space, and then searching for linear relations among the embedding data
points. Given two subjects (vectors) and , the kernel can be defined as
,
,
, where is a mapping function that maps data from original subject
data space to feature space. Examples of common kernel function are linear function
and Gaussian radial basis functions (RBF). Besides using feature vector, kernel can
also be defined on more complex data types, e.g., graph, and the corresponding kernel
is called graph kernel, which captures the semantics inherent in the graph structure. A
number of methods have been proposed to define graph kernel [3-5], and have been
successfully applied to a variety of problems such as image classification [3] and
protein function prediction [5].
To define the graph kernel, some basic terms are first introduced. Here, a labeled
graph is defined as a triple , , ℓ , where is the set of vertices, is the set of
undirected edges, and ℓ:
is a function that assigns labels from an alphabet
to nodes. A walk is a finite sequence of neighboring vertices, while a path is a walk
such that all its vertices are distinct. A subtree is a subgraph of a graph, which has no
cycles (i.e., any two vertices are connected by exactly one simple path). Subtree pattern extends the notion of subtree by allowing repetitions of nodes and edges. However, these same nodes (edges) are treated as distinct nodes (edges). Fig. 3 illustrates an
example for subtree pattern. Comparing with path and walk, subtree pattern has better
discriminative power to measure the similarity between graphs [3], thus it is used in
this paper.
Given a pair of graph
and , a graph kernel can be defined as
,
,
, which takes into account the topology of the graph and . Generally, the computational complexity of graph kernel is very high. In order to improve the
computational efficiency, Shervashidze and Borgwardt [4] proposed a new method to
construct the subtree kernel based on the Weisfeiler-Lehman test of isomorphism. The
basic process of the 1-dimensional Weisfeiler-Lehman test is as follows: First, every
vertex of a graph is labeled with the number of edges connected to that vertex. Then,
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Fig. 3. A subtree pattern of height 2 rooted at the node 2

at each subsequent step (or iteration), the label of each vertex is updated based on its
previous label and the label of its neighbors, i.e., parallelly augment the label of each
vertex in graph by the sorted set of node labels of neighboring nodes, and compress
these augmented labels into new, short labels. This process proceeds iteratively until
the node label sets of two graphs differ, or the number of iteration reaches the maximum . If the sets of new created labels are identical after iteration, we cannot
determine whether these two graphs are isomorphic or not.
Let
and
represent the initial two labeled graphs respectively,
and
be the corresponding labeled graphs at i-th iteration
1, … , , and
, , … , | | be the set of letters that occur as node labels in
or . Assume
are pairwise disjointed. Without loss of generality, assume every
is ordered,
all
then the Weisfeiler-Lehman subtree kernel on two graphs is defined as:
,

,

,

(1)
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and
,

,
and
,
are the number of occurrences of the letter
in
with
and , respectively. Intuitively, the Weisfeiler-Lehman subtree kernel counts the
common original and compressed labels in two graphs. It can be proved that this kind
of kernel is positive definite and the computational complexity for
graphs
is
, where n and m are the numbers of nodes and edges of graphs,
respectively [4]. In our method, we compute the graph kernel based on the above
algorithm on a pair of same type sub-networks across different subjects, as shown in
Fig. 2.
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Recursive Feature Elimination with Graph Kernel (RFE-GK)

To deal with multiple connectivity networks, we adopt the MKL technique which is
the process of learning a mixed kernel from multiple basis kernels. Given a series of
training connectivity networks represented as
, with corresponding
class labels ,
1, … , , where
is the number of connectivity networks of each
subject, and is the number of subjects, generally the mixed kernel can be learned
through a linear combination of multiple basis kernels as below:
,

∑

,

,

(2)

,
is the Weisfeiler-Lehman subtree kernel defined on the -th
where
is a nonnegative weight parameter with
connectivity network using Eq. 1, and
∑
1. We adopt the simple MKL algorithm proposed in [7] to solve Eq. 2.
Finally, we will perform structural feature selection using RFE based on graph kernel,
which we call as RFE-GK, as shown in Algorithm 1.
It is worth noting that our RFE-GK method is different from the standard RFE
framework. In the standard RFE-SVM, it eliminates features through ranking based
on weight vector of a linear SVM, while in our method features are eliminated based
on classification accuracy in a wrapper-like way. Moreover, there are two other key
differences between the proposed feature selection method and the standard RFESVM, i.e., 1) the former uses graph kernel that preserves the topological (structural)
information of data while the latter uses standard kernel on vector-type data without
considering the structural information, and 2) the former uses MKL to combine multiple kernels from multiple connectivity networks to select features while the latter
uses single kernel.

3

Experimental Results

3.1

Evaluating Classification Performance

A LOO cross-validation strategy was used to evaluate the classification performance.
The performance of a classifier could be quantified by using accuracy, area under
receiver operating characteristic curve (AUC), sensitivity and specificity, where the
sensitivity represents the proportion of patients that are correctly predicted, and the
specificity denotes the proportion of health controls that are correctly predicted. We
compared our method with Wee’s method and their classification performances are
summarized in Table 1. Fig. 4 shows the ROC curves of compared methods. It is
worth noting that in Table 1, ‘All’ denotes using all six connectivity networks, while
FC, FA, MD, λ1, λ2 and λ3 denote only using the individual connectivity network,
respectively. Also, in Fig. 4 the proposed method and Wee’s method [1] use all six
connectivity networks, while the others using only single connectivity network.
As can be seen from Table 1 and Fig. 4, our method performs the best in terms of
classification accuracy and AUC values. Specifically, our method achieves a classification accuracy of 92.59% and a AUC of 0.965, which are higher than the state-ofthe-art connectivity networks-based MCI classification method [1], which achieves
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Algorithm 1. Recursive Feature Elimination with Graph Kernel (RFE-GK)
,
1, … , ,
Input: Training connectivity networks represented as
and corresponding class labels ,
1, … , .
Output: Ranked feature (ROI) list
Initialize: Subset of surviving features (ROIs)
1,2, … , , and ranked feature list
, where is the number of surviving features in previous feature
selection step.
Repeat until
For each
For each pair of
and ,
, compute the combined graph kernel using Eq. 2 on sub-networks excluding feature (or ROI) ;
Train Leave-One-Out SVM and get the accuracy
End for
Find
with corresponding maximum accuracy;
Update ranked feature list
, ;
Eliminate
from
End repeat

the best classification accuracy of 88.89% and AUC of 0.929. Our proposed method
successfully classified all the MCI patients while only misclassified 2 healthy controls. Table 1 also indicates that combining multiple connectivity networks will
achieve much better performance than using single connectivity network alone.
Table 1. Comparison of classification performance of different methods using different
connectivity networks
Accuracy (%)
FC
FA
MD
λ1
λ2
λ3
All

3.2

Wee’s
70.37
74.07
59.26
59.26
55.56
59.26
88.89

Ours
70.37
66.67
74.07
66.67
62.96
55.56
92.59

AUC
Wee’s
0.653
0.859
0.647
0.629
0.594
0.612
0.929

Ours
0.565
0.565
0.641
0.729
0.582
0.471
0.965

Sensitivity (%)
Wee’s
-

Ours
60
40
40
70
30
40
100

Specificity (%)
Wee’s
-

Ours
76.47
82.35
94.12
64.71
82.35
64.71
88.24

Evaluating Discriminative Power of Features

In this subsection, we evaluate the discriminative power of the selected features using
the locality-preserving projection (LPP) approach [12]. Specifically, we used LPP to
project the selected features by our method and Wee’s method [1] into a 2-D space for
visualization. For comparison, we also project the original features (i.e., 540 features)
using LPP. Fig. 5 shows the 2-D visualization results of different methods. As can be
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Fig. 5. The 2-D visualization results of different methods. Each point represents a subject, and
different shapes (or colors) indicate different class labels.

seen from Fig. 5, both feature selection methods (including ours and Wee’s) can enhance the discrimination ability of features compared with the original features, with
the selected features by our method being more discriminative than those by Wee’s
method.
3.3

The Most Discriminative Regions

To determine the most discriminative regions, we counted the frequency of features
selected at different LOO folds, and ranked them according to their frequencies. The
experimental results show that the most frequently selected ROIs include right rectus
gyrus, right insuta, right superior temporal gyrus, and left Inferior frontal gyrus (triangular), which are in agreement with the previously reported brain regions related to
MCI [1, 13, 14].
Furthermore, the “exclude-one” strategy was adopted to estimate the contribution of
each selected ROI. That is, each time one ROI was excluded from the selected ROIs,
and the classification performance was investigated using the remaining ROIs; the
experiment was repeated for all 4 most frequently selected ROIs. The classification
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accuracies and AUC values are summarized in Table 2. As can be seen from Table 2,
right rectus gyrus and right insula have the most discriminative power, because excluding either of them will cause the most apparent decline in both classification accuracy
and AUC.
Table 2. The classification performance under the “exclude-one” strategy
Excluded ROI
Right rectus gyrus
Right insula
Right superior temporal gyrus
Left Inferior frontal gyrus (triangular)

4

Accuracy (%)
66.67
70.37
81.48
81.48

AUC
0.670
0.759
0.865
0.894

Conclusion

In this paper, we have proposed a novel structural feature selection method based on
graph kernel, for enhancing the connectivity networks-based classification. Specifically, graph kernel was used to measure the topological similarity between two subnetworks of subjects. Furthermore, multiple kernel learning was used to combine
multiple graph kernels obtained from multiple connectivity networks. Experimental
results on MCI classification show not only significant improvement of classification
performance in terms of accuracy and AUC value, but also show great potential of our
method in detecting sensitive ROI regions for MCI. In the future, we will investigate
combining the graph kernel used in the current study with the existing linear or Gaussian kernels for further improving performance.
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